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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

Mutual gaze with a robot affects human neural activity 
and delays decision-making processes
Marwen Belkaid†, Kyveli Kompatsiari†, Davide De Tommaso,  
Ingrid Zablith, Agnieszka Wykowska*

In most everyday life situations, the brain needs to engage not only in making decisions but also in anticipating 
and predicting the behavior of others. In such contexts, gaze can be highly informative about others’ intentions, 
goals, and upcoming decisions. Here, we investigated whether a humanoid robot’s gaze (mutual or averted) influences 
the way people strategically reason in a social decision-making context. Specifically, participants played a strategic 
game with the robot iCub while we measured their behavior and neural activity by means of electroencephalography 
(EEG). Participants were slower to respond when iCub established mutual gaze before their decision, relative to 
averted gaze. This was associated with a higher decision threshold in the drift diffusion model and accompanied 
by more synchronized EEG alpha activity. In addition, we found that participants reasoned about the robot’s 
actions in both conditions. However, those who mostly experienced the averted gaze were more likely to adopt a 
self-oriented strategy, and their neural activity showed higher sensitivity to outcomes. Together, these findings 
suggest that robot gaze acts as a strong social signal for humans, modulating response times, decision threshold, 
neural synchronization, as well as choice strategies and sensitivity to outcomes. This has strong implications for 
all contexts involving human-robot interaction, from robotics to clinical applications.

INTRODUCTION
Many human decisions are made in social contexts, which often 
requires assessing the intentions of others. To infer others’ mental 
states and to be able to predict their behavior, humans rely largely 
on nonverbal cues. In particular, eye contact (or mutual gaze) is a 
strong communicative signal in human interactions that can con-
vey information about one’s state, goals, intentions, or willingness 
to interact (1, 2). Mutual gaze has been extensively investigated in 
studies showing that it affected arousal level (3) and cognitive 
processes such as memory, attention, and motor actions (4). Eye 
contact is known to modulate the concurrent cognitive processing 
and/or that immediately following (5). However, its effects on 
behavioral and neural responses in the context of complex social 
decision-making have rarely been addressed in human-human or 
human-robot interaction fields of study.

Behavioral and neuroeconomics studies investigate complex 
social dynamics using tasks adapted from game theory. Strategic games, 
such as the “Chicken game,” are specifically designed to address 
social decisions in conflicting situations that may involve coor-
dination, reciprocity, risk-taking, competition, altruism, and other 
mechanisms. Recently, various studies have combined strategic games 
with neuroimaging techniques in the quest for a better understand-
ing of the neural mechanisms at play in social decision-making [see 
(6) for a review]. For instance, the Chicken game has been previously 
used to investigate the influence of personal traits (7) or dyad familiarity 
(8) on participants’ behavior and neural activity. However, these 
studies are generally screen-based and lack the ecological validity of 
real-time interactions. In this regard, robots offer a powerful 
solution for the design of controlled, yet naturalistic and embodied, 
interactions. Previous works in human-robot interaction have also pro-
posed experiments based on strategic games, comparing different 

types of robot strategy (9, 10), robot embodiment (11, 12), payoff 
incentives (13), or group sizes in an intergroup competition (14). 
Some of these studies also recorded participants’ brain activity 
using functional magnetic resonance imaging (fMRI) while they 
played the game on-screen inside the scanner (11), sometimes after 
interacting with different robots outside the scanner (12). Never-
theless, the effect of robots’ gaze and communicative behavior during 
the game in real-time interaction with a physically present embodied 
robot has remained unexplored.

Previous studies in human-robot interaction showed that, similar 
to a human gaze, the robot’s gaze could also act as a social signal and 
modulate the interaction. For example, eye contact improves the 
evaluation of the robot and of the interaction [e.g., during human- 
robot handovers (15) or during joint attention (16, 17)], strength-
ens the sensitivity to robot’s gaze (i.e., people perceive a robot’s gaze 
directed toward them but not when it is directed to a person sitting 
nearby) (18), and increases the attribution of intentionality (19) and 
subjective feelings of engagement (17, 19, 20). Furthermore, it can 
affect the quality of human-robot interaction depending on differ-
ent parameters [e.g., robot’s likeability and physical proximity (21) 
and social context of the conversation (22)]. Moreover, it has been 
shown that adding joint attention capabilities to a robot can facili-
tate participants’ performance in a human-robot task (15, 23). Most 
of the abovementioned studies used subjective reports or focused 
on the perceived quality of interaction. Despite the valuable insights 
offered by subjective reports, explicit measures cannot always target 
specific cognitive mechanisms that occur in real-time interactions, 
which are often implicit and beyond conscious awareness. Recently, 
studies using objective measures revealed that eye contact with an 
iCub humanoid robot elicited a higher degree of attentional engage-
ment (i.e., longer fixations to the face of the robot during eye con-
tact condition) (24). In addition, initiating or being exposed to eye 
contact with a humanoid robot modulated humans’ oscillatory brain 
activity in the same frequency range as in the case of human eye 
contact (i.e., alpha frequency range) (25, 26).
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Here, we present a study of human decision-making under the 
influence of the communicative behavior (gaze in this case) exhibit-
ed by a humanoid robot in an interactive setup using behavioral and 
neuroscience measures. More precisely, we examine the influence 
of mutual versus averted gaze on participants’ behavior and neural 
activity, measured by electroencephalography (EEG), while they 
play the Chicken game—a strategic game that depicts a situation in 
which two drivers of simulated cars move toward each other on a 
collision course and the outcome depends on whether the players 
yield or keep going straight (27)—against the iCub robot (28). On 
the basis of the literature on human-human interaction (4, 5), we 
hypothesize that mutual gaze should engage more cognitive 
processes relative to averted gaze. Such effect could be related to a 
higher degree of mentalizing (to anticipate iCub’s action based on 
its gaze) or to suppression of irrelevant salient signal (to make 
decisions independently from iCub’s gaze). Therefore, we expected 
that this would be reflected in behavioral measures (longer response 
times), EEG signal (alpha synchronization), and choice sequences 
and strategies.

Implementation of the human-robot Chicken game
Participants sat in front of the iCub robot while the game was dis-
played on a screen placed horizontally on a table between them and 

the robot (Fig. 1A). The experiment consisted of an adaptation of 
the Chicken game (27). In the beginning of every round (hereafter 
“trial”), two car images, one per player, were shown on each side of 
the screen. The cars started moving toward each other and stopped 
halfway before reaching the center. Then, the screen turned black 
and a fixation cross was shown for 1 s. After the fixation cross dis-
appeared, the screen remained black for 5 s, and both players had to 
choose their move between going straight or deviating. Critically, 
during this period, participants were instructed to look at the robot, 
which either looked directly at the participant (hereafter labeled 
Mutual gaze) or avoided eye contact by looking to the side (hereafter 
labeled Averted gaze; see Fig. 1B). For the reasons averted gaze has 
been chosen as comparison for the mutual gaze, see (29). Both players 
had an occluder covering their response buttons, thereby preventing 
the opponent from anticipating their choices. At the end of the trial, 
the cars appeared on the screen again and displayed the action 
selected by the players. The possible outcomes were (i) both go straight 
and crash, resulting in the highest loss for both; (ii) both deviate, 
obtaining the highest joint payoff; and (iii) only one goes straight, 
obtaining the highest individual payoff. The points obtained (or lost) 
in the current trial were shown on each player’s side of the screen 
(see Fig. 1A for the payoff matrix). Moreover, to maintain partici-
pants’ engagement, iCub verbally reacted to the outcome in 40% of 

Fig. 1. Human-robot Chicken game. (A) Schematic illustration of the experiment, trial structure, and payoff matrix. Participants sat facing the iCub robot while the game 
was displayed on a screen placed between them. The players played an adaptation of the Chicken game, in which we manipulated the robot gaze during the decision 
period (labeled “gaze and press”, 2 to 7 s). After looking at iCub, participants had to decide whether to go straight or deviate. The outcome of the trials and each player’s 
payoff was determined by the combination of the two players’ choices. (B) During the entire trial, except for the decision period, iCub looked at the screen (neutral gaze). 
During the decision step, iCub either established or avoided eye contact with the participant (mutual or averted gaze, respectively).
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the trials within each block by randomly selecting one of the pre-
defined utterances associated with that outcome (see table S1).

Apart from the decision period when the robot’s gaze was 
manipulated (mutual or averted gaze), for the remaining time of the 
trial, the robot was looking at the screen, making periodic random 
saccades within that visual area. In this experiment, participants 
completed 250 trials divided in five blocks. They were assigned to 
either the group with 70% Mutual or 70% Averted conditions, meaning 
that in each block, iCub performed the type of gaze corresponding 
to the condition (e.g., mutual gaze in the 70% Mutual condition) in 
70% of the trials within each block in a pseudo-randomized manner. 
The other type of gaze (e.g., averted gaze in the 70% Mutual condition) 
was performed in the remaining 30% of the trials. With this manip-
ulation, we sought to investigate how participants’ behavior could 
be influenced by establishing mutual gaze with the robot before 
decision-making (within-participants) and the effect of the degree 
of exposure to mutual versus averted gaze on their overall strategy 
in the game (between-participants).

Participants were told that their objective was to maximize their 
total score regardless of the robot’s score. This was to make the 
always-go-straight strategy less appealing, because as much as it 
guarantees a higher score than the opponent, this strategy can lead 
to very low negative scores due to numerous crashes. Moreover, iCub 
followed a win-stay-lose-shift strategy (WSLS) (30) with a probability 
of 80%, meaning that it was most likely to repeat an action (i.e., stay) 
if it had led to a positive outcome in the previous trial and do the 
other action (i.e., shift) otherwise. Thereby, the robot’s sequence 
of choices had a certain structure (WSLS) that participants could 
capture without it being too obvious. All together, we gave both 
the incentive and the opportunity to participants to reason about 
the robot’s actions during the experiment.

RESULTS
Performance in the human-robot Chicken game
The “optimal” (31) (predict-opponent) and “riskiest” (always-go-straight) 
strategies were simulated to provide a reference point for good and bad 
performance, respectively [see (25) for definition of the optimal strategy 
in this game]. Participants’ scores were markedly higher than the 
average score obtained when we simulated the risky always-go-straight 
strategy (Fig. 2A). In fact, 45% of the participants obtained a posi-
tive total score, and 55% obtained a higher score than iCub. 
However, total scores did not differ between conditions [70% Mu-
tual versus 70% Averted, t(19) = 0.50, P = 0.61, t test; Fig. 2A]. In 
addition, total scores were much lower than the average score 
obtained by simulation of the optimal strategy, which consists of 
choosing the best action assuming that the opponent is using the 
WSLS strategy (Fig. 2A). A custom-made post hoc questionnaire 
showed that 25% of the participants thought that iCub had a 
strategy and only 12.5% identified the actual WSLS strategy. These 
results are in line with those of the pilot study we conducted before 
this experiment (see Materials and Methods and the Supplementary 
Materials).

Increased reaction times and decision threshold after 
mutual gaze
Using a two-way analysis of variance (ANOVA) with gaze condition 
within- and between-subjects as factors, we found no significant 
main effect (all F values <1) nor interaction (F = 1.46, P = 0.24) in 

the frequency of selected actions (Fig. 2B). This means that the ro-
bot’s gaze did not influence participant’s subsequent choices, nor 
did the overall degree of exposure to the two gaze types. However, 
the same analysis showed a significant main effect of iCub’s gaze on 
participants’ mean response times (F = 35.11, P < 0.001, 2 = 0.034) 
independent of the group they were assigned to (70% Mutual or 70% 
Averted). More specifically, participants responded faster after an 
averted gaze than after a mutual gaze (in 70% Mutual, Maverted = 
1993 ms, SEM = 106, Mmutual = 2117 ms, SEM = 99; in 70% Averted, 
Maverted  =  2086 ms, SEM  =  180, Mmutual  =  2256 ms, SEM  =  174; 
Fig. 2C). This within-subject effect of gaze was also revealed by our 
pilot study where participants were exposed to the same amount of 
mutual and averted gaze instances (see Materials and Methods for 
procedure description and fig. S1A for results). Thus, in this task, 
mutual gaze consistently elicited longer response times compared 
with averted gaze, whether the former was predominant, equally 
frequent, or more occasional than the latter.

In line with our hypothesis, the delayed responses within-subjects 
after mutual gaze may suggest that mutual gaze entailed a higher 
cognitive effort, for example, by eliciting more reasoning about iCub’s 
choices, or higher degree of suppression of the (potentially distracting) 
gaze stimulus, which was irrelevant to the task. To further in-
vestigate this hypothesis, we analyzed participants’ choices with the 
drift diffusion model (32). This widely used computational model 
assumes that decisions arise from relative evidence accumulation 
over time in favor of one of two alternatives (see illustration in 
Fig. 2D). The main parameters include the drift rate v (rate of evi-
dence accumulation), decision boundary a (threshold to be reached 
to make a decision), and nondecision time t (dedicated to stimulus 
encoding and motor execution, for example). By fitting both alter-
natives’ selection rates and response time distributions with this model, 
we sought to infer the latent psychological processes explaining the 
delayed responses after mutual gaze. Specifically, a longer and more 
effortful reasoning process predicts an effect on decision threshold 
(32). Using hierarchical Bayesian parameter estimation (see Materials 
and Methods), we compared the fitness of different models as-
suming that the robot’s gaze had an effect on either the drift rate, 
the nondecision time, or the decision boundary. On the basis of the 
deviance information criterion (DIC) and the Bayesian predictive 
information criterion (BPIC), we found that the two best-fitting models 
were those presuming an effect on nondecision time or decision 
threshold: A difference in nondecision time explained the data slightly 
better in the main experiment (Fig. 2D), whereas a difference in de-
cision threshold explained the data better in the pilot study (fig. 
S1C). Therefore, we also tested a model imputing the response 
delay to both nondecision time and decision threshold. This model 
fitted the data better than the others in both datasets (Fig. 2D and 
fig. S1C). In the main experiment, both the decision threshold a and 
the nondecision time t were significantly higher after mutual gaze 
compared with averted gaze [P(∆a  >  0)  =  1.0, P(∆t  >  0)  =  1.0] 
with a larger effect size for the former (Fig. 2E). However, in the 
pilot study, only the difference in decision threshold reached signif-
icance [P(∆a > 0) = 0.99, P(∆t > 0) = 0.87; fig. S1D]. Together, these 
results show that the effect of gaze on response time is mainly driv-
en by an effect of the decision threshold. This suggests a longer and 
more effortful decision process in case of mutual gaze, possibly due to 
the engagement of mentalizing processes to try to interpret the robot’s 
intention or of suppression mechanisms to make decisions inde-
pendently from (potentially distracting) iCub’s gaze.
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More synchronized alpha rhythm during mutual gaze
Behavioral analysis during decision period revealed a clear effect of 
iCub’s gaze on participants’ response time. We investigated whether 
this effect would also translate into distinct neural responses. For 
instance, time-frequency analysis can reveal different oscillatory 
activities across time in the human brain’s prominent rhythms that 
are linked to distinct neural processes [e.g., see (33)]. Therefore, we 
analyzed participants’ brain activity in the time period between the 
completion of the robot gaze movement (eyes and neck) and the 
average response time. We focused on theta and alpha bands, which 
have been shown to be modulated by decision-making (34, 35), at-
tention (33, 36), and eye contact (26, 37, 38).

We did not observe any significant differences in theta fre-
quency range. However, we found that participants responded with 
a higher alpha synchronization during mutual gaze compared with 
averted gaze in a parietal area (corrected for multiple comparisons 
P = 0.03; see Materials and Methods) during the time window 0.31 
to 0.95 s relative to the initiation of robot’s head movement toward the 

gaze direction (see Fig. 3). To locate the specific cluster of electrodes, 
we further averaged the data across the entire temporal period and 
compared the spatial data across conditions using the same analysis 
as above. Results showed that the parietal cluster consisted of six 
electrodes: Pz, P3, P1, PO3, POz, and P2. The averaged alpha values 
were lower in averted gaze (M = 131.02, SEM = 34.34) compared 
with mutual gaze (M = 192.13, SEM = 52.55). Increase in alpha power 
has been associated with brain processes related to the suppressing 
function of attention, i.e., suppressing cortical activity related to dis-
tractors or irrelevant information (39, 40) [for a review, see (33)]. 
Higher alpha synchronization in mutual gaze might indicate an 
increased need to suppress distraction related to the gaze exhibited by 
the robot while focusing on task-relevant information. This results 
in longer reaction times for mutual, relative to averted, gaze trials.

Reasoning about the robot’s actions throughout the game
To assess how much participants reasoned about the robot’s choices 
during the game, we simulated three computational models taken 

Fig. 2. Participants’ performance and response times. (A) Participants’ total scores did not differ between conditions. Average performance from simulations of two 
extreme strategies is provided for comparison (see text). (B) No main effects or interaction of the condition or gaze type was found on the proportion of “straight” choices. 
(C) The gaze type (within-subject) had a significant main effect on participants’ response times. (D) The drift diffusion model describes decisions as a noisy drift process, 
where an action is selected when the corresponding boundary is crossed. Five variants were tested assuming that the robot’s gaze had an effect of one, two, or none of 
the model parameters. Upon Bayesian parameter estimation, the best-fitting model was found to be the one imputing the difference in response times to an effect on 
both the nondecision time t and the decision threshold a. DIC, deviance information criterion; BPIC, Bayesian predictive information criterion. Lower values are better. 
(E) Posterior density of the effect distributions for the best-fitting model showing significant effects on both a and t parameters. HDI, highest density interval. Inset, effect 
sizes (see Materials and Methods). Error bars represent 95% confidence intervals. **P < 0.01, ***P < 0.001. n.s., not significant at P > 0.05.
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from the literature (41). These models make value-based decisions 
and compute different types of prediction errors to update the 
choice values over time (Fig. 4A; see Materials and Methods for 
implementation details). The first model is a classical reinforcement 
learning model in which the action that was most rewarded in the 
recent past is more likely to be repeated (42). The second model 
attempts to predict the opponent’s decision by estimating the prob-
ability that they select an action based on their recent history of 
choices. The model then selects the action that maximizes the gain 
(or minimizes the loss) based on the payoff matrix (41). The third 
model builds on the second model and incorporates the influence of 
the player’s own recent choices on the opponent’s decisions by as-
suming that the other is tracking the player’s probabilities of choices 
too (41). These models thus describe three levels of reasoning about 
the other (i.e., mentalizing). The first model derives decisions solely 
from recent rewards (level 0), the second builds predictions of 
the opponent’s choices based on the recent history (level 1), and 
the third does so by also assuming a model of the other’s strategy 
(level 2).

Upon optimization, we found that participants’ choice sequences 
were overall best reproduced by the model with the highest level of 
mentalizing [log(L) across models, H = 23.64, P < 0.0001, Kruskal- 
Wallis test; Inf versus Fic, U = 433.0, P = 0.0002, Fic versus RL, U = 
547.0, P = 0.007, Mann-Whitney tests; Fig. 4B]. By replicating pre-
vious findings in human-human strategic games (41), we demon-
strated that participants reasoned about iCub’s actions in a way that 
is similar to settings involving human opponents. Nevertheless, ex-
amining the best-fitting model for each participant individually 
revealed little difference between our experimental conditions. In 
other words, participants exposed to 70% of mutual or averted gaze 
were fitted in similar proportions by the models (Fig. 4C). Moreover, 
we examined the percentage of choices that were correctly predicted 
by the best-fitting model for each participant. Results showed no 
significant effect of the trial’s gaze type within each condition (in 70% 
Mutual, U = 171.5, P = 0.22; in 70% Averted, U = 192.0, P = 0.41, 
Mann-Whitney test; Fig. 4D). Overall, while suggesting that partic-
ipants reasoned about the robot’s actions during the game, these 
computational models were unable to capture subtle differences 
that could further explain the effect of the mutual gaze on partici-
pants’ behavior.

More self-oriented strategic patterns under higher 
exposure to averted gaze
To further investigate the influence of iCub’s gaze on 
participants’ decisions, we analyzed the frequency of occur-
rence of three patterns of strategic behavior in their choice 
sequences, which could characterize the extent to which 
they incorporated information about their opponent in 
their decisions. The first pattern is WSLS, which is a typical 
decision-making strategy. It consists of repeating the 
previous action if it led to a positive outcome and aban-
doning it otherwise. This strategy is self-oriented in the 
sense that it only requires information about the player’s 
own actions and outcome history and can be used even in 
individual decision-making contexts. As a reminder, this 
was iCub’s strategy in 80% of the trials.

The second pattern that we examined is a classical 
strategy in game theory called “tit-for-tat” (T4T). The idea 
here is to reproduce the opponent’s previous choice. This 
strategy is known to be efficient in strategic games because 

it dissuades opponents from attacking and encourages them to 
cooperate by favoring actions that generate mutual gains. In addition, 
we added another pattern labeled “stay-shift-imitation” (SS-Imit). 
In this strategy, the player copies the opponent’s behavior in repeating 
the last trial’s choice or changing. In contrast to the first strategy, 
the two latter are other-oriented because they process information 
about the opponent’s history of actions and outcomes.

We analyzed participants’ choice sequences trial by trial, looking 
for occurrences of these patterns of strategic behavior. Results showed 
that the pattern WSLS was found more frequently in the sequences 
of participants of the 70% Averted condition compared with 70% 
Mutual (U = 108.5, P = 0.006, Mann-Whitney test; Fig. 5A). In other 
words, the occurrence rate of the self-oriented pattern was signifi-
cantly lower under higher exposure to the mutual gaze. Considering 
data from a pilot study, we found that when participants were equally 
exposed to both types of gaze, the occurrence rates of WSLS were 
similar to the 70% Mutual condition and also contrasted significantly 
with the 70% Averted condition (see the Supplementary Materials 
and fig. S3A). However, the difference between conditions for T4T 
and SS-Imit was not significant [T4T, t(19)= −1.07, P = 0.28; SS-Imit, 
t(19) = −1.02, P = 0.30, t test; Fig. 5A]. Furthermore, we computed 
the average length of sequences of the strategic patterns to test for 
their recurrence over several trials. Again, we found a difference 
between the 70% Mutual and 70% Averted conditions for the WSLS 
pattern (U = 120.0, P = 0.015, Mann-Whitney test; Fig. 5B), with 
longer sequences in the latter condition. On the other hand, the 
average length of sequences of the other patterns did not differ sig-
nificantly between conditions (T4T, U = 150.5, P = 0.092; SS-Imit, 
U = 189.0, P = 0.38, Mann-Whitney test; Fig. 5B). In summary, this 
analysis suggests that the likelihood of adopting self-oriented strategy 
was higher among those who were exposed mainly to averted gaze, 
relative to those who were exposed mainly or equally to mutual gaze.

EEG markers of performance monitoring modulated by 
gaze: Exploratory analyses
Because participants exhibited different strategic patterns depending 
on the degree of exposure to mutual or averted gaze and because 
the analyzed strategies are inherently related to processing outcome 
and performance, we reasoned that they would process their outcomes 
distinctly. At the neural level, performance and outcome monitoring 

Fig. 3. Scalp topographies between gaze types during decision period. Topographies 
show t values maps of the difference in elicited alpha oscillations (8 to 12 Hz) between gaze 
conditions (averted gaze − mutual gaze) considering data from both participant groups. 
Statistically significant clusters are marked by x crosses. Differences between conditions were 
found by nonparametric cluster-based permutation tests. The t values are defined as the ratio 
of the difference between the estimated mean values of two conditions to its standard error. 
The topographies are depicted in a time range of t = 0.31 s to t = 0.95 s, relative to the estab-
lishment of the exhibited gaze (every 320 ms).
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are typically reflected in event-related potentials (ERPs) of the EEG 
signal, such as feedback-related negativity (FRN), error-related 
negativity (ERN), Reward Positivity (RewP), and the positive com-
ponent P2 preceding FRN (43–47). Therefore, we examined ERPs 
during the period when participants had access to information 
about the outcome of the trial, i.e., within the broad time window 
from the offset of the black screen (the moment when the cars start 
moving after the action decisions have taken place) to the period 
after the score was presented (from 0 to 2000 ms after onset of the 
animations; see Fig. 1A). However, because our task was a dynamic 
game, with information about performance becoming available only 
gradually, the observed ERPs might not map onto classical ERP 
components reported in literature. Therefore, we refrained from 
typical component-based interpretations and focused on how activity 
evolved overtime around maximum/minimum peak amplitude 
across consecutive 400-ms segments (see the Supplementary Materials 
for details about the procedure). Moreover, because outcome-related 

brain responses often differ between positive and negative outcomes 
(43, 45, 46), we submitted the averaged activity around the extracted 
peaks to a repeated-measures ANOVA with outcome type (win, lose) 
as a within-subjects factor, and gaze group (70% Mutual gaze and 
70% Averted gaze) as a between-subjects factor. For conciseness, we 
only report the significant results of this analysis.

Our analyses showed that at first, exposure to mainly mutual or 
mainly averted gaze affected the EEG activity (Fig. 6, T1, blue box), 
modulating the first positive peak of the entire sequence, with larger 
positivity (M = 1.16, SEM = 0.27) for the group with mostly averted 
gaze compared with participants mostly exposed to mutual gaze 
(main effect of gaze) (M = 0.43, SEM = 0.20, F1,37 = 4.44, P = 0.042, 
np2 = 0.1). In a subsequent time window, there was no effect of gaze, 
but the EEG activity differed with respect to the outcome of par-
ticipants’ decisions (main effect of outcome type) (Fig. 6, T2, pink 
box). In particular, “winning” animations elicited a larger negative 
deflection (M = −1.01, SEM = 0.12) compared with the “losing” 

Fig. 4. Computational models of participants’ degree of reasoning about iCub’s actions. (A) Schematic illustration of the models. The reinforcement learning model 
(RL) makes decisions based on the recently selected actions and their outcome. The fictitious play model (Fic) makes decisions based on the game’s payoff matrix and the 
predicted action of the opponent. The influence model (Inf) does the same while assuming that the opponent is also predicting the player’s choices and incorporating 
the influence of its own actions in its predictions of the opponent’s decisions. (B) The overall log-likelihood of the influence model fitted to participants’ choices is signifi-
cantly greater than the two other models, suggesting a high level of reasoning about iCub during the game. (C) Considering the best-fitting model for each participant 
individually did not reveal a strong difference between those exposed more to one type of gaze compared with the other. (D) The percentage of trial-by-trial choices 
predicted by the model was similar after a mutual or averted gaze. Error bars represent 95% confidence intervals. *P < 0.05, ***P < 0.001. n.s., not significant at P > 0.05.
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animations (M = −0.78, SEM = 0.1, F1,37 = 12.17, P = 0.001, np2 = 
0.25). This was then followed by another positive peak (Fig. 6, T3, 
light green box) that also showed that outcome (but not gaze) mod-
ulated activity in this time period, with winning animations show-
ing a larger positivity (M = 0.92, SEM = 0.09) compared with the 
losing animations (main effect of outcome type) (M = 0.6, SEM = 
0.07, F1,37 = 17.19, P < 0.001, np2 = 0.32). Last, in the segment after 
the presentation of the score (Fig. 6, T4, yellow box), the positive 
peak was modulated by both gaze and feedback but independently 
of each other (main effects of outcome type and gaze but no inter-
action effect). Participants mostly exposed to averted gaze showed a 
larger positive component (M = 0.98, SEM = 0.21) compared with 
participants mostly exposed to mutual gaze (M = 0.48, SEM = 0.16, 
F1,37 = 4.6, P = 0.038, np2 = 0.11). In parallel, winning feedback 
points showed a larger positivity (M = 0.82, SEM = 0.13) compared 
with the losing feedback points (M = 0.6, SEM = 0.15, F1,37 = 3.8, 
P = 0.06, np2 = 0.32).

This pattern of results on how ERPs unfolded over the critical 
period of time shows that the brain was initially affected by gaze: 
Participants who were mainly exposed to avoiding gaze showed 
larger positivity. This is perhaps an aftereffect of the preceding period 
where the two gaze types were displayed by the robot. However, this 
initial influence of gaze was in the later time windows overridden by 

the influence of the unfolding outcome of participants’ decisions, as 
participants observed the car animations and realized whether they 
have lost or won. In this time period, winning trials evoked a more 
pronounced deflection (larger positivity or negativity, dependent 
on whether the component was positive or negative), relative to 
losing trials. This shows that at this point, the brain differentiated 
the wins from losses, and this was overriding the effect of gaze. 
However, upon receiving the scores, participants’ neural activity 
was affected both by feedback and by gaze condition. In other words, 
later stages of processing of performance (information about 
performance ultimately confirmed by the presented score) were 
modulated by the type of robot gaze to which participants were 
most exposed throughout the experiment.

DISCUSSION
Few studies have investigated the effect of social cues on human 
decision-making in naturalistic interactions. Our study involved a 
humanoid robot, iCub, to allow us to overcome some of the method-
ological challenges of naturalistic interactive scenarios and enabled 
a real-time controlled interaction with a physically present and 
embodied agent. Thus, we could shed light on the influence of others’ 
communicative signals (gaze in this case) on individuals’ behavioral 

Fig. 5. Patterns of self-oriented and other-oriented strategic behaviors in participants’ choice sequences. (A) Occurrence rates of one self-oriented (WSLS) and 
two other-oriented (T4T and SS-Imit) patterns (see text for detailed description). Self-oriented WSLS appeared significantly less in the choices of participants who were 
more exposed to the mutual gaze. No significant difference was found for T4T and SS-Imit. (B) The average length of sequences of the WSLS pattern was significantly 
greater in the 70% Averted condition. No significant difference was found for T4T and SS-Imit. Error bars represent 95% confidence intervals. *P < 0.05, **P < 0.01. 
n.s., not significant at P > 0.05.
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and neural responses in strategic interactions. In addition, it highlights 
the importance of cautiously designing robots’ social behavior in 
any context involving human-robot interactions.

In our experiment, participants played an adaptation of the 
Chicken game with iCub, while the robot established or avoided eye 
contact with them before decision. Our results showed changes in 
participants’ behavior depending on iCub’s gaze. First, we observed 
that mutual gaze with the robot delayed participants’ responses. This 
difference in reaction times arose from a higher decision threshold 
in the mutual gaze condition compared with the averted gaze, thereby 
suggesting a longer and more effortful focus on the task. This 
behavioral effect was paralleled by a differential effect in synchro-
nized alpha activity during the period of eye contact, with higher 
alpha synchronization compared with averted gaze. The alpha 
synchronization has been interpreted in literature as a marker of 
increased need for suppression of distractor information [for a review, 
see (33)]. In our experiment, iCub’s gaze was totally independent 
from its action and could thereby be considered by our participants 
as a distractor once the dissociation was detected. Therefore, our 
findings suggest that mutual gaze required stronger suppression, 
which resulted in longer reaction times and higher decision 
threshold.

In addition to within-participants effects across different trials, 
we also analyzed strategic processes across the entire experiment, 
dependent on whether participants belonged to the group that was 
mostly exposed to the mutual gaze or to the avoiding gaze condition. 
We observed that although the type of gaze that participants mostly 

saw had no influence on choice frequencies or overall performance, 
patterns of strategic behaviors in participants’ choice sequence dif-
fered between conditions. When exposed more to averted gaze, par-
ticipants exhibited self-oriented patterns of choices more frequently. 
This result suggests that higher exposure to averted gaze makes par-
ticipants disengage more easily from the social interaction and rely 
more on self-centered information to make their decisions.

In search for the neural trace of performance/outcome monitoring 
processes, which would presumably underlie the different likelihood of 
adopting self-oriented strategy during the task, we examined ERPs 
of the EEG signal in the entire epoch when participants could mon-
itor the outcome of their action decision. The results showed that 
the brain was differentially processing information about winning 
and losing trials as this information was becoming available (as the 
car trajectories were gradually unfolding). Moreover, being exposed 
mostly to mutual gaze or mostly to avoiding gaze also affected the 
way the brain processed feedback. The group of participants who 
were exposed mostly to avoiding gaze showed larger amplitude of 
outcome-related ERPs than the group mostly exposed to mutual gaze. 
Our interpretation is that this differential neural processing contributes 
to the presence of different strategic patterns between the two groups of 
participants: Those who were mostly exposed to averted gaze 
were more sensitive to outcomes and, in result, showed larger pro-
portion of self-oriented WSLS strategy relative to those who 
were mostly exposed to mutual gaze.

Our study sought to examine fundamental processes related to 
the effects of communicative signals on social decision-making by 

Fig. 6. Grand-averaged ERP waveforms time-locked (t = 0) to onset of feedback animation. The average is performed over F1, F2, Fz, CP1, and CP2 electrodes on data 
from participants in the 70% Mutual and 70% Averted groups split into win (+1 or +3 points) or lose (0 or −4 points) trials. Activity over time around maximum/minimum 
peak amplitude across consecutive 400-ms segments showed differentiated responses to gaze condition in the first time window, then to outcomes in the following two 
time windows, and finally to both gaze and outcomes. Division in segments: segment 1, t = 0 to 400 ms; segment 2, t = 400 to 800 ms; segment 3, t = 800 to 1200 ms; 
segment 4, t = 1200 to 1600 ms. Time windows of analyses (Tn) within each segment: within segment 1, T1 = 244 to 299 ms (light blue box), 10% around positive peak at 
272 ms (black arrow); within segment 2, T2 = 457 to 558 ms (orange box), 10% around the negative peak at 508 ms (black arrow); within segment 3, T3 = 741 to 906 ms 
(green box), 10% around positive peak at 824 ms (black arrow); within segment 4, T4 = 1241 to 1295 ms (yellow box), 10% around the positive peak at 1268 ms (black 
arrow). Onset of score presentation, 1000 ms.
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means of implicit, objective measures. We focused on gaze, and on 
the effect of eye contact (i.e., mutual gaze) in particular. Like many 
studies (3), we chose to compare mutual gaze to a lateral, averted gaze, 
which was particularly suitable for our task setting (29). Although a 
comparison with a more “neutral” gaze would theoretically be ideal, 
it is important to note that in an interactive setting like the one we 
used, there is no purely neutral gaze condition. Any gaze behavior 
(averted, directed to the task space, etc.) can be interpreted socially 
and can carry a communicative intent. Thus, rather than aiming to 
compare mutual gaze with a purely neutral gaze, we sought to com-
pare mutual gaze (i.e., eye contact) with an averted gaze (i.e., no eye 
contact), a condition that is often used in related studies (3).

Furthermore, although real-life interactions are more complex 
than those occurring in our human-robot strategic game, our design 
captures three key aspects of social interactions: (i) Two agents 
exchange social signals in real time; (ii) they act upon the same, 
simplified, yet shared, environment; and (iii) the outcome of their 
decision depends on the other’s decision. Thus, to succeed, players 
have to mentalize and reason about their opponent. Therefore, we 
expect our findings to be relevant (and potentially generalize) to more 
complex, real-life contexts where dyadic interactions (either human- 
human or human-robot) combine communicative gaze and social 
decision-making. Studies of eye contact effects often rely on unidi-
rectional settings, where participants respond to gaze stimuli without 
affecting the other agent’s actions (3, 4, 48, 49). Our design offers a 
unique opportunity to study these effects in the context of bidirec-
tional interactions. Moreover, previous gaze studies in human- 
robot interaction made extensive use of subjective reports to examine 
participants’ experience (15–22). Yet, little is known about more 
implicit effects of eye contact on behavioral and neural responses of 
which participants may not be aware. By examining implicit, objec-
tive measures, our study offers a complementary perspective and opens 
the avenue for future research, possibly combining different types 
of measures. For example, our design could be adjusted to make it 
suitable for measures of arousal (e.g., Galvanic skin response) and 
to include subjective reports of participants (e.g., self-awareness and 
gaze perception) to bridge subjective experience with underlying 
processes. Thereby, our design could help to extend existing theoretical 
accounts of eye contact effects (48) to dynamic interactions involving 
an active participation of both agents.

In summary, our results suggest that mutual gaze engages brain 
resources for managing social signals, which may or may not be 
relevant for the decisions to be made. In our experiment, the robot 
gaze modulated response times, decision threshold, neural synchro-
nization, as well as choice strategies and sensitivity to outcomes. 
Thus, two mechanical cameras were treated as a social signal, there-
by providing marked evidence for the flexibility of human socio- 
cognitive mechanisms. As we build increasingly complex machines, 
it is therefore crucial that we endow them with adequate communi-
cative behaviors.

MATERIALS AND METHODS
Participants
Forty-three participants were recruited for the main experiment; 
three were excluded because of high number of missing trials, ex-
cessive EEG artifacts, or technical issues during EEG recording. In 
total, datasets of 40 participants (mean age = 24.53 ± 4.5, 23 women, 
5 left-handed) were analyzed for the main experiment, 18 participants 

(mean age = 30.38 ± 4.77, 10 women, 4 left-handed) for the first 
pilot study, and 8 participants (mean age = 31 ± 4.87, 5 women) for 
the second pilot study. No statistical methods were used to prede-
termine sample sizes, but our sample sizes are comparable with 
similar previous studies. All participants were healthy and had nor-
mal or corrected-to-normal vision. No participant who took part in 
the pilot study was recruited also for the main experiment, meaning 
that each participant took part only in one of the experiments. Par-
ticipants were debriefed about the purpose of the study at the end of 
the experiment. The experiments were performed at the Istituto 
Italiano di Tecnologia (IIT). Participants who took part in the pilot 
studies were employed by IIT. Only external participants (partici-
pants of the main experiment) received honorarium (30 €) for their 
participation. All experiments were conducted in accordance 
with the ethical standards laid down in the 2013 Declaration of 
Helsinki and were approved by the local ethical committee 
(Comitato Etico Regione Liguria). All participants provided written 
informed consent before participation. Data were stored and analyzed 
anonymously.

Stimuli and apparatus
Task
The experiments were carried out in a noise-attenuated room. 
Participants were seated facing the iCub robot at opposite sides of a 
table at a distance of 130 cm. iCub is a humanoid robot (28), with 
three degrees of freedom in the eyes (common tilt, vergence, and 
version) and three additional degrees of freedom in the neck (roll, 
pitch, and yaw). In our experiments, iCub was mounted on a sup-
porting frame such that its eyes were at 124 cm from the floor, 
which was estimated to be aligned with participants’ eyes. A 24-inch 
liquid crystal display (LCD) screen was placed horizontally on the 
table such that both players (participant + iCub) could see the stim-
uli being displayed. The stimuli consisted of a series of animations 
describing the events occurring during the adapted Chicken game 
(see the “Implementation of the human-robot Chicken game” section). 
Before the players had to decide on their next move, we manipulated 
iCub’s gaze to either make eye contact with the participant (mutual 
gaze) or avoid eye contact (averted gaze) by looking to the right or 
left of the table. The target points to look at, in both the mutual and 
the averted gaze conditions, were selected to guarantee comparable 
conditions in terms of joints trajectories and overall robot motion. 
During the rest of the trial, the robot was looking at the screen 
(neutral gaze), gazing at different fixation points randomly generated 
within the same field of view.
iCub behavior
The robot behavior was programmed using the YARP (Yet Another 
Robot Platform) Python wrappers (50). We used iKinGazeCtrl, a 
6–degree of freedom gaze controller, to control iCub’s neck and eyes 
(51). Specifically, Azimuth, Elevation, and Vergence were provided 
to the controller to make iCub look at the desired three-dimensional 
Cartesian coordinates (see table S3). In addition, gaze shifts in head 
movements were embedded to make the gaze more naturalistic. 
The button press was controlled using a position controller, specif-
ically YARP IPositionControl. The facial expression (always neutral 
in our experiment) and lip movements were controlled using the 
iCub faceExpressions application. Robot speech, on the other hand, 
simply consisted of audio files played on the main workstation with 
external speaker placed below the robot. The audio files were recorded 
from female human voices and edited using the free open-source 
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Audacity software to increase the pitch. A custom-made software 
programmed in Python 3 and running on a Ubuntu 20.04 LTS 
operating system was used to control iCub behavior, stimulus 
presentation, and data collection. Both players selected their 
actions by pressing switch buttons connected to a custom response 
box designed for converting input signals into regular keyboard 
key presses.
EEG apparatus
EEG was recorded from 64 electrode sites of an active electrode system 
using Ag-AgCl electrodes, at a sampling rate of 1 kHz (ActiCap, 
Brain Products, GmbH, Munich, Germany). FT9 and FT10 electrodes 
were displaced to F9 and F10 electrode positions to capture the 
horizontal ocular movements. All electrodes were referenced to FCz 
and re-referenced offline to average of all electrodes. Electrode im-
pedances were kept below 10 kilohms throughout the experimental 
procedure.

Procedure
Upon EEG head preparation and after receiving the task instruc-
tions, participants started a practice session to make sure that they 
were performing the task properly. The main experiment lasted 
about 55 min. Participants completed 250 trials divided in five 
blocks. Between-block breaks lasted 90 s after the first, second, and 
fourth blocks, whereas participants could take a longer break after 
the third block and decide when they wanted to resume the experiment. 
This experiment consisted of two between-participants conditions: 
70% Mutual (20 participants) or 70% Averted (20 participants). For 
example, participants in the 70% Mutual condition experienced the 
mutual gaze in 70% of the trials and the averted gaze in the remaining 
30% of each block. The sequence of trials was pseudo-randomized, 
and participants in the 70% Averted condition experienced the exact 
opposite sequence. The direction of the averted gaze (left or right) 
was counterbalanced across two subgroups in each condition. Put 
differently, participants were assigned to one of the following four 
subgroups: 70% Mutual with averted gaze to the right, 70% Mutual 
with averted gaze to the left, 70% Averted with averted gaze to the 
right, and 70% Averted with averted gaze to the left.

Before the main experiment, we collected resting-state EEG data 
with eyes closed and eyes open. After all experiments were over, 
participants were also asked to answer two questionnaires: one custom- 
made questionnaire related to self and robot’s strategy, and a com-
petitiveness index questionnaire (52). Informal discussions after the 
experiment confirmed that all participants noticed the gaze manipula-
tion. The resting state and the competitiveness index questionnaire 
were aimed at targeting possible individual differences, which is out 
of the scope of this paper. Therefore, these data are not reported 
here. The procedure for the pilot studies is detailed in the Supple-
mentary Materials.

Drift diffusion model
The drift diffusion model describes the intratrial decision process in 
two-alternative forced choice tasks as the relative accumulation of 
evidence over time (32). The main parameters include the drift rate 
v (rate of evidence accumulation), decision boundary a (threshold 
to be reached to make a decision), and nondecision time t (dedicated 
to stimulus encoding or motor execution, for example). To fit the 
model to our data, we used Bayesian parameter estimation (53, 54) 
(see Supplementary Materials and Methods for details about the 
procedure).

Value-based decision-making models
This family of computational models aims to describe the intertrial 
learning process underlying decision-making. In this framework, 
choices are made based on the available options’ values, which are 
updated trial by trial. Here, we used this type of model to study the 
mechanisms on which participants relied during the game—specifically, 
the degree to which participants reasoned about the robot’s action. 
To do so, we readapted three computational models taken from the 
literature (41, 42). Model 1 is a reinforcement learning where most 
recently rewarded actions are selected and involves no reasoning 
about the opponent. Model 2 estimates the probabilities of opponent’s 
actions based on recently selected choices and then constructs its action 
values by combining the estimated probabilities with expected outcomes 
from the payoff matrix. Model 3 adds another level of reasoning about 
the opponent by integrating the influence of its own recent choices on 
the opponent’s decisions. We optimized the models’ hyperparameters 
to fit each participant’s sequence of choices by maximizing the 
log-likelihood (see Supplementary Materials and Methods for details 
about models’ implementation and the fitting procedure).

EEG data analysis
EEG data were analyzed using MATLAB version R2018b (The 
MathWorks Inc., 2018), EEGLAB (55), FieldTrip toolboxes (56), and 
customized scripts. The data were down-sampled to 250 Hz, while a 
band-pass filter (0.5 to 100 Hz) and a notch filter (50 Hz) were ap-
plied. The signal was re-referenced to the common average of all 
electrodes. Data from one participant (from the 70% Averted group) 
were excluded only from EEG analyses due to a large number of noisy 
electrodes (>10), resulting in N = 39 for EEG analyses.

Time-frequency representations (TFRs) of oscillatory power 
changes were computed during the decision period, including the 
fixation cross and the gaze plus response period. Then, TFRs were 
separated for each condition (mutual gaze and averted gaze) for the 
abovementioned period and averaged across trials. Subsequently, 
the statistical analysis was performed on the epoch of interest, i.e., 
between the establishment of mutual/averted gaze and participants’ 
average response time. Data were averaged to calculate power with-
in theta (4–7) and alpha (8–12) frequency bands. In each frequency 
range, spatiotemporal data across conditions were compared by 
performing nonparametric cluster-based permutation analyses (using 
a Monte-Carlo method based on paired t statistics) (57). A full de-
scription of the time-frequency analysis, as well as the details of the 
exploratory analysis of EEG activity related to performance moni-
toring, is provided in the Supplementary Materials.

Statistical analysis
Details about the statistical tests were reported in the main text. 
Error bars in figures indicate 95% confidence intervals. For one-factor 
analyses, parametric statistical tests were used when data followed a 
normal distribution (Shapiro test with P > 0.05) and nonparametric 
tests when they did not. As parametric tests, we used t test when 
comparing two groups or ANOVA when more. As nonparametric 
tests, we used Mann-Whitney test when comparing two independent 
groups, Wilcoxon test when comparing two paired groups, and 
Kruskal-Wallis test when comparing more than two groups. These 
tests were applied using the scipy.stats Python module. They were all 
two-sided except Mann-Whitney. Two-factor analyses were performed 
using the JASP software. In all statistical tests, P > 0.05 was consid-
ered to be statistically nonsignificant.
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