
 
 

 

  

Abstract—A major limitation of the approaches used in most 
of the studies performed so far for the characterization of the 
brain responses during social interaction is that only one of the 
participating brains is measured each time. The “interaction” 
between cooperating, competing or communicating brains is 
thus not measured directly, but inferred by independent 
observations aggregated by cognitive models and assumptions 
that link behavior and neural activation. In this paper, we use 
the simultaneous neuroelectric recording of several subjects 
engaged in cooperative games (EEG hyperscanning). This EEG 
hyperscanning allow us to observe and model directly the 
neural signature of human interactions in order to understand 
the cerebral processes generating and generated by social 
cooperation or competition. We used a paradigm called 
Prisoner’s dilemma derived from the game theory. Results 
collected in a population of 22 subjects suggested that the most 
consistently activated structure in social interaction paradigms 
is the medial prefrontal cortex, which is found to be active in 
all the conflict situations analyzed. The role of the anterior 
cingulated cortex (ACC) assumes a main character being a 
discriminant factor for the “defect” attitude of the entire 
population examined. This observation is compatible with the 
role that the Theory of Mind assigns to the ACC. 

I. INTRODUCTION 
 In the last ten years, the field of neuroscience, with the 
powerful brain scanning devices like functional Magnetic 
Resonance Imaging (fMRI) or high resolution EEG 
(HREEG) has been able to provide important insights on the 
neural basis for memory, decision-making and other 
cognitive functions at the basis of social interaction. The 
standard experimental paradigm consists in measuring the 
brain activity in individual subjects (using fMRI, EEG or 
other imaging methods) during the performance of an 
identical sensory, cognitive or motor task. Similar 
experimental paradigms have been applied for studying the 
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brain activity during social interactions. In the investigation 
of the neural basis of social interaction, the use of game 
theory has been proved useful. In fact, game theory allows a 
formal definition of social situation in which the players 
may profit or loose by cooperating or competing [1]. 
Researchers have begun to investigate what happens in the 
brain of subjects when they are involved in games like the 
prisoner’s dilemma in which you have to decide whether to 
cooperate with an opponent, or defect [2]. The aim is to 
understand the modification of brains activity during 
interactions, namely if the cortical activity located in the 
anterior cingulated areas (ACC) and in other cortical sites 
hypothesized in the current Theory of Mind (TOM) held 
during competition or defection. Once estimated the 
functional connectivity from the high resolution EEG 
recordings in different Regions Of Interest (ROIs) for each 
subject, the issue of the extraction of significant descriptors 
of such connectivity networks was faced with the use of the 
graph theory. In particular, we evaluated the topological-
weighted properties of the cortical networks by calculating 
mathematical features including, global and local efficiency 
and strength measures. An issue in such analysis is that these 
different indexes returned precious information regarding 
the different organization between the cooperative versus 
“non-cooperative” subjects populations.  

II. METHODS 

A. Experimental design  
The Prisoner’s Dilemma is a game with two players and two 
possible moves: cooperate or defect. If the two players 
cooperate, they both have small wins (COP). If one player 
cooperates and the other defects, the cooperator has a big 
loss and the defector has a big win. If both players defect, 
they both have small losses (DFT). Tit for Tat (TFT) 
cooperates in the previous round and imitates its opponent’s 
defection in the next move. The aim of the game is to reach 
the highest score. Subjects interacted one in front to each 
other, seated beside. A screen displaying the information 
necessary to the execution of the games and generating the 
timing of the tasks will be disposed in front of all the 
subjects. They generated their choice during the task 
performance (decision to cooperate or to defect) through a 
keyboard and the computer will also record each subject’s 
response and generated a mark on the subject’s EEG traces 
for successive off-line analysis. The general timeline of each 
trial is as follow: the trial starts with the presentation of the 

Cortical Activity and Connectivity of Human Brain during the 
Prisoner’s Dilemma: an EEG Hyperscanning Study 

Babiloni F., Astolfi L., Cincotti F., Mattia D., Tocci A., Tarantino A., Marciani MG., Salinari S., Gao 
S., Colosimo A. and De Vico Fallani F. 

Proceedings of the 29th Annual International
Conference of the IEEE EMBS
Cité Internationale, Lyon, France
August 23-26, 2007.

SaB03.5

1-4244-0788-5/07/$20.00 ©2007 IEEE 4953



 
 

 

payoff matrix related to the decision that a subject could 
take in the game. Then, the players will be prompted to enter 
their choices and afterwards the results of the trial will be 
showed to the players for an interval of 4 seconds, reporting 
the cooperation/defection choice generated by the other 
players and the total score obtained by each subject The 
EEG analysis was performed within this period considered 
significant for the successive decisions. 11 matches were 
performed obtaining data from 22 subjects. A 96-channel 
system (BrainAmp, Brainproducts GmbH, Germany) was 
used to record EEG electrical potentials by means of an 
electrode cap.  

B. High Resolution EEG 
High-resolution EEG technologies have been developed 

to enhance the poor spatial information content of the EEG 
activity [3], [4]. In this work, cortical activity from EEG 
recordings was estimated by using a realistic head model 
whose cortical surface consisted of about 5,000 dipoles 
uniformly disposed. Estimation of the current density 
strength for each dipole was obtained by solving the linear 
inverse problem according to techniques described in 
previous papers [5], [6]. Next, the electrical activity in 
particular Regions Of Interest (ROI) is obtained by 
averaging the current magnitude of dipoles within that area. 
According to high-resolution EEG techniques cortical 
activity was estimated on 16 Brodmann areas, thought being 
of interest for this task. Bilateral ROIs considered in this 
analysis are the frontal BAs 11, the BAs 47 and the 
cingulate motor area (CM). Also, regions from the right and 
left parietal areas including BA 7 and 40 were selected. The 
dorsolateral prefrontal regions (DLPFC) including the BAs 
8, 9 and 10 were selected, together with the anterior 
cingulate cortex (ACC) defined by comprising the BAs 24, 
25 and 33. The application of the PDC to the cortical 
waveforms returns a weighted network for each frequency 
band of interest: Theta 3-6 Hz, Alpha 7-12 Hz, Beta 13-29 
Hz, and Gamma 30-40 Hz. A surrogate data generation 
procedure [6] was performed in order to consider only those 
significant (p<0.01) connections within each connectivity 
pattern. 

B. Functional Connectivity 
The Partial Directed Coherence [7] is a full multivariate 

spectral measure, used to determine the directed influences 
between any given pair of signals in a multivariate data set. 
It is computed on a Multivariate Autoregressive model 
(MVAR) that simultaneously models the whole set of 
signals. It has been demonstrated [7] to be based on the 
concept of Granger causality, according to which an 
observed time series x(n) can be said to cause another series 
y(n) if the prediction error for y(n) at the present time is 
reduced by the knowledge of x(n)’s past measurements. This 
kind of relation is not reciprocal, thus allowing to determine 
the direction of information flow between signals.  

C.  Graph Analysis 
1) Strength. The simpler attribute for a graph’s node is its 

degree of connectivity, which is the total number of 
connections with other points. In a weighted graph, the 
natural generalization of the degree of a node i is the node 
strength or node weight [8]. This quantity has to be split into 
in-strength sin and out-strength sout, when directed 
relationships are being considered. The strengths integrate 
the information on the number (degrees) with the weights of 
the links, thus representing the total amount of intensity 
outgoing or incident into a node. 

2) Efficiency. The efficiency is a quantity recently 
introduced in [9] to measure how efficiently the nodes of the 
network communicate if they exchange information in 
parallel. The efficiency eij in the communication between 
vertices i and j can then be defined to be inversely 
proportional to the shortest distance: eij = 1/dij.  When there 
is no path in the graph between i and j, dij = ∞ and 
consistently, eij = 0. Global efficiency of the connection 
matrix A can be defined as: 
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where N is the number of vertices composing the graph. 
Since the efficiency is also defined for disconnected graphs 
the local properties of A can be characterized by evaluating 
for each vertex i the efficiency of Ai, the sub-graph of the 
neighbors of i: 
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Since node i doesn’t belong to the sub-graph Ai, local 
efficiency Eloc reveals how much the system is fault tolerant, 
thus it shows how efficient the communication is between 
the first neighbors of i when i is removed. Both global and 
local efficiencies assume values ranging from 0 (no 
communication) to 1 (maximum efficiency). 

III. RESULTS 
Fig. 1 shows the average connectivity patterns for the three 
conditions; cooperation (COP), defect (DFT) and Tit-for-Tat 
(TFT) in the representative Alpha frequency content. It is 
evident how the ACC only participate in the DFT task 
sending the most of information to the BA 8 right and 9 left. 

A. Strength.  
Fig. 2A) shows the average incoming information flow for 
the ROIs considered during the 3 different situations in the 
Alpha band. The average behavior of the population clearly 
shows a major involvement of the BA 8 right during 
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defection. In Fig. 2B) the high number of strong connections 
outgoing from the ACC separates the DFT conditions from 
the others. 

 
Fig. 1 Average causality patterns for the three experimental conditions in 
the Alpha band. Each node represents a ROI; the information flow is 
represented by an arrow whose color codes for the number of subjects 
having such connection and whose thickness codes for  its average 
intensity. 
 

B. Efficiency 
To assess significant differences among values of different 
subject in different bands and condition, we used the 
analysis of variance (ANOVA). In particular, main factors 
of the ANOVAs will be the “within” factor TASK (with 3 

levels: COP, DFT, TFT) and BAND (with four levels: 
THETA, ALPHA, BETA and GAMMA). Greenhouse & 
Geisser correction was used.  Besides, post-hoc analysis 
with the Duncan’s test at the p=0.05 statistical significance 
level was performed. Fig. 3A) and 3B) show the average 
trends of Global and Local efficiency respectively, grouped 
by the TASK factor and across the BANDs. The Global 
efficiency shows significant differences in the TASK factor 
(F=10.495, p=0.00026) and in the BAND (F=26.130, 
p=0.000). Duncan’s test revealed an interesting strong 
difference among the values of the conditions in the Alpha 
band: 

 
Fig. 2 A) Average in-strength Sin in the Alpha band for the three 
experimental tasks. On Y-axes mean strength value of 22 subjects, on X-
axes the 16 Rois are listed.,B) Average out-strength Sout; same conventions 
as above. 
 

.DFT>COP (p=0.049), TFT<COP (p=0.018) and 
DFT>TFT (p=0.000). Only the BAND factor is significant 
(F=5.4381, p=0.002) for the Local efficiency values, 
showing a decreasing trend when increasing the frequency 
content.  

IV. DISCUSSION 
The analysis of the strengths involved in the functional 
networks confirmed the major role of some cortical areas 
already known as being typically active during an interactive 
game. The most consistently activated structure in social 
interaction paradigms is the medial prefrontal cortex, which 
is found to be active in all the situations analyzed. The role 
of the ACC assumes a main character being a discriminant 
factor for the “defect” attitude of the entire population, as 
revealed by the study of the Strength index (Fig. 2) and by 
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the average connectivity networks (Fig. 1) in the Alpha 
content. Moreover, in the same Alpha band, we found a 
significant difference in the global communication within 
the cortical networks for the DFT task (Fig. 3). In this 
situation, the level of global integration among the cortical 
areas is higher when compared with the cooperation and 
even more with the Tit-For-Tat condition. We speculate that 
the importance of the cortical activity developed in the ACC 
region of the brain during the defect condition could be due 
to the generation of an accurate guess about the behaviour of 
the opponent in such condition. This more accurate guess of 
the behaviour of the opponent than in the Tit-For-Tat 
condition is compatible with the Theory of Mind results 
which stated the importance of the ACC region to generate 
an accurate estimate of the other’s behaviour.  

Fig.3 A) Average trends of Global efficiency grouped by the TASK (COP, 
DFT, TFT) factor and across the BANDs. Vertical bars denote 0.95 
confidence intervals. B) Average trends of Local efficiency; same 
conventions as above. 
 
In conclusion, the present study demonstrated the capability 
of the EEG hyperscanning technique to follow the brain 
activity in a group of normal subjects during 
cooperative/competitive games derived from the game 
theory. 
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