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Th e study of brain networks is based, to a large extent, on pairwise measurements of relationships. Such pairwise relationships 
can be estimated from brain electrical activity measured from the scalp with routine EEG, from intracranial electrodes during 
monitoring for epilepsy surgery, or with functional MRI (fMRI) measurements. Here we focus on the study of brain networks 
through the measurement of pairwise relationships in brain electrical activity as measured by intracranial EEGs. Intracranial 
EEG data from 11 patients were tested for the presence of relationships which would confi rm or disconfi rm the presence of 
a resting state network which has previously been observed with fMRI. Mutual information was used as a measure of 
relationship.
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Introduction
Th e normal brain has recently been characterized by 
a resting state network defi ned from functional magnetic 
resonance imaging (fMRI) measurements. Greicus et al 
used diff usion tensor imaging as well as fMRI to validate 
their hypothesis that resting state functional connectivity 
refl ects structural connectivity [1]. Th e default mode 
network was made up of the following regions: medial 
prefrontal cortex, medial temporal lobes, and posterior 
cingulate cortex/retrosplenial cortex. More recently, 
Fox et al have observed resting state brain networks using 
the fMRI blood oxygen level dependent (BOLD) signal. 
Th ey removed a global signal, which includes the signal 
fl uctuations common to the entire brain and once 
the global signal was removed, underlying neuroanatomi-
cal relationships were revealed [2]. Skudlarski et al 
validated resting state temporal correlations using 
diff usion tensor imaging [3]. Mantini et al studied 
the electrophysiological signatures of resting state 
networks in the human brain by combining fMRI and 
electroencephalogram (EEG) data [4]. Olbrich et al also 
combined EEG and fMRI data to study resting state 
networks. Th ey found BOLD signals in patients increased 
in the occipital cortex, the anterior cingulate cortex, 
the frontal cortex, the parietal cortices, and the temporal 
cortices whereas the BOLD signals decreased in the 

thalamus and some parts of the lateral ventricles when 
they compared the time prior to sleep onset to relaxed 
wakefulness. Independent component analysis was used 
by these investigators to show that the occipital, frontal, 
temporal, and thalamic areas were part of the resting 
state network [5].

In this study we tested for the presence of a resting 
state network in intracranial EEG (icEEG) recorded 
from patients with refractory epilepsy who were 
undergoing evaluation for epilepsy surgery. Intracranial 
electrode contacts in specifi c locations were identifi ed 
and mutual information was estimated for segments of 
icEEG up to 1 hr in duration for the presence 
of relationship which would confi rm the presence of 
a resting state network which has been described from 
fMRI measurements.

Methods
Th e icEEG were collected from eleven patients being 
evaluated for epilepsy surgery while the patients were 
in a resting state, one hour prior to sleep and removed 
in time from seizure onset. Th e icEEG recordings 
were one hour in duration. Th ey were recorded from 
electrodes in one of three areas: (1) anterior cingulate 
and frontal orbital, (2) posterior cingulate and mesial 
parietal, and (3) superior temporal and/or lateral frontal. 



information is seen between the anterior cingulate and 
posterior cingulate than those areas and the control area, 
so there is not enough evidence using mutual information 
to support the hypothesis.

Table 1. Mutual Information.

Patient AC/PC AC/ST PC/ST
1 0.1928 0.2080 0.2267
2 0.4639 0.1905 0.2164
3 1.6247 1.6743 1.8933
4 0.3389 0.2241 0.3797
5 0.1888 0.1596 0.1862
6 0.6389 0.6675 2.1402
7 0.2053 0.2059 0.2684
8 0.2499 0.1957 0.2180
9 0.2137 0.2539 0.4110

10 0.1969 0.1969 7.8201
11 0.4296 0.4630 0.3585

Discussion
Seizures are possibly an extreme example of brain 
synchronization, so it is natural to consider patients with 
epilepsy when studying the synchronization of areas 
within the brain. Th ough seizures in partial epilepsy have 
historically been considered to begin from a spatially 
discrete focus, it is possible that large scale brain networks 
may play a role in the generation of seizures. If these 
networks can be reliably defi ned, then they may suggest 
alternate methods and targets for controlling seizures. Th e 
defi nition of resting state networks in normal subjects 
raises the following important questions: (1) do resting 
state networks exist in patients with epilepsy, and (2) if 
they exist, could they possibly be distorted in a manner 
which gives rise to seizure. Here we tested for the presence 
of one resting state network and did not observe support 
for its presence. Th is lack of support may suggest the 
absence of this resting state network in patients with 
epilepsy or it may refl ect the diff erence between fMRI 
and icEEG, as the former primarily measures very low 
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Fig. 1. These two images show the location of intracranial electro de contacts in an example patient. We were interest ed 
in testing for the presence of a relationship between anterior cingulate and posterior cingulate. A third location, the 
superior temporal area, was used as a control location.

Th e fi rst two of these areas are part of the default network 
defi ned from fMRI studies, whereas the third area 
was used as a control. Th e icEEG were examined for 
artifacts. Artifacts were marked at a one second resolution, 
and artifact contaminated 1-second segments were 
deleted. Mutual information was used to test for the 
presence of relationships between the three defi ned 
locations.

Mutual information is a measure of the information 
between two random variables or more generally between 
two stochastic processes (see the appendix for the 
defi nition of mutual information). Mutual information 
can provide a natural measure of the relation between 
two collections of data, especially by the well known 
interpretation from information theory [6]. Mutual 
information can measure both linear or nonlinear 
relationships and can be used for stochastic processes. 
Mutual information can be defi ned in terms of the 
entropy and the conditional entropy. For simplicity of 
discussion, the entropy and the mutual information are 
given for discrete random variables.

Th e generalization to continuous random variables is 
straightforward. Th e strengths of mutual information are 
that it is nonnegative, 0 for independent random 
variables or processes, widely used in studies, and a basic 
tool in information theory. Th e weaknesses of mutual 
information are that it is necessary to estimate the 
probabilities for data, so one only has an estimate of the 
mutual information and its value is dependent on the 
sample size.

Results
In Table 1, using mutual information, there did not 
appear to be enough evidence to support the hypothesis. 
Patient 2 demonstrated some evidence for this relationship 
since the mutual information was greater for the anterior 
cingulate and the posterior cingulate than for either of 
those two areas and the superior temporal control area. 
However, in most of the patients, a smaller mutual 
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I (X ;Y ) =
∫

Y

∫
X p(x, y)l o g ( p(x,y)

p1(x)p2(y)
)d x d y, in the

case of a continuous type random variable, p(x, y) is
the joint probability density function of X and Y, and
p1(x) and p2(x) are the marginal probability density
functions of X and Y, respectively.

I (X ;Y ) =
∑

y∈Y
∑

x∈X p(x, y)l o g ( p(x,y)
p1(x)p2(y)

), in
the case of a discrete type random variable, where
p(x, y) is the joint probability mass function of X and
Y, and p1(x) and p2(x) are the marginal probability
mass functions of X and Y, respectively.

The base of the logarithm in these definitions de-
termines the numerical scale used to measure infor-

frequency changes refl ective of hemo dynamic change 
while the latter refl ects neuronal activity.

Conclusions
We did not observe a strong relationship between the 
anterior cingulate and the posterior cingulate in icEEG 
recordings from epilepsy patients. In future work we will 
consider other measures of relationship and known 
networks will be mapped and then compared to those in 
patients with epilepsy to look for similarities and 
diff erences.

Appendix. Mutual Information

mation. The most common bases are 2 and e. For
base 2 logarithms, the numerical value of I (X ,Y ) is
called the number of bits (binary digits) of informa-
tion, and for natural logarithms, the numerical value
of I (X ,Y ) is the number of nats (natural units) of in-
formation. The number of nats is the number of bits
times l n2= 0.693. [7]


