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H U M A N - R O B O T  I N T E R A C T I O N

When performing actions with robots, attribution of 
intentionality affects the sense of joint agency
Uma Prashant Navare1,2*†, Francesca Ciardo1,3, Kyveli Kompatsiari1,4,  
Davide De Tommaso1, Agnieszka Wykowska1*

Sense of joint agency (SoJA) is the sense of control experienced by humans when acting with others to bring 
about changes in the shared environment. SoJA is proposed to arise from the sensorimotor predictive processes 
underlying action control and monitoring. Because SoJA is a ubiquitous phenomenon occurring when we per-
form actions with other humans, it is of great interest and importance to understand whether—and under what 
conditions—SoJA occurs in collaborative tasks with humanoid robots. In this study, using behavioral measures 
and neural responses measured by electroencephalography (EEG), we aimed to evaluate whether SoJA occurs in 
joint action with the humanoid robot iCub and whether its emergence is influenced by the perceived intentional-
ity of the robot. Behavioral results show that participants experienced SoJA with the robot partner when it was 
presented as an intentional agent but not when it was presented as a mechanical artifact. EEG results show that 
the mechanism that influences the emergence of SoJA in the condition when the robot is presented as an inten-
tional agent is the ability to form similarly accurate predictions about the sensory consequences of our own and 
others’ actions, leading to similar modulatory activity over sensory processing. Together, our results shed light on 
the joint sensorimotor processing mechanisms underlying the emergence of SoJA in human-robot interaction 
and underscore the importance of attribution of intentionality to the robot in human-robot collaboration.

INTRODUCTION
Theoretical background
In recent years, humanoid robots, and their potential roles as assis-
tants, educators, or social companions in elderly and health care, 
have been receiving increasing attention. It is predicted that robots 
will soon enter our lives in such roles (1), and research on human-
robot interaction (HRI) and artificial intelligence has increasingly 
focused on developing solutions that enable humanoid robots to do 
so (2). However, humanoid robots have another, less widely recog-
nized potential: as tools to study mechanisms of human cognition 
(3). On one hand, as embodied agents that can interact with the en-
vironment, humanoid robots can be used as the apparatus in sophis-
ticated and, crucially, interactive experimental setups for cognitive 
neuroscience research, allowing for a higher degree of ecological 
validity than traditionally used screen-based stimuli. On the other 
hand, because they can be programmed to perform specific and repeat-
able behaviors, they offer higher experimental control than studying 
cognition in human-human interactions (4). Last, but certainly not 
least, it is possible to experimentally manipulate certain factors with 
the use of robots (for example, the degree to which a behavior or 
appearance is perceived as social or intentional), although this can-
not be done with other humans, in whose case intentionality and 
socialness are attributed by default. Together, these features render 
humanoid robots and HRI paradigms powerful tools to examine the 
mechanisms underlying a variety of cognitive processes (3, 4). Once 
those mechanisms are understood, one can use this knowledge to 

design robots that are better tailored to the way the human brain 
works for more efficient collaboration and perhaps more intuitive 
interaction.

As humans, we do not act in a social vacuum, and most of our 
actions require coordination with others in space and time to achieve 
a goal. A crucial aspect of interacting with others is the experience 
of a sense of joint agency (SoJA). When one performs an action to-
gether with someone—for example, a piano duet—one can form a 
SoJA with one’s partner, meaning that one will perceive the sounds 
coming out of the instrument as a result of joint control over those 
sounds, regardless of who in the dyad actually pressed the specific 
key producing a specific sound. Various terms have been used in the 
literature to refer to this sense of agency (SoA) that one experiences 
in joint action, including “SoJA” and “joint sense of agency”—the 
former being the term we use throughout the present work because 
it reflects better the idea of experiencing (sensing) agency over ac-
tion outcomes as joint (rather than separate and individual). Thus, 
SoJA refers to the feeling of control that we experience both for our 
own and our partner’s actions and the subsequent outcomes when 
acting together with our partner (5).

In scientific literature, SoJA has been studied experimentally with 
the use of temporal interval estimation tasks (6, 7). In such tasks, par-
ticipants perform an action (commonly a button press), which elicits a 
sensory outcome (for example, a tone) and are then asked to judge the 
temporal duration between those two events. Typically, for individual 
actions, intervals are perceived as shorter for one’s own voluntary, in-
tentional actions as compared with passive or coerced actions (8–9). 
Thus, shorter intervals indicate a greater SoA. To study SoJA, the inter-
val estimation paradigm is typically used while agents perform a task 
together. If SoJA is formed, then participants typically perceive the 
temporal interval similarly in terms of length for both their own and 
their partner’s actions. If SoJA is not formed, then intervals between 
self-generated actions and the subsequent outcomes are perceived as 
shorter than intervals between partner-generated actions and out-
comes (6, 7). For example, Jenkins et al. (6) showed that when asked to 
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complete a complementary joint task with a shared outcome (a tone), 
people exhibited identical temporal compression between actions and 
tones when they produced the tone as when their partner did, indicat-
ing emergence of SoJA (6).

Previous work suggests that SoJA seemingly arises from the mo-
tor control and monitoring processes that underlie joint action (10, 
11). This work is based on theories of individual action. According 
to prominent theories of motor control in individual action, two 
types of internal models are implemented in the central nervous sys-
tem for the optimization and control of motor actions: the inverse 
model and the forward model. The inverse model is involved in cal-
culating the (exact) motor command that will achieve a specific goal 
or desired change in state, whereas forward models compute the 
expected, or predicted, sensory outcomes and motor states that will 
be generated by a given motor command (12). Together, these com-
putations are thought to underlie the precise execution and control 
of ongoing actions (12). Joint action requires predictions to be made 
both for one’s own and the partner’s actions and the outcomes. Thus, 
it has been proposed that, during joint action, both self- and partner-
internal models are maintained (10, 11, 13, 14) to support the joint 
action. According to several theories, during a joint action, both 
self- and partner-internal models are integrated into a joint internal 
model, forming a joint motor plan that takes into account the con-
tributions of all partners toward the shared goal (10, 13, 15). Conse-
quently, SoJA is thought to arise from comparing predicted outcomes 
and motor states, arising from both self- and partner-forward models, 
with actual sensory inputs and motor states (10, 16).

It is intuitive then that SoJA does not seem to emerge when en-
gaging in joint action with partners whose actions cannot be repre-
sented at the sensorimotor level or predicted using a human motor 
repertoire. For example, Sahaï et al. (7) showed that participants did 
not exhibit temporal compression between actions and outcomes 
when playing in joint action with a desktop machine (whose motor 
repertoire is different from that of humans), although they did when 
completing the task with a human partner.

However, the perceived intentionality of a partner may also be an 
important factor influencing SoJA in HRI. It has been suggested in 
previous work that attributing mental states or intentionality to a 
robot can increase the predictability of their behavior, can reduce 
stress or uncertainty, and can increase the sense of control experi-
enced during interaction with a robot (17). Moreover, it is important 
to keep in mind that at the individual level, SoA occurs only for 
voluntary (intentional) actions. When sensory outcomes resulted from 
involuntary motor events [induced by transcranial magnetic stimu-
lation (TMS)], the temporal compression effect was not observed 
(8). By extension, it is therefore plausible to assume that the inten-
tionality of the partner’s actions is a crucial factor for SoJA to emerge. 
Some evidence in this direction has been found in joint action litera-
ture. For example, in a joint Simon task, participants formed a shared 
task representation when interacting with a humanoid robot that 
was introduced as intentional and humanlike, but they did not do so 
when the robot was introduced as a passive and deterministic ma-
chine (in both conditions, unbeknownst to the participants, the ro-
bot was controlled by a human operator) (18). When people form a 
shared representation of a task with their partner, they include their 
partner’s actions in their representation of the task and their action 
planning. Thus, the emergence of a shared task representation indi-
cates the integration of self and partner models into a joint motor 
plan (10), a process that is also thought to underlie the emergence of 

SoJA in human-human interactions (11). Therefore, it is plausible 
that perceiving one’s partner as intentional can affect the formation 
of a shared task representation and potentially also the emergence of 
SoJA with them. In the study of Sahaï et al. (7) described above, it is 
unlikely that participants perceived the desktop machine as a part-
ner with intentionality, which may also have influenced the fact that 
SoJA did not emerge with the desktop machine. Furthermore, in 
another study, Sahaï et al. (19) found that participants did not expe-
rience SoJA when interacting with a servomotor device (presumably 
perceived as unintentional). Moreover, although participants in the 
study did seem to form a SoJA with a humanoid robot (which, ac-
cording to the authors, may have arisen because of participants’ at-
tribution of a certain degree of intentional agency to the humanoid 
robot, although this was not explicitly measured in the study), over-
all, they experienced greater temporal compression (higher SoA) for 
self- and other-generated actions and outcomes when acting with a 
human partner as compared with the servomotor or humanoid ro-
bot partner (19).

Despite these hints in the literature suggesting that attribution of 
intentionality to an interaction partner might be crucial for the emer-
gence of SoJA, especially when interacting with artificial agents, to our 
knowledge, no previous work has systematically investigated this issue. 
More specifically, to answer the question of whether the emergence of 
SoJA is related to intentionality attribution and not, for example, to 
sensorimotor repertoire of the partner, one needs to manipulate per-
ceived intentionality while keeping the partner’s sensorimotor reper-
toire constant and, crucially, similar to a human. The present study 
took exactly this approach. The aim was to evaluate whether SoJA is 
influenced by participants’ perception of their partner as an intention-
al agent. To address this aim, we used the humanoid robot iCub (20) as 
an interaction partner. As a humanoid, iCub has a sensorimotor reper-
toire similar to that of a human, while at the same time, belief in iCub’s 
intentionality can be manipulated experimentally.

Implementation of the SoJA paradigm with iCub
In our study, we asked participants to complete a task adapted from 
(6) in two conditions: alone and in joint action with iCub (Fig. 1). 
The task consisted of moving an onscreen cursor onto a target loca-
tion and subsequently confirming the position of the cursor on the 
target, thereby triggering a tone (the so-called target-tracking-and-
confirmation task). In the solo role, participants performed the task 
alone, bimanually. In the joint roles, participants either moved the 
cursor onto the target (mover role), whereas the robot subsequently 
confirmed and thus triggered the tone, or they confirmed the target 
and triggered the tone (confirmer role) once the robot had moved 
the cursor to the target location. In all three blocks (solo, mover, and 
confirmer), participants made an interval estimate of the time between 
the confirmation press and the tone, which is a behavioral measure 
of SoJA (6).

Across two experiments, we manipulated participants’ attribu-
tion of intentionality toward iCub. In experiment 1, participants 
completed the task with iCub without any prior manipulation of the 
intentionality they attributed to it. The robot was programmed to 
simply execute the joint task. This behavior of the robot appeared 
quite mechanical, and thus, we anticipated that participants would 
perceive the robot as a mechanical artifact. We term this condition 
“seemingly mechanical robot.” This expectation was confirmed by a 
manipulation check (Supplementary Materials). In experiment 2, 
before the joint task, participants engaged in an interaction with 
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iCub that has been demonstrated to increase the likelihood of at-
tributing intentionality toward the robot (21). During this interac-
tion, participants first engaged in a short dialogue with iCub, during 
which the robot asked the participants their names and then asked 
participants whether they wanted to watch some videos together. 
This was done through the Wizard-of-Oz technique (22), with the 
experimenter controlling iCub’s verbal interaction. Participants were 
encouraged to respond to the robot’s questions. After this, participants 
watched a series of three short National Geographic clips with the 
robot. The robot was programmed to respond to the videos at certain 
moments and exhibited humanlike behavior, expressing laughter, 
awe, or sadness depending on the video content. After the videos, 
iCub then spoke again and told participants they would see each 
other later. A detailed description of this interaction protocol is re-
ported in (21). We expected that participants would perceive the 
robot in this condition as having some mental states [and thus having 
more intentionality attributed to it in the philosophical sense of the 
term (21, 23)]. We term this condition “seemingly intentional robot.” 
The two expectations regarding how the robot would be perceived 
were confirmed by a manipulation check (Supplementary Materials). 
A video of the experimental setup, as well as the theoretical background, 

hypotheses, and main results of the study, 
is presented in Movie 1.

Behavioral and neural markers of 
SoJA and hypotheses
We expected that increased attribution 
of intentionality to iCub would influence 
the emergence of SoJA. This expectation 
was based on findings from the literature 
on both individual SoA and joint action, 
previously summarized. Namely, individual 
SoA, in the form of temporal compression, 
emerges for voluntary and intentional ac-
tions (8, 9). This suggests that SoJA too 
may be sensitive to the attributed inten-
tionality with which actions are carried 
out, given the parallels between individual 
and joint SoA (11). Moreover, mechanisms 
in joint action, likely closely related to 
the emergence of SoJA, such as the forma-
tion of shared representations, appear to 
be sensitive to the intentionality attributed 
to one’s joint action partner (18), further 
suggesting that mechanisms in joint ac-
tion, such as SoJA, are sensitive to the 
perceived intentionality of the joint action 
partner. Accordingly, we hypothesized that, 
in experiment 1, participants would not 
form SoJA with the robot because their 
belief about the robot’s intentionality was 
not deliberately induced. If SoJA is not 
formed, then there is a reduced SoA when 
the partner, rather than the participant 
themselves, produces the tone. In the cur-
rent paradigm, when the participant was 
in the mover role, it was the robot who 
directly generated the tone outcome. Thus, 
if SoJA was not formed, this would be 

reflected in higher interval estimates (corresponding to a lower SoJA) 
for the participant’s mover role relative to the solo and confirmer 
roles (note that the roles always refer to the role of the participant). 
In contrast, in experiment 2, when the likelihood of attribution of 
intentionality to the robot was increased, we expected to observe 
SoJA, meaning that the interval estimates were expected to be the 
same across the three roles, independent of who was producing the 
tone outcome, because joint SoA means that SoA is experienced re-
gardless of who produces the action outcome. This was expected to 
replicate SoJA effects in human-human interaction [(6); see also the 
“Human-human control experiment” section in the Supplementary 
Materials for a behavioral control condition of our study].

In addition to behavioral measures, we also addressed neural 
correlates of SoJA. A neural marker frequently addressed in the con-
text of SoA, and joint action, is the auditory N100, an event-related 
potential (ERP) in the electroencephalography (EEG) signal (9, 
24–26). The N100 is related to the auditory outcome of an action. 
The N100 is an ERP component of early auditory processing, sensi-
tive to, among other things, the sensorimotor predictability of stimuli 
(27–30). For example, Poonian et al. (25) found greater temporal com-
pression between actions and tones, and a reduced N100, in response 

Fig. 1. Experimental setup. (A) Task setup in the solo block. (B) Task setup in the joint blocks. (C) Trial sequence of the 
target-tracking-and-confirmation task. In every trial, participants or iCub had to move the white cursor onto the black 
target with a series of button presses. Subsequently, the participant or iCub had to confirm the target. The confirma-
tion press triggered a tone after a variable delay. Participants then had to rate the delay between the confirmation 
press and the tone on a scale provided on the screen.
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to voluntarily produced tones relative to computer-generated tones. 
These results indicate that voluntary (self) produced tones, which 
are more predictable and associated with higher agency, result in 
smaller N100 amplitudes (25). However, previous work has also shown 
that the N100 may be smaller when participants experience lower 
SoA. Caspar et al. (9) found that coerced actions that produced a 
tone led to less temporal compression and a smaller N100 as com-
pared with freely made actions.

Furthermore, the literature is also divided on whether predict-
ability, in general, enhances neural responses to stimuli or reduces 
them. Previous work has found evidence for both reduction (27, 29, 
31) and enhancement (32, 33) of neural responses, such as the N100, 
to predictable sensory outcomes. The effect of predictability on neural
responses may depend on the task and context, such that responses to
task-relevant or attended stimuli might be enhanced when the stimuli
are more predictable (32, 33). Such enhancement of neural responses
might be achieved through improved tuning of sensory responses to 
attended stimuli through top-down control (34). Putative mechanisms
that play a role in modulating the processing of sensory stimuli are
frontal-central theta activity and theta connectivity between frontal
and sensory areas (35, 36), which might then affect sensory responses
indexed by the N100.

Fronto-central activity in the theta band (4 to 7 Hz) is thought to be 
a mechanism of cognitive control in the human brain. Moreover, theta 
activity has been proposed as a mechanism for communication be-
tween frontal and distal sites (for example, sensory sites) to facilitate 
various processes. For instance, increased fronto-central–to–sensory 
area connectivity in the theta range may be involved in the boosting of 
sensory gain in response to stimuli that may be relevant or attended 
(35). Although fronto-central theta activity has been widely studied in 
paradigms involving conflict or error monitoring, it has also been pro-
posed that theta activity might represent a more general processing 
mechanism for the organization of neural activity during stimulus or 
response processing (37) and hence was a neural measure of interest in 
our joint task to understand how participants processed the joint (tone) 
outcomes produced in the task.

Thus, in the context of our study, we 
addressed both the N100 and theta ac-
tivity as potential markers of sensory 
processing of the outcomes of joint ac-
tions (namely, tones). We expected the 
following: In experiment 1, if SoJA was 
not established with the seemingly me-
chanical partner, then the N100 amplitude 
would differ for self- and other-produced 
tones, paralleling the expected pattern 
of behavioral results. In experiment 2, 
under the assumption that attribution of 
intentionality to the partner matters for 
SoJA, we expected a similar N100 ampli-
tude across both joint conditions (mover 
and confirmer roles), again in line with 
the expected pattern for the behavioral 
results. We did not hypothesize the direc-
tionality of this difference (enhanced or 
reduced N100) because the literature 
is not consistent on this matter, as de-
scribed above. Last, we expected that the-
ta activity would show a similar pattern as 

the N100 because theta connectivity between frontal and sensory 
areas has been related to sensory processing (35, 36).

RESULTS
A manipulation check confirmed that before completing the joint 
task with the robot, participants were more likely to perceive the 
robot as intentional in experiment 2 as compared with experiment 1 
(see the “Perceived intentionality manipulation and manipulation 
check” section in the Supplementary Materials).

Interval estimate results
Analysis was done on raw interval estimates. We also analyzed judg-
ment errors (JEs). JEs are the over- or underestimates of temporal 
intervals in relation to actual intervals. The analysis of JEs, reported 
in the Supplementary Materials (the “Analysis on the JEs” section), 
confirmed the findings on the raw interval estimates. In addition, we 
also analyzed the z-normalized interval estimates. This analysis, re-
ported in the Supplementary Materials (the “Analysis of z-scored 
interval estimates” section), also confirmed our findings from the 
analysis on the raw interval estimates.
Experiment 1
A repeated-measures analysis of variance (ANOVA) with role (solo, 
mover, or confirmer) as the factor revealed a significant main effect 
of role on the interval estimates [F(2, 62) = 7.44, PGreenhouse-Geisser = 0.001, 
η2 = 0.19] (Fig. 2). We then ran two-tailed pairwise t tests to further 
investigate the effect of role. The t tests showed that interval estimates in 
the solo role [M = 347.51 ms, confidence interval (CI)95% = 329.36 
to 365.66 ms] differed significantly from the mover role (M = 381.49 ms, 
CI95% = 364.57 to 398.41 ms) [t(31) = −2.65, PBonferroni-corrected = 0.02, 
Cohen’s d  =  −0.47]. Interval estimates in the confirmer role (M  = 
340.03 ms, CI95% = 325.81 to 354.25 ms) also differed from the mover 
role [t(31) = −4.07, PBonferroni-corrected = 0.001, Cohen’s d = −0.72]. 
The interval estimates in the solo role did not differ from the confirmer 
role [t(31) = 0.67, PBonferroni-corrected = 0.51, Cohen’s d = 0.12]. These 
results suggest that in experiment 1, participants did not experience 
SoJA when interacting with a seemingly mechanical partner.

Movie 1.  Theoretical background, experimental design, and summary of key findings.
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Experiment 2
A repeated-measures ANOVA with role as the factor revealed a non-
significant effect of role on the interval estimates [F(2, 52) = 1.56, 
PGreenhouse-Geisser = 0.22, η2 = 0.06; solo: M = 378.10 ms, CI95% = 361.29 
to 394.91 ms; mover: M = 367.22 ms, CI95% = 346.15 to 388.29 ms; 
confirmer: M = 365.08 ms, CI95% = 340.08 to 372.08 ms] (Fig. 2). 
These results indicate that participants formed a SoJA with the robot 
when it was introduced as an intentional partner. This pattern also 
parallels the results of SoJA in joint action between two humans [as 
in (6), and as in a human-human control experiment of our task, re-
ported in the “Human-human control experiment” section in the 
Supplementary Materials].

ERP analysis results
Analysis of the N100 was done on the average N100 amplitude across 
fronto-central channels Fz, FCz, and Cz [in line with (24)] in the time 
window of ±20 ms surrounding the peak amplitude (for more details, 
see Materials and Methods).
Experiment 1
A repeated-measures ANOVA with role as the factor revealed a signifi-
cant effect of role on the average N100 amplitude [F(2, 62) = 6.74, 
PGreenhouse-Geisser = 0.007, η2 = 0.18] (Figs. 3 and 4). We then ran 
two-tailed pairwise t tests to further check the effect of role. The 
t tests showed that the N100 amplitude differed significantly between 
the solo role (M = −5.48 μV, CI95% = −5.93 to −5.03 μV) and mover 
role (M = −4.24 μV, CI95% = −4.87 to −3.61 μV) [t(31) = −3.01, 
PFDR-corrected = 0.02 (FDR, false discovery rate), Cohen’s d = −0.53] 
and between the mover role and confirmer role (M = −5.03 μV, 
CI95% = −5.40 to −4.66 μV) [t (31) = 2.15, PFDR-corrected = 0.04, Cohen’s 
d = 0.38]. In addition, the solo and confirmer roles differed signifi-
cantly [t(31) = −2.12, PFDR-corrected = 0.04, Cohen’s d = −0.37]. 

These results suggest that the tones in the solo role elicited the stron-
gest neural responses, followed by the confirmer role, whereas the 
tones in the mover role evoked the weakest responses.
Experiment 2
A repeated-measures ANOVA with role as the factor revealed a sig-
nificant effect of role on the N100 amplitude [F(2, 52) = 22.44, 
PGreenhouse-Geisser < 0.0001, η2 = 0.46] (Figs. 3 and 4). We ran two-tailed 
pairwise t tests to further check the effect of role. The t tests showed 
that the N100 amplitude in the solo role (M = −7.44 μV, CI95% = −7.92 
to −6.96 μV) differed significantly from the confirmer role (M = 
−5.79 μV, CI95% = −6.17 to −5.41 μV) [t(26) = −6.12, PFDR-corrected < 0.0001, 
Cohen’s d = −1.18] and the mover role (M = −5.42 μV, CI95% = −5.94 
to–4.88 μV) [t(26) = −5.44, PFDR-corrected < 0.0001, Cohen’s d = −1.05]. 
The N100 amplitude did not differ significantly between the con-
firmer and mover roles [t(26) = −1.18, PFDR-corrected = 0.25, Cohen’s 
d = −0.23]. These results indicate that although the tones in the solo 
role elicited the strongest neural responses, the tones in the two joint 
roles elicited similar responses regardless of who made the button 
press to trigger the tone, paralleling the behavioral results that indi-
cated emergence of SoJA.

Spectral analysis results
The results of the event-related spectral power changes are reported 
in the Supplementary Materials (the “Event-related spectral pertur-
bation analysis for experiment 1 and experiment 2” section). For the 
connectivity analysis, reported below, we applied a current source 
density (CSD) transform to the data to remove contributions of 
deep sources (36) before we extracted weighted phase lag index 
(wPLI) values averaged across trials, between the fronto-central 
(FCz/FC1/FC2) and temporal (T7/T8/TP7/TP8) electrodes, from 
epochs locked to the tone onset. We subsequently calculated the dif-

ference in connectivity between the tone 
stimulus period and a prestimulus peri-
od, the wPLI difference (for more de-
tails, see Materials and Methods).
Experiment 1
A repeated-measures ANOVA revealed 
a significant effect of role on frontotem-
poral wPLI difference [F(2, 62) = 5.54, 
PGreenhouse-Geisser = 0.006, η2 = 0.15] (Fig. 5). 
Two-tailed pairwise t tests showed that 
the wPLI difference in the mover role 
(M = 0.02, CI95% = 0.0 to 0.04) was sig-
nificantly different from those of the solo 
role (M = 0.06, CI95% = 0.04 to 0.08) 
[t(31) = −2.98, PFDR-corrected = 0.02, Cohen’s 
d = −0.53] and the confirmer role (M = 
0.05, CI95% = 0.03 to 0.07) [t(31) =2.68, 
PFDR-corrected = 0.02, Cohen’s d = −0.47]. 
There was no significant difference be-
tween solo and confirmer roles [t(31) = 
0.44, PFDR-corrected = 0.67, Cohen’s d = 
0.08]. These results parallel the ERP 
analyses. They show that the roles in 
which the largest N100 amplitude was 
elicited, namely, solo and confirmer, were 
also the roles in which connectivity in-
creased the most.

Fig. 2. Interval estimate results. Interval estimates, used as a behavioral measure of SoJA, across participants’ roles 
in (A) experiment 1 with the seemingly mechanical robot (n = 32) and in (B) experiment 2 with the seemingly inten-
tional robot (n = 27). Bars represent the mean interval estimates; error bars represent the mean ± SE. All pairwise 
t tests were two-tailed and corrected for multiple comparisons with the Bonferroni correction. * represents P between 
0.05 and 0.01. ** represents P between 0.01 and 0.0001. N.S. represents a nonsignificant difference.
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Experiment 2
A repeated-measures ANOVA for the ef-
fect of role revealed a significant effect of 
role on frontotemporal wPLI difference 
[F(2, 52) = 5.78, PGreenhouse-Geisser = 0.005, 
η2 = 0.18] (Fig. 5). Two-tailed pairwise t 
tests showed that the wPLI difference in 
the solo role (M = 0.1, CI95% = 0.08 to 0.12) 
was significantly different from those of 
the confirmer role (M = 0.06, CI95% = 0.04 
to 0.08) [t(26) = 2.97, PFDR-corrected = 0.02, 
Cohen’s d = 0.57] and the mover role (M = 
0.06, CI95% = 0.04 to 0.08) [t(26) = 2.66, 
PFDR-corrected =  0.02, Cohen’s d = 0.51]. 
There was no significant difference be-
tween confirmer and mover roles [t(26) = 
0.15, PFDR-corrected =  0.89, Cohen’s d = 
0.03]. These results once again parallel 
the results of the analysis on the N100 
amplitude.

DISCUSSION
In the present study, we assessed—with 
behavioral and neural measures—whether 
SoJA is formed in joint action tasks with 
a robot, whether this is influenced by the 
perception of the robot as an intentional 
agent, and what the underlying neural 

Fig. 3. N100 waveforms. N100 amplitude across electrodes Fz, FCz, and Cz and scalp topographies for the three roles in (A) experiment 1, with the seemingly mechanical 
robot (n = 32), and in (B) experiment 2, with the seemingly intentional robot (n = 27).

Fig. 4. N100 amplitude results. Average N100 amplitude across Fz, FCz, and Cz in (A) experiment 1 with the seem-
ingly mechanical robot (n = 32) and in (B) experiment 2 with the seemingly intentional robot (n = 27). Bars represent 
the mean N100 amplitude; error bars represent the mean ± SE. All pairwise t tests were two-tailed and corrected for 
multiple comparisons using the FDR correction. * represents P between 0.05 and 0.01. *** represents P above 0.0001. 
N.S. represents a nonsignificant difference.
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mechanisms are. Participants played a target-tracking-and-confirmation 
task alone (solo role) and together with the humanoid robot iCub 
(in mover and confirmer roles). In experiment 1, participants played 
the task with the robot without any prior manipulation of their be-
lief in iCub’s intentionality. In experiment 2, we increased the likeli-
hood of participants attributing intentionality to the robot. In all 
experiments, we collected interval estimates as a behavioral measure 
of SoJA and EEG signal to evaluate neural responses to action-
generated sensory outcomes produced by the participants them-
selves (solo and confirmer roles) or by the robot (when participants 
were in the mover role). [Note that we also conducted a behavioral 
control experiment (Supplementary Materials) where participants 
performed the task with another human.]

We expected that if the attribution of intentionality [in the philo-
sophical sense, namely, attribution of mental states (23)] toward the 
robot affects the emergence of SoJA, SoJA should not emerge with 
the robot in experiment 1, meaning that the interval estimates 
would be lower (indicating higher SoA) in the solo and confirmer 
roles (where the participant was directly producing the action out-
come, namely, the tone) relative to the mover role (where the tone 
was produced by the robot). Along the same lines, if attribution of 
intentionality to the robot is a crucial factor for SoJA, then SoJA was 
predicted to emerge in experiment 2, meaning that the interval esti-
mates would be the same across the three roles because a SoJA 
means that a sense of control is experienced regardless of who pro-
duces the action outcome in the joint action.

In experiment 1, in solo and confirmer roles, participants estimated 
the delays between their own actions and the subsequent outcomes 

as shorter than delays between the robot’s actions and outcomes (mov-
er role), indicating that they did not form a SoJA with the seemingly 
mechanical robot. Conversely, in experiment 2, participants’ esti-
mates of the delays were identical for their own and the robot’s ac-
tions and outcomes, indicating that they experienced a SoJA with 
the seemingly intentional robot. This pattern of results paralleled 
the human-human control experiment (Supplementary Materials). 
Together, our behavioral results suggest that even if a robot has a 
human-like shape and sensorimotor repertoire, meaning that its ac-
tions can likely be represented by one’s own sensorimotor mecha-
nisms, it may not be enough to form a SoJA during HRI. It appears 
that attribution of intentionality to the partner is crucial. This is in 
line with evidence related to individual SoA: It is only in the case of 
voluntary/intentional actions (as opposed to passive or involuntary 
movements) that individual SoA emerges in the form of temporal 
compression (8, 38).

Regarding neural correlates of action-generated outcomes, we 
focused first on the auditory N100. In experiment 1, we hypothe-
sized that if participants did not form a SoJA with the robot, the 
N100 amplitude would differ for self-generated tones as compared 
with other-generated tones, mirroring the behavioral results. In ex-
periment 2, we hypothesized that the N100 amplitude would be 
comparable across self-generated and other-generated tones in the 
joint roles, also mirroring the behavioral results.

Results showed that in experiment 1, the N100 amplitude was 
largest in the solo role, followed by the confirmer role, and was 
smallest in the mover role. Moreover, the N100 amplitudes in the 
two joint conditions differed significantly from each other, parallel-

ing the behavioral results from these two 
roles. Conversely, in experiment 2, the 
N100 amplitude was largest in the solo 
role but did not differ significantly be-
tween the joint conditions, also in line 
with the behavioral data from the joint 
roles. Literature shows that the N100 is 
modulated by factors such as attention 
(30, 39), as well as by the predictability of 
a sensory stimulus (27, 28, 40). As such, 
the N100 is related to perception and 
processing of stimuli (in the case of our 
study, the perception and processing of 
an auditory stimulus). Thus, a larger N100 
amplitude might reflect enhanced sensory 
processing of stimuli as a consequence 
of a top-down modulatory activity (34). 
In the case of our study, this top-down 
modulation presumably had its source in 
more accurate sensorimotor predictions, 
which were more accurate for stimuli un-
der one’s own control relative to the pre-
dictions made for the joint action partner. 
Because, in the context of self-action, one 
has better access to one’s own sensorimo-
tor representations and more accurate 
internal models, sensorimotor prediction 
in the case of one’s own actions might be 
more accurate than in the case of observed 
actions of others or joint actions (10). Thus, 
we posit that in our study, larger N100 

Fig. 5. Theta connectivity results. Stimulus period minus prestimulus period difference in the theta band (4 to 7 Hz) 
wPLI between fronto-central (FCz, FC1, and FC2) and temporal (T7, T8, TP7, and TP8) electrodes, across participants’ 
roles (A) in experiment 1 with the seemingly mechanical robot (n = 32) and (B) in experiment 2 with the seemingly 
intentional robot (n = 27). Bars represent the mean wPLI difference; error bars represent the mean ± SE. All pairwise 
tests were two-tailed and corrected for multiple comparisons using the FDR correction. * represents P between 0.05 
and 0.01. N.S. represents a nonsignificant difference.
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amplitudes reflect enhanced sensory processing, which results 
from more accurate sensorimotor prediction produced by the for-
ward model.

In the case of our study, in experiment 1, participants formed the 
best or most accurate sensorimotor prediction of the tone outcome 
in the solo condition because the tone was fully self-generated, 
meaning that, in this condition, participants were able to rely fully 
on their well-trained own (or “self ”) forward model. This prediction 
fed back to the areas of the brain where sensory stimuli are pro-
cessed. Such feedback-based modulatory activity enhanced sensory 
processing of the tone to the greatest extent, as indexed by the larg-
est N100 seen in the solo condition. In experiment 2, the most ac-
curate sensorimotor prediction for the outcome, and thus the most 
enhanced processing of the tone, was again seen for the solo condi-
tion (again in which participants relied solely on their well-trained 
self forward model to make sensorimotor predictions), replicating 
the results of experiment 1 in this regard. The idea that sensorimotor 
predictions for individual actions are more accurate than for actions 
performed with others is in line with literature on motor control, 
showing that people are better at predicting their own actions as 
compared with those of others and are better at coordinating with 
themselves as compared with another person (41–43). Presumably, 
this is because self internal models are better trained (and thus more 
accurate) than internal models for partner-generated actions (here-
after denoted as “other” forward models) or joint models, making it 
easier to predict and coordinate with oneself than with a partner 
(10, 43) [these sensorimotor prediction mechanisms most likely 
also underpinned participants’ individual SoA in the solo role (8, 
11)]. In the case of the two joint action conditions, there was a dif-
ference in N100 amplitude between the joint roles in the experiment 
with the seemingly mechanical robot in experiment 1. More specifi-
cally, in experiment 1, the N100 amplitude was larger in the con-
firmer role relative to the mover role. This shows that the way the 
tone stimulus was processed at the sensory level was different (smaller 
amplitude) for the case in which the robot produced the outcome 
compared with when the participant produced the outcome directly. 
In line with our interpretation of the N100 effect, the predictive 
processes—being less accurate when observing the partner’s actions 
relative to participants’ own actions—lead to less enhanced sensory 
processing in the condition in which the participant did not produce 
the action outcome directly as compared with when they did. This 
aligns with the behavioral data indicating that the SoJA was not formed 
and points to an underlying neural mechanism that is a modulatory 
activity of sensory processing. The N100 amplitude in the confirmer 
condition, when participants produced the tone, was smaller than 
the solo condition. Presumably this is because in the solo condition, 
one relies solely on the self internal model, whereas in the confirmer 
role, although one relies largely on the self model, one still has to 
coordinate with one’s partner, resulting in some reliance on the other 
model [as explained below through the predictive joint action model 
(PJAM) framework].

In experiment 2, although the N100 was largest in the solo condition, 
the N100 amplitude was equivalent in the two joint conditions, indi-
cating that sensorimotor predictions (and thus processing) might 
have been equally accurate in the joint roles (and less accurate than 
the solo condition) in experiment 2. Presumably this is because the 
joint model was activated (as explained through the PJAM theoreti-
cal framework below), leading to similar sensory processing of the 
outcomes, and thus similar N100 amplitudes, in both joint roles.

Our data provide further evidence that the enhanced N100 re-
flects enhancement of sensory processing, resulting from top-down 
(feedback) modulatory activity having its source in sensorimotor-
related predictions. Specifically, the results from our spectral con-
nectivity analyses, which showed that the theta connectivity activity 
mirrors the pattern of results obtained from our analysis of the N100 
component, support this interpretation. In experiment 1, the theta 
connectivity difference between the stimulus period and a prestim-
ulus period was higher for the solo and confirmer roles compared 
with the mover role. In experiment 2, the theta connectivity differ-
ence was higher for the solo role relative to the mover and confirmer 
roles, which did not differ. Thus, in both experiments, the condi-
tions in which we found larger N100 amplitudes corresponded to 
the conditions in which we observed a greater increase in fronto-
central to temporal theta connectivity in response to the tone. Previ-
ous work suggests that long-range synchronized theta oscillations 
between fronto-central and sensory brain areas may play a role in 
the amplification of neural responses to task-relevant and attended 
sensory stimuli (35, 36), perhaps in particular for more predictable 
stimuli (33, 35). Thus, in our study, neural responses to tones that 
were more accurately predicted by the relevant forward model (for 
example, by the self-forward model in the solo role) might have 
been enhanced through top-down modulatory activity and indexed 
by increased theta synchrony between fronto-central and temporal 
areas, leading to larger N100 amplitudes for these stimuli. In addi-
tion, our analysis of the event-related power changes in the theta 
band also mirrors our N100 and connectivity results (see the “Event-
related spectral perturbation analysis for experiment 1 and experi-
ment 2” section in the Supplementary Materials).

Following this interpretation, the results from the joint blocks of 
our study can be interpreted in the framework of the PJAM (10). 
The PJAM is a hierarchical model of joint action with three levels. 
According to the PJAM, agents performing a joint action maintain 
internal models for both self and for actions generated by their part-
ner, that is, other models. These internal models are integrated into 
a joint model by a joint goal representational level at the “top” and by 
incoming sensory information generated by oneself and by one’s 
partner at the “bottom” (see Fig. 6 for a schematic representation 
and a more detailed explanation). In both experiments in our study, 
participants received sensory inputs regarding the consequences of 
their and their partner’s actions in the joint conditions. These sen-
sory inputs were fed into the self and other models, linking the 
models and integrating them both into the joint model to a certain 
extent. However, in experiment 1, participants completed the task 
with a seemingly mechanical robot, and thus, the joint goal repre-
sentation level of the PJAM might not have been activated. There-
fore, participants’ self and other models were possibly linked only 
via the incoming sensory input but not by the joint goal level. Thus, 
participants might have maintained a distinction between self and 
other models. When in the confirmer role, participants were still 
able to rely largely on their own, more-accurate self model, whereas 
in the mover role, participants had to rely on the less accurate and 
less well-trained other model to a greater extent (Fig. 6). Because 
participants were relying more on their better trained self-model in 
the confirmer role, this allowed them to make more accurate senso-
rimotor predictions about the outcomes of their actions (namely, 
the tones) in the confirmer role as compared with the mover role. 
Through top-down modulatory activity, processing of these (more 
accurately) predicted stimuli may then have been enhanced. This 
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was indexed by a larger N100 amplitude in the confirmer role than 
in the mover role in experiment 1. Moreover, as a consequence of 
this lack of self-other integration, participants did not experience 
SoJA with the seemingly mechanical robot.

On the contrary, in experiment 2, because the robot was intro-
duced as an intentional agent, the joint goal representation level was 
presumably activated. Thus, in experiment 2, both the incoming 
sensory inputs and the activated joint goal representation level 
linked participants’ self and other models within the joint model. In 
consequence, participants’ self and other models were presumably 
both integrated into the joint model to a greater extent in experiment 2 
(as compared with experiment 1) (Fig. 6). Therefore, in experiment 
2, sensorimotor predictions for the action outcomes (tones) in the 
confirmer role and mover role were both made by a joint model and 

thus were equally accurate across the two roles (and also less accu-
rate than in the solo role). Hence, the modulatory activity over the 
sensory areas, and accordingly, the sensory processing of the tones, 
may have been similar in both conditions, as indicated by similar 
N100 amplitudes in both joint roles. Moreover, as a consequence of 
this self-other integration, participants experienced SoJA with the 
seemingly intentional robot. This suggests that in joint action, sen-
sorimotor predictive mechanisms and implicit SoJA are sensitive to 
higher-level contextual cues, such as the intentionality with which 
actions are made or perceived. Moreover, it seems that for a SoJA to 
emerge in HRI, sensorimotor predictions, made by a joint forward 
model, do not necessarily have to be as “good” as in individual ac-
tion but have to be equally accurate for self- and other-generated 
actions and outcomes.

Fig. 6. Schematic representation of the PJAM, adapted from (10). The PJAM is a hierarchical model with three levels. According to the model, both self- and other-
internal models are maintained during joint action. These models are organized into a hierarchical framework with three levels. At the top is the joint goal representation 
level, which consists of a set of modules that symbolically represent the agents’ shared goals. On this level, partners are assumed to be mutually responsive to each other’s 
actions, goals, and intentions. In the middle is the action planning level, which consists of both self- and other-forward models integrated into a dyadic motor plan that 
takes into account both agents’ actions and their contribution toward the shared goal (10, 13, 15). Predictions about expected self and other motor states are made at this 
level and iteratively compared with actual motor states arising from the lowest level. The lowest level is the sensory routing level. On this level, information on actual mo-
tor states is processed, and predicted sensory input is compared with actual sensory input arising from the environment, both for self and other actions and sensory 
outcomes. Each of the three levels has connections to the levels above and below. Thus, according to the PJAM, the flow of information arising from both the shared goal 
level and the incoming sensory inputs inherently interlink self and other predictive models (10) into a joint model. The diagram on the left represents the situation that 
occurs in experiment 1, with the seemingly mechanical robot. In this case, the (joint) goal representation level is not activated. Thus, the self- and other-forward models 
are linked only by the incoming sensory input generated by each partner (human participant and robot) and, as a consequence, are only marginally linked together into 
the joint model. The diagram on the right represents the situation that occurs in our experiment 2, with the seemingly intentional robot [this diagram also represents 
scenarios of joint actions with human partners, initially proposed in (10)]. In this case, the joint goal representational level is activated. Therefore, the self and other forward 
models are linked both by the incoming sensory input and the flow of information from the (joint) goal representation level, resulting in self and other-forward models 
being better integrated into the joint model.
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Together, our results provide several theoretical contributions to 
the topic of SoJA. First, our results show that SoJA, measured using 
interval estimates, is sensitive to the intentionality attributed to the 
partner during a cooperative joint task. Second, our EEG results in-
dicate mechanisms that are at stake in the emergence of SoJA: In 
joint action contexts, only when we attribute intentionality to our 
robotic partner, we form, or activate, a shared representation of the 
joint action goal. This leads to greater integration of self- and other-
forward models into a joint model. This joint model consequently 
generates similarly accurate sensorimotor predictions for both self- 
and other-generated actions and outcomes. These predictive processes 
feed back to lower-level areas of the brain where sensory processing 
occurs and modulates processing of incoming stimuli, resulting in 
similar levels of activity in sensory areas of the brain (and similar pro-
cessing of self- and other-produced sensory outcomes) and as a con-
sequence the emergence of SoJA. For fully self-generated actions, 
that is, in individual action, our brains form more accurate senso-
rimotor predictions of the action outcomes because they are solely able 
to rely on our well-trained self forward model to make these senso-
rimotor predictions. As a result, more enhanced neural responses may 
occur for sensory stimuli that are outcomes of self-generated actions.

A potential limitation of the present study, and a topic for future 
research directions, is that although the robot was programmed 
to respond with a response profile similar to that of a human (see 
Materials and Methods), it was not identical to a human, which may 
have affected how self and other models were integrated into the 
joint model. A recently proposed model of joint agency suggests that 
in human-human joint action, implicit SoJA is exclusively shaped by 
sensorimotor cues (11). Thus, future studies might explore how SoJA 
emerges when interacting with a humanoid robot that is not perceived 
as intentional but does have a response profile identical to a human 
response profile, for example, through being remotely controlled 
by another human. Doing so would allow us to further unravel the 
mechanisms contributing to the emergence of SoJA.

In addition, we note that, in our study, the intentionality manipu-
lation in experiment 2 was achieved through an interaction involving 
emotional expressiveness of the robot. Although we implemented 
this “interactive approach” because previous work has shown that it 
can effectively increase attribution of intentionality to the iCub robot 
(21), in the future, it would be interesting to investigate whether 
manipulation of intentionality attribution without interaction that 
involves emotional expressiveness of a robot would also be sufficient 
to influence SoJA. For example, future studies could investigate whether 
intentionality attribution can be sufficiently manipulated through 
verbal instruction and whether this also can influence the emergence 
of SoJA in HRI. Doing so may provide previously unidentified and 
perhaps even more efficient ways to induce the emergence of SoJA in 
instances of human-robot collaborations that could benefit from this.

Another avenue for future research could be to explore how the 
SoJA experienced during HRI is influenced by the type of task im-
plemented and on the social context. Previous studies indicate that 
in certain HRI tasks, for example, when performing an action that is 
costly in terms of losing points, people experience a diffusion of re-
sponsibility when acting together with a robotic agent. That is, people 
exhibit a lower SoA over their own actions when acting together 
with a robot as compared with when acting alone (44). Moreover, 
when acting in a hierarchical social context, people may also shift 
the responsibility of their actions onto another, for example, onto 
someone giving them instructions, a displacement of responsibility 

(45). Similarly, the SoJA experienced may also be differently modu-
lated in a hierarchal task, in which a human commands a robot to 
make an action or vice versa, or in a joint task in which actions may 
lead to negative outcomes, such as a loss of points. Therefore, future 
work could also investigate how the experience of SoJA, displacement, 
and diffusion of responsibility are affected by different task structures 
in HRI and different “roles” assigned to the robot.

In conclusion, the present study shows that SoJA with robots 
depends on attribution of intentionality to the latter. Attribution of 
intentionality has been suggested in previous literature to increase 
predictability and trust in HRIs, as well as the sense of control ex-
perienced (17). The current results further suggest that attribution 
of intentionality to the robot appears to be crucial for the emer-
gence of SoJA in HRI. Furthermore, our results have elucidated the 
neural mechanisms underlying the emergence of SoJA in collab-
orative joint action, namely, enhancement of sensory processing of 
outcomes of actions through modulatory activity stemming from 
sensorimotor predictions.

Apart from the theoretical implications of our results, they also 
have a potential value for robotics. When performing collaborative 
tasks with robots, it may be important for certain tasks that the 
human-robot joint action is as smooth and effortless as possible, 
similar to how the task would be performed with another human. 
Our brain has developed several mechanisms that facilitate the 
smoothness and efficiency of joint actions with other humans, and 
one of those mechanisms is SoJA. In certain instances, such mecha-
nisms may also facilitate human-robot joint actions, and therefore, 
when designing robots for human-robot collaboration, one needs to 
understand the conditions under which SoJA emerges, as well as the 
contexts and tasks in which SoJA can further facilitate human-robot 
collaborations. Conversely, in some other tasks, it might not be ben-
eficial to form SoJA with a robot. For example, in cases of hierarchical 
relationship it might be crucial that the human retains their own 
individual SoA. In that case, it is better to not induce the impression 
of intentionality of the robot. Overall, understanding the factors 
that contribute to emergence of SoJA in HRI can provide practical 
insights to robotics and HRI, as well as further theoretical under-
standing of fundamental processes involved in human cognition.

MATERIALS AND METHODS
Participants
For experiment 1, sample size was estimated via an a priori power 
analysis based on effect sizes from similar behavioral (7) and neuro-
physiological (24) work. We estimated that a sample size of n = 30 
would have sufficient power to reveal any effects [estimated behavioral 
effect size (η2) ~ 0.44, estimated neurophysiological effect size (η2) ~ 
0.15, alpha error = 0.05, power = 0.95]. Forty-four right-handed 
adults took part in experiment 1 (mean age of 25.1 years, range = 20 
to 44 years, 30 females).

For experiment 2, sample size was estimated via an a priori power 
analysis based on the effect sizes obtained in experiment 1 [estimated 
behavioral effect size (η2) ~ 0.19, estimated N100 effect size (η2) ~ 0.18, 
alpha error = 0.05, power = 0.95]. On the basis of the power analysis, 
we estimated that a sample size of n = 25 would have sufficient power 
to reveal any effects. Thirty right-handed adults took part in experi-
ment 2 (mean age of 25.0 years, range = 20 to 44 years, 17 females).

All participants had normal or corrected-to-normal vision. The 
study was conducted according to the ethical standards specified in 
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the 2013 Declaration of Helsinki and was approved by the local eth-
ical committee (Comitato Etico Regione Liguria). All participants 
gave written consent before participating in the experiment. Partici-
pants received monetary compensation of 14 euros/hour for their 
participation.

Apparatus and stimuli
The experimental task was presented on a 27-inch screen, with a 
refresh rate of 140 Hz, placed in front of the participant and iCub. 
Participants and iCub were placed side by side (Fig. 1). To collect 
responses from both the participant and the robot, we used a cus-
tom response box, based on a MicroPython controller, with buttons 
provided in the Logitech Gaming Kit. The experiment was imple-
mented in PsychoPy v2021.2.0 (46). The robot was controlled using 
Yet Another Robot Platform (YARP) (47) and its Python wrappers, 
which allowed integration with PsychoPy. During the task, tones 
were played via standard external speakers placed to the right and 
left of the screen.

During the joint blocks, the robot was programmed to execute 
responses by pressing the Logitech button placed in front of it. This 
behavior was achieved by controlling iCub’s arm with the YARP 
IPositionControl controller (47), which ensured control of the joints 
in position with good repeatability of the movements and trajecto-
ries that follow a minimum jerk profile. We based the timings of the 
robot’s button presses on reaction time (RT) values collected during 
a similar human-human joint action pilot of the task. On the basis 
of these data, we constructed discrete uniform distributions of RTs 
for each button press, with 30 values per distribution. The human-
human pilot revealed that each of the “mover” button presses (from 
1 to 7) and the “confirmation” press had different RTs. Therefore, we 
constructed separate distributions for each mover press (from 1 to 
7) and the final confirmation press. For each key press, each trial in 
a given block was assigned a value selected from the respective dis-
tribution. Because we had 90 trials per block, the values for each 
button press were repeated three times per block. The trial order was 
then shuffled, thereby shuffling the values in the distribution, to ran-
domize their presentation. The values were independently assigned 
to trials for each of the button presses. (This was especially relevant 
for the confirmer role of the participant, in which the robot played 
as the mover. In these trials, the RTs for each key press were inde-
pendently assigned to each trial. Therefore, although a specific dis-
crete value was repeated three times over the entire block, the exact 
combination of mover RTs was not necessarily repeated.) The mean 
and SDs for the distributions of each button press for both experi-
ments are provided in Table 1.

The distributions from which the timing of the robot’s button 
presses were taken during the target tracking-and-confirmation task 
remained identical across the two experiments, and no extra behav-
iors were added to the robot during trials. Between the two experi-
ments, the robot underwent hardware maintenance. This included 
adjustments to the robot’s arm joints, which subsequently necessi-
tated adjusting the parameters of the starting and target positions 
(pressing the button being the “target”) of the robot’s arm, between 
experiments. However, these adjustments did not significantly affect 
the joint task, as detailed in the dedicated section in the Supplemen-
tary Materials [the “Comparison of reaction times (RTs) of the iCub 
across experiments” section].

In experiment 2, to maintain the appearance of the robot as an 
intentional agent during the task, we added two behaviors. The first 

was that after trials in the joint task, the robot was programmed to 
look toward the participant, with an independent probability of 70% 
on each trial. The range of motion of the robot’s head movements 
was drawn from discrete uniform distributions (elevation: −5° to 
+5°; azimuth: −5° to −50°) (48). The second was that the robot was 
programmed to look toward the participants and speak to them be-
fore starting the joint task blocks and between the blocks. The robot 
always repeated the same phrase at each time point. (Before starting 
the joint task blocks, the robot was programmed to say, “I can’t wait 
to play with you. Let’s start when you want!” Between the blocks, it 
was programmed to say, “This game is fun! Let’s keep going.” All 
sentences were presented in Italian.) The experimenter controlled 
this behavior via a button press. Questionnaires were presented on a 
27-inch screen, in PsychoPy v2020.1.3 (46).

Procedure and experimental task
In experiment 1, participants first completed the Intentional Stance 
Test (IST-PRE) (49) to assess the degree to which they attributed 
intentionality to the robot. Then, they performed the entire target-
tracking-and-confirmation task, and lastly, they completed the sec-
ond half of the Intentional Stance Test (IST-POST). In experiment 2, 
participants first completed the target-tracking and confirmation 
task in solo action, then they completed the IST-PRE, and lastly, 
they engaged in an interaction with iCub during which the robot’s 
behaviors were programmed to appear humanlike (intentionality 
attribution manipulation). The purpose of this interaction was to 
increase participants’ likelihood of perceiving iCub as an intentional 
agent (21). After the interaction with iCub, participants completed 
the IST-POST. Last, participants performed the joint blocks of the 
target-tracking-and-confirmation task. A more detailed description 
of the IST, the interaction protocol, and iCub’s behaviors can be 
found in the Supplementary Materials (the “Perceived intentionality 
manipulation and manipulation check” section) and in the paper by 
Marchesi et al. (21).

The target-tracking-and-confirmation task was adapted from (6) 
to make it suitable to play with the robot [the changes we made are 
described in the Supplementary Materials (the “Human-human 
control experiment” section)]. In each trial, a cursor and a target were 
presented on a central screen. The starting position of the cursor 
was always in the center of the screen, whereas the target was pre-
sented randomly above or below the cursor at a fixed position. The 
spatial units for the size and location of the cursor and target were 
set to “height” in PsychoPy. The size of the cursor was set to [width, 
height] = [0.03, 0.03], and the starting position was set to [x, y] = [0, 
0]. The size of the target was set to [width, height] = [0.06, 0.06], and 
the position was set to [x, y] = [0, ±0.46] (depending on whether the 
target was presented above or below the cursor). Participants were 
seated approximately 70 cm from the screen. In the solo role, they 
sat straight in front of the screen, whereas in the joint roles, they sat 
at an approximately 45° angle, with the robot positioned at a similar 
angle (see Fig. 1, A and B). Participants were instructed to make a 
series of button presses to move the cursor to the target location. In 
each trial, the cursor only moved in one direction, toward the target 
(1 degree of freedom). The number of button presses needed to reach 
the target location was randomly determined between three and seven. 
Once the cursor was in the center of the target, participants were 
instructed to press another button to confirm that the cursor had 
reached the target. The confirmation button press triggered a tone of 
440 Hz and 100-ms duration. The delay between the confirmation 
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press and the tone was fixed to be 200, 500, or 800 ms (6, 9, 24). The 
delays were pseudorandomized such that each delay was presented an 
equal number of times within each block. Participants were then asked 
to estimate the time interval between the confirmation press and the 
tone, on a rating scale provided on the screen. The scale had a range of 
0 to 1000 ms, with a mark every 100 ms (see Fig. 1C). Participants 
performed the task alone by responding bimanually (solo role), or they 
shared the task with iCub. When the task was shared, participants per-
formed either the mover or the confirmer role, and the robot com-
pleted the complementary role (joint roles). The roles were completed 
in separate blocks. Participants always completed the solo role first, 
followed by the joint roles. The presentation order of the two joint roles 
was counterbalanced across participants. In the solo role, participants 
moved the cursor with their left hand and confirmed the target with 
their right hand and then made the delay rating. Participants first com-
pleted a short practice round in the solo role to get acquainted with the 
trial sequence, after which they completed the solo block. In the two 
subsequent joint roles, when assigned to the mover role, participants 
moved the cursor onto the target location with their right hand, while 
iCub made the confirmation press to trigger the tone with its left hand. 
Conversely, when participants were assigned the confirmer role, iCub 
moved the cursor onto the target location with its left hand, while the 
participant made the confirmation press with their right hand.

In the joint roles, participants sat next to iCub, and both faced 
the screen. Both the participant and iCub were assigned their unique 
buttons (Fig. 1B).

After the three task blocks, participants completed two baseline 
action blocks with the robot in the two joint roles. In these blocks, 
the confirmation press did not trigger a tone, and participants did 
not make a delay rating. The baseline action blocks were used to cor-
rect the task block ERPs for any overlapping components, as described 
in the Supplementary Materials (the “Overlapping component cor-
rection for the tone locked data from experiment 1 and experiment 
2” section). In total, participants completed 330 trials, 90 trials for 
each of the task blocks and 30 trials for each of the baseline ac-
tion blocks.

General data processing and analysis
In experiment 1, we removed the data of 12 participants in total 
from the main analysis. Three participants were removed because of 
poor performance on the delay rating task (analysis showed that 

they were unable to distinguish the three different delays). Two par-
ticipants were removed because of technical issues with the record-
ing of the behavioral data (the data were not saved properly). Four 
participants were removed because of technical issues with the EEG 
equipment during the task (we were unable to reduce the imped-
ances of the electrodes below 10 kohm because of issues with either 
the ground or the online reference electrodes). Three participants 
were removed because of poor EEG data quality (the data of one 
participant had a lot of low frequency drifts in the data; the data of 
the other two participants contained several epochs with large ocu-
lar and muscle artifacts), and we were unable to clean the noise from 
the data with our preprocessing pipeline [the independent compo-
nents analysis (ICA) decompositions resulted in more than 75% of 
nonbrain-related ICs that had to be rejected].

In experiment 2, we removed the data of three participants in 
total from the final analysis: One participant was removed because 
they completed the joint task with the wrong hand, and two partici-
pants were removed because of poor EEG data quality (the ICA de-
compositions resulted in more than 75% of nonbrain-related ICs 
that had to be rejected). Therefore, data from 32 participants were 
further analyzed in experiment 1 and data from 27 participants in 
experiment 2.

EEG data acquisition, processing, and analysis
EEG acquisition
In both experiments, EEG data were recorded using a 64-channel 
Ag-AgCl electrode system (ActiCap, Brain Products GmbH, Munich, 
Germany), arranged according to the international 10-20 layout. The 
data were referenced online to FCz. The EEG signal was amplified 
with a BrainAmp amplifier (Brain Products GmbH), digitized at a 
1000-Hz sampling rate, and recorded. No filters were applied during 
EEG signal recording. Electrode impedances were kept below 10 kohm. 
No external electrodes were used to record eye movements because par-
ticipants had to wear FFP2 masks for the duration of the entire experi-
ment. However, horizontal eye movements were captured by displacing 
the FT9 and FT10 electrodes to F9 and F10 electrode positions, making 
them closer to the outer canthi of the eyes. Vertical eye movements were 
captured with the Fp1 and Fp2 electrodes on the cap.
General EEG preprocessing
EEG data were preprocessed in BrainVision Analyzer and MATLAB 
(R2020b), together with the EEGLAB and FieldTrip toolboxes and 

Table 1. Mean values and SD for the distributions of the robot’s button press timings (RTs). A separate distribution was constructed for each button press 
on the basis of RTs taken from a human-human pilot of the task. When acting as the mover [i.e., the participants’ role was confirmer (confirmer condition)], the 
robot made between three and seven button presses, whereas when acting as the confirmer [i.e., the participants’ role was mover (mover condition)], the robot 
made only the confirmation press.

Button press Mean RT (ms) SD RT (ms)

Mover press 1 454.7 248.7

Mover press 2 174.4 56.3

Mover press 3 139.5 35.4

Mover press 4 167.6 65.6

Mover press 5 212.3 75.5

Mover press 6 225.9 68.9

Mover press 7 323.3 126.3

Confirmation press 490.7 178.2
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custom scripts in MATLAB. As a first step, data were re-referenced 
to the average of all electrodes in BrainVision Analyzer, and FCz was 
interpolated back into the data. Data were then imported into EEGLAB, 
down-sampled to 250 Hz, high-pass filtered with a cutoff of 0.1 Hz 
(−6-dB cutoff: 0.05 Hz), and low-pass filtered with a cutoff of 80 Hz 
(−6-dB cutoff: 90 Hz). A 50-Hz notch filter was then applied to the 
data to filter out line noise (−6-dB cutoffs: [49.5 50.5] Hz). We then 
epoched the data from the task blocks to create epochs related to the onset 
of the tone (task epochs). The task epochs were locked to the onset 
of the tone, with a length of −1200 to +3500 ms relative to the tone 
onset. A baseline correction of −200 to 0 ms relative to tone onset was 
used. We visually inspected the data, and noisy channels and epochs 
containing large artifacts (i.e., large muscle or ocular movements and 
electric artifacts) were rejected (on average, we removed 1.3 ± 1.30 
channels per participant). After the visual inspection, the data were 
once again re-referenced to the average of all (clean) channels. We 
then applied an ICA on the epoched data to isolate sources of noise in 
the data, and we rejected ICs related to eye blinks, saccades, muscular 
movements, and other noise from the data. In experiment 1, on average, 
we removed 1.3 ± 1.30 channels per participant and 38.41 ± 4.52 ICs 
per participant. In experiment 2, we removed an average of 2.62 ± 
1.80 channels per participant and 33.48 ± 4.13 ICs per participant. 
After cleaning the data with the ICA, we once again inspected the 
data for noise and removed epochs that still contained large arti-
facts. In experiment 1, on average, 85.64 ± 4.02 epochs remained 
in the solo role, 85.48 ± 3.16 epochs in the mover role, and 85.06 ± 
3.79 epochs in the confirmer role. In experiment 2, on average, 
85.56 ± 4.76 epochs remained in the solo role, 82.48 ± 5.71 epochs 
in the mover role, and 81.44 ± 6.07 epochs in the confirmer role. We 
then performed a spherical interpolation to add back rejected chan-
nels. We subsequently re-referenced the data using two different ref-
erences to create two datasets. One dataset was used in the analysis 
of the N100 and the other in the spectral analyses on the theta band. 
Data used in the N100 analysis were re-referenced to the average 
of the mastoids (TP9 and TP10). Data used in the spectral analyses 
were re-referenced to the average of all electrodes to include all elec-
trodes in the re-reference because some were removed before the 
ICA. The experimental epochs were then sorted by tone delay and 
corrected for overlapping components. The procedures we used to 
correct the data for overlapping components are described in detail in 
a dedicated section of the Supplementary Materials (the “Overlapping 
component correction for the tone locked data from experiment 1 
and experiment 2” section).
N100 specific processing and analysis
Once the overlapping component correction was performed, we ap-
plied a low-pass filter to the data at 40 Hz before extracting the N100 
amplitude for further analysis. For each participant and condition, 
the N100 amplitude was calculated as the average amplitude in the 
time window “time of peak amplitude ± 20 ms.” The peak amplitude 
was defined for each participant and condition as the most negative 
amplitude between 50 and 200 ms. We applied this individualized 
peak detection strategy to account for any variability between par-
ticipants and conditions in terms of peak amplitude timing.
Spectral data specific processing and analysis
After the overlapping component correction, we performed two 
analyses: an event-related spectral perturbation analysis and a 
phase-based connectivity analysis. Further details related to the 
event-related spectral perturbation analysis, as well as the results of 
this analysis, are provided in the Supplementary Materials (the 

“Event-related spectral perturbation analysis for experiment 1 and 
experiment 2” section).

For the phase-based connectivity analysis on the tone-locked 
data, given that we were analyzing data in a time period with very 
prominent ERPs, we wanted to make sure any differences we found 
in connectivity were not actually due to contributions from a com-
mon deep source. Therefore, before performing the connectivity 
analysis, we applied a CSD transform to the data using the default 
parameters specified in the Fieldtrip toolbox. The CSD transform 
acts to effectively subtract the volume conducted activity arising from 
common deep sources (36). We then performed a Morlet wavelet 
analysis to extract the Fourier spectrum of the data. The parameters 
of this wavelet analysis were nearly identical to the event-related 
spectral analysis. However, because we were specifically interested 
in the 200 ms before and after tone onset, we performed the analysis 
on a shorter time window, from −800 to +1000 ms relative to tone 
onset, to save computational time. We then computed the wPLI 
between temporal channels (T7, T8, TP7, and TP8) and all other 
channels (phase-based connectivity measures also reduce the effects 
of volume conduction). We did this analysis separately for each 
combination of role and tone delay. Temporal channels were used 
because they are the closest to the temporal lobe (involved in audi-
tory processing) (50).

We then extracted the wPLI values in the theta band (4 to 7 Hz) 
between temporal channels (T7, T8, TP7, TP8) and fronto-central 
channels (FCz, FC1, and FC2) (35). We extracted wPLI values aver-
aged over time for two time windows: −200 to 0 ms relative to tone 
onset (prestimulus period) and 0 to +200 ms relative to tone onset 
(stimulus period).

Because we were interested in increases in theta connectivity in 
response to task-relevant stimuli, we calculated a difference measure 
to represent the increase in theta connectivity between the prestimulus 
period and stimulus period, the wPLI difference. We calculated this 
measure by subtracting the wPLI values in the prestimulus period 
from the wPLI values in the stimulus period (wPLI difference = 
wPLIStimulus period − wPLIPrestimulus period).

Statistical analysis
In the analysis of the behavioral data, when correcting for mul-
tiple comparisons, we used the Bonferroni method to limit the type 
1 error rate as far as possible. However, for the neurophysiologi-
cal data, in which the effects may be less robust (51) (but never-
theless require corrections for multiple comparisons), to avoid 
an excessive loss of power, we used the FDR method when cor-
recting for multiple comparisons. We performed all statistical 
analysis in RStudio (2021.09.0, Build 351) with the packages 
rstatix, car, and ez.
Behavioral data
We first analyzed the data from each participant separately, with a 
between-trials ANOVA, to make sure that participants were able to 
accurately distinguish the three delay intervals, and participants 
who were not able to do so were removed from further analysis (see 
above). Subsequent analyses, the results of which are reported in the 
Results section, were performed on raw interval estimates, pooled 
across all tone delays (6, 9, 24). Namely, we conducted a repeated-
measures ANOVA on the data with role as the main factor, as 
described in Results. Where necessary, we then performed follow-
up paired pairwise tests on the data, as described in Results. For the 
sake of completeness, we also performed an identical analysis on the 
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participants’ JEs, reported in the Supplementary Materials (the 
“Analysis on the JEs” section).
N100 data
N100 amplitude data were combined across tone delays and aver-
aged across the channels Fz, FCz, and Cz (9, 24). The data were ana-
lyzed using the same model as the behavioral data, namely, a repeated 
measures ANOVA with role as the main factor. When necessary, we 
ran follow-up paired pairwise t tests on the data.
Spectral data
For the statistical analysis of the spectral data, we combined the data 
across tone delays, as we did for the behavioral and ERP data. We 
analyzed the phased-based connectivity data with the same models 
described above for the behavioral and N100 data. Namely, we first 
conducted a repeated-measures ANOVA on the data with role as the 
main factor, followed by paired pairwise t test where necessary. We 
performed the event-related spectral perturbation analysis by means 
of cluster-based permutation analyses, described in greater detail in 
the Supplementary Materials.
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Editor’s summary
The sense of joint agency can emerge when humans collaborate to complete tasks. They experience a perception or
feeling of shared control over joint actions and their outcomes. Navare et al. investigated whether the sense of joint
agency can occur between humans and humanoid robots during collaborative tasks. They used neural and behavioral
measures to show that human participants experienced this sense of joint agency, underpinned by mechanisms of joint
sensorimotor processing, when a robot was presented as an intentional agent. However, a sense of joint agency was
not felt when the robot was presented as a mechanical artifact. —Amos Matsiko
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