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Abstract

This electronic document is a live template. The
various components of your paper [title, text,
heads, etc.] are already defined on the style sheet,
as illustrated by the portions given in this docu-
ment.

1 Introduction

Absence seizures are characterized by generalized
3Hz spikewaves whose emergence is believed due to
a feedback loop interaction between thalamus and
cortex [15]. More recent studies are putting this
mechanism of generation of absence seizures into
question [19, 18] by suggesting a more important
role played by the cortex.

Since patients with absence seizures usually are
not candidates for surgery, attention is devoted to
seizure event detection via non-invasive techniques
such as the EEG whose time series we analyze here
for insights about patient condition as inferred by
directed connectivity analysis and its meta-analysis
with help networks summarized via graph theoret-
ical measures [22].

Network inference defines the kind of graph mea-
sure that can be employed. Some such mea-
sures require estimating the directionality of con-
nection information flow whereas other measures
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take into account link weights representing inter-
action strength. In this work we will employ a
single measure that allows inferring networks that
are at once directed and whose weights represent
frequency domain coupling strengths for patients
with episodic absence seizures. Networks inference
is carried out at 3Hz, which is where EEG signal
spectra peak for these patients. IThis also ensures
spurious connection free graphs and prevents arti-
facts due other frequencies.

By analyzing these networks at 3Hz we show pat-
terns of causal interactions between brain regions
that suggest a more important role is played by
some sites during the course of the seizure. Fur-
thermore, since we have interaction directionality,
we not only investigate the sources of causal inter-
actions but also the regions that are targets of the
driving nodes which together present a character-
istic pattern during the ictal period.

2 Materials and methods

2.1 Data

The data analyzed were multivariate EEG signals,
using 20 electrodes and following the International
10-20 System from 8 patients with absence seizures.
The signal was acquired at a rate of 256 Hz and
then partitioned into windows lasting 5 seconds
each with an 80% time overlap between them. One
seizure per patient was analyzed, with 5s long time
windows before seizure start and another equal win-
dow after seizure end. Ictal period duration varied
from 5 to 33 seconds.

For each time window, the connectivity matrix
was inferred using both iPDC and GC from the
Matlab package AsympPDC v3 [] considering α =
0.01. In order to ensure data stationarity, possi-



ble signal linear trends were removed by taking the
first time difference. Autoregressive model was es-
timated through AIC and ranged from 4 to 9.

2.2 Causality Inference

An approach to estimate causal relationships from
one neuronal population to another is through es-
timating the predictability of the activity of on one
region onto the activity of another. The statistical
framework that allow us to verify these relation-
ships is called Granger causality testing (GC) which
is beginning to be systematically applied in various
studies in neuroscience [6]. Since causal influences
between brain regions is often related to oscilla-
tory behaviour, methods to infer causal relations
in frequency domain have been proposed, among
them, the Partial Directed Coherence (PDC) which
is based on the fourier transformed coefficients from
the multivariate auto-regressive model [3]. A com-
parison between different measures of causality in
frequency domain can be found in [].

3 Results

Figure 1 shows an example of the inferred con-
nectivity matrices at 3 Hz for two patients. Note
the high level of intra-personal difference between
them, which, however changes into a fair degree of
similarity after the seizure with respect to the simi-
larity of the connectivity before seizure onset. Even
with this level of variability some patterns can be
found by investigating these matrices. A survey of
the findings of epileptic networks can be seen in
[15, ?].

spectrum is concentrated at this band []. In this
way, these matrices will be free from connections
related with other brain activities or undesirable
relations, for example, spurious connections from
noise or movement artifacts.

iPDC shows an increase in the causal
relationship between the signals dur-
ing ictal period.

An advantage of iPDC over GC is its ability to mea-
sure the intensity of causal relation on a frequency
region basis. Exploring this feature can help un-
derstand link network dynamics, an often neglected
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Figure 1: Adjacency matrices inferred using iPDC
for frequency 3Hz. Upper frame left is for a time
window before seizure for subject 1, upper right is
before ictal for patient 7, mid left and mid right are
matrices during inferred using the first 5 seconds
of ictal, bottom left and bottom right are after the
ictal end. The gray levels are the intensity of causal
relationship.

feature, since most current research work focus on
evolving epileptic networks with their global topo-
logical patterns and characteristics as measured
from considering the nodes (electrodes) the central
elements of interest[15].

Figure 2 shows the mean of each iPDC connec-
tivity matrix over time. Note the increase in mean
intensity during the seizure and its return to pre-
seizure levels after the seizure is over. This behavior
is probably related with the hypersynchronization
during the ictal period, where coupling between sig-
nals becomes most intense. Performing a left sided
Wilcoxon signed rank test to check if the medians
are equal against the alternative hypothesis that it
is less than zero returned p-value 0.003 indicating
there is enough evidence to conclude that the me-



dian before the ictal is less than the median after
it.

0 5 10 15 20
0.006

0.008

0.01

0.012

0.014

0.016

0.018

i
n
t
e
n
s
i
t
y

subject 1

0 5 10 15 20
0

0.005

0.01

0.015

0.02

0.025

subject 3

0 5 10 15 20
0

0.005

0.01

0.015

0.02

0.025

time window

i
n
t
e
n
s
i
t
y

subject 4

0 5 10 15 20 25

0.01

0.015

0.02

0.025

0.03

0.035

subject 7

time window

Figure 2: Mean of the iPDC intensity along time,
the vertical lines points to the start and end of the
ictal.

Some nodes present source behavior
during seizure.

Since the previous feature of higher intensity during
seizure was calculated by the mean of the matrix,
it was a coarse approximation of the whole causal
interactions. In order to see the evolution of the
causal links, for each time window, the weighted
avarage of the out-connections of each node were
calculated as shown in Figure 3 which portrays the
connection dynamics in terms of connection weights
on a per-channel basis. This avarage considered
only links which were significant, then, for each
connectivity matrix M , from time window t, the
avarage for each channel j is expressed by wt,j =∑

iMi,j/nj where nj was the number of signifi-
cant out-degree connections for electrode j. Note
that in all subjects, some regions have strong out-
connection during the seizure, these nodes present
a hub-like behavior, in other words, they are impor-
tant nodes that are driving the others. The box-
plots gives an idea about the of presence of outliers,
nodes with higher out-degree than the mean.

The GC is closely associated with the concept
of information flow [5, 8], in this way, these hubs
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Figure 3: Avarage of causal interaction for each
node along time. Some regions shows higher causal
interactions than others (columns) which the dura-
tion of this behavior is limited to the duration of
ictal. The seizure starts at time window 6.

can be interpreted as nodes with integrative in-
formational role, connecting different regions and
representing zones of convergence between special-
ized modules of neural processing [20]. This mech-
anism of integration are responsible for the emer-
gence of synchronization and others dynamical pat-
terns which are a common feature in a healthy brain
[25, 10]. In fact, hubs were also found in pre-ictal
period, fig. 3 channel T7 from subject 5 was a hub
after and during seizure, but as the causal itensity
increases during seizure (see fig. ??), more causal
relations arises in a non-uniform way, instead, few
nodes concentrates the most part of causal interac-
tions during the seizure. This pattern of some brain



regions increasing the coupling with multiple oth-
ers regions and retaining this behaviour until the
seizure end, may be a signature of the process of
epilepsy spreading.

The list of these hubs can be seen in table 3,
where the electrodes that were classified as hubs
are listed with how many times they have been clas-
sified over the entire period shown in parenthesis.
The criterion for this classification was based in the
number of times that the nodes are placed in the
top 10% of avarage weights. It is noteworthy that
a regular pattern of hubs occur during ictal (fig-
ure 3). For example, in the figure subject 1 has a
visible column in P8 , indicating this region have
higher weight values compared to that of the con-
nection matrix mean that remains fairly unchanged
throughout seizure duration.

Patient Pre-ictal Ictal
1 C3 (3), FZ(2) P8 (8) C3 (4)
2 C4 (2), C3 (2) F4 (9) FZ (8)
3 T2 (2), P4 (2), O1 (2) T8 (3), P4 (3), O2 (3)
4 FP1 (2), T7 (3) T8 (5), T7 (4)
5 T7 (2), OZ (2) F8 (4), T7 (4)
6 P7(4), P8 (2) OZ (10), P7 (10)
7 C3 (3), T8 (2), O2 (2) FP1 (9) P3 (5)
8 FP1 (3), F7 (2), C4 (2), P7(10, FP2(9)

Table 1: List of nodes identified as hubs for each
patient for both pre-ictal and ictal periods.

To better visualize the behavior of these source
nodes, see figure 4 where the sum of weights of
two source nodes were plotted together with a non-
source node for subject 1. This figure is represent a
close-up view of the column for electrodes P8 and
C3 which are sources and T8 which is a non-source
node.

Note that the three curves present different dy-
namics, T8 (red dashed-dotted) has a low value
during the seizure episode and changes little from
its baseline behaviour from its pre-ictal state. By
contrast the electrode C3 (black dashed) increases
a little before the seizure and remains during the
seizure and descreases back to its value when the
seizure is over. P8 (blue solid) has a slow and con-
stant trend of increasing from seizure onset with a
subtle decrease on seizure end where it reaches a
basal value that is similar to that of other nodes.
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Figure 4: Evolution of sum of weights of two source
and a non-source node along time. The sources
nodes are the solid blue line P8 and the black
dashed line C3. The non-source is the dashed-
dotted red line corresponding to electrode T8. The
vertical black dashed lines points to the start and
ending of the seizure.

The distinct behaviour of these electrodes is likely
to reflects an as yet unknown role for these brain re-
gions and leads to some open questions: What’s the
role of regions that remain at the basal level? Are
these regions necessary for synchronization phe-
nomena? Are there different roles for source nodes?
Can a node be more decisive during the seizure on-
set, making strong ties with the largest number of
possible nodes, probably to start the phenomena
while other nodes may have more steady coupling,
related with maintenance of the hypersynchroniza-
tion. This can bring a light to a novel way to clas-
sify the role of nodes as well a new way to character-
ize epilepsy from the viewpoint of network analysis.

A previous proposal to classify hubs considered
the way which they are connected to other nodes,
hubs with connections only to other nodes within
the same community are called provincial hubs
whereas hubs linking different modules are connec-
tor hubs [12]. This approach ignores the role of the
node in the dynamics of the network and consid-
ers only the static topology of the graph, further-
more it’s is valid only for networks which can be
separated in communities. Another proposal clas-
sified hubs based in the way which they connects
or modulates the activaction from others subnet-



works of the brain, revealing three types of nodes:
default network-aligned, dorsal attention network-
aligned and dual network-aligned nodes [26]. While
this approach consider the dynamics between the
networks, it’s very specific in its domain and diffi-
cult to apply to other kinds of networks. A general
method to rank the nodes according to theis dy-
namics still lacking and can improve to visualize
and understand networks that evolve along time.

Until now, we discussed about the properties and
occurrence of source nodes with high out-degree
during absence seizures, but little is known about
the way which these nodes are interacting with
the seizure phenomena. Various theoretical re-
sults have demonstrated that networks with hub-
like structure can lead to better synchronization in
a complex network [13]. Simulation studies of rat
models show that the inclusion of a high number of
out-connection in certain nodes, transforms them
into driver nodes that can lead to more enduring
and intense seizures [21]. These studies suggests
an active role in strenghthening or spreading the
seizure by the hubs.

Other works evaluate the importance of high-
degree nodes in brain communication and points
to evidences that disruption of brain communica-
tion can be a determining factor in psychiatric dis-
orders [28]. For example, studies in schizophrenia
[16, 9, 2, 14, 1], autismo [24] and Alzheimer’s dis-
ease [7, 27] points to an abnormal presence/ausence
of hubs in patients with these disorders. As a conse-
quence of being important to communication, there
is a possibility of these nodes becoming a bottle-
neck of the information flow and thus, limiting the
capacity of cognitive processing [23, 28, 17].

Moreover, the presence of clear local dynamics
in certain brain sites, blends the definition of ab-
sence and focal epilepsy, as key characteristic of
the former the lack of a clear seizure onset zone
(SOZ). However, other studies in focal epilepsy
show that only 35% of hubs found in network anal-
ysis of epilepsy signals are part of SOZ [11], point-
ing to a more important role of other brain regions
at the start and later seizure spread. Maybe the
source found in both focal and absence seizures are
necessary to maintenance of the phenomena, and
their presence is related with the synchronization
dynamics.

Similarly, there are nodes that receive
more causal influence.

A large number of works use complex networks
measures to characterize the role of hubs in the
networks and select these nodes as candidates to
be analyzed and discussed, usually neglecting the
targets of these nodes, or the sinks. A reason for
this is the use of correlation and other symetrical
methods to investigate connectivity [29], but leav-
ing aside this properties can lead to an incomplete
understanding of the phenomena in study.

In order to visualize the nodes that are targets of
the causal relationships we did the same approach
from previous results, but this time investigating
the sum of the matrix lines. Figure 5 shows the evo-
lution over time for the sum of PDC intensity for
each electrode. Note that, again, there are nodes
that receive more interaction than others, display-
ing an evident pattern. In subject 1, the regions
from frontal cortex appears to have a stronger pat-
tern along with electrode P7, while subject 7 has an
interesting cluster on occipital lobe right at seizure
onset that completely ceases at the end of seizure.
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Figure 5: Evolution .

A edge centric approach

Instead of indentify and characterize only the
source and sink nodes, a step further would be the
analysis of the links on these important nodes. A
edge centric approach may reveal more about the
role of the nodes in a dynamical process, and, as the
seizure has spatial properties, it can provide clues
about the way that a node influences and reaches
the other nodes from the network.



4 Conclusions

In this paper we performed a connectivity anal-
ysis of EEG signals from a patient with absence
seizures. The analysis procedure inferred the ad-
jacency matrices only for the main frequency that
characterizes the phenomenon, limiting our scope
to the band where the relations are more impor-
tant and freeing the matrices from undesired con-
nections from other neural activities, noise or arti-
facts. Moreover, the causality measure, being non-
symmetric, gives directionality information, which
allowed exploring the source/sink feature of the
nodes. These findings about important nodes in ab-
sence seizures suggests a more dynamic behaviour
in this kind of epilepsy, with regions responsible
for most of the causal relations while other regions
are targets, being controlled by these driver nodes.
These results are aligned with others studies on ab-
sence seizures showing that not only a subcortical
structure is responsible by the seizure on-set, but
that the cortex also plays an important role and is
capable of showing behaviour similar to that of a
focus [19, 18].

Furthermore, taking into account the sink nodes
when analyzing networks dynamics can help under-
stand the controlability features of these networks.
Hubs are usually candidate brain sites in studies
of stimulation [4], but what will be the effect if
the sinks nodes were considered as candidates also?
How should the dynamic be affected if the sinks
were neutralized, will the sources still be operat-
ing? Answers to these questions can be useful for
new types of treatment where hub like regions are
sure to have important known roles.

As limitations of this study, we can point out
exclusive use of scalp EEG, as something unavoid-
able since this medical protocol usually prohibits
invasive investigative tecniques in absence seizure
making this the best kind of data type avaliable.
Another limitation was the low number of pa-
tients and short pre-ictal signal length, but we
are still working to address these issues in future
works. Possible next steps include comparing these
source/sink nodes via other graph theoretical anal-
ysis measures, such as betweenness, and closeness
and centrality and to extend the study to include
focal epilepsy and verify if similar patterns are also
present.
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F. Lalonde, L. Clasen, J. Rapoport, J. Giedd,
E. T. Bullmore, and N. Gogtay. The anatom-
ical distance of functional connections pre-
dicts brain network topology in health and
schizophrenia. Cerebral cortex, page bhr388,
2012.
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