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Abstract—This work introduces an algorithm for localization
of the seizure onset zone (SOZ) of epileptic patients based on
electrocorticography (ECoG) recordings. The algorithm represents the set of electrodes using a directed graph in which nodes
correspond to recording electrodes, while the edge weights are
the pair-wise causal influence. This causal influence is quantified
by estimating the pair-wise directed information functional. The
SOZ is inferred from the graph by identifying nodes which act
as sources of causal influence. Results based on several datasets
show a close match between the inferred SOZ and the SOZ
estimated by expert neurologists.

I. I NTRODUCTION
Epilepsy is one of the most common neurological disorders
affecting about 0.5 − 1% of the world population. It is
characterized by recurrent unprovoked seizures, in which a
sudden burst of uncontrolled electrical activity occurs within
a group of neurons in the cerebral cortex, resulting in a
variety of symptoms ranging from muscle stiffness to impaired
consciousness [1]. Epileptic seizures can be divided into two
groups, based on the location in the brain from which the
seizures originate and how they propagate: Partial, or focal,
seizures originate from a limited area in the brain, commonly
referred to as the seizure onset zone (SOZ). In contrast, generalized epilepsy seizures begin with a widespread discharge
that involves the entire brain. Despite the fact that the term
“generalized seizure” is frequently used, [2] demonstrated
that some epileptic seizures that appeared to be generalized
actually had a focal onset. Moreover, according to [3], about
80% of the seizures are believed to be focal in nature. In
this work we consider focal epilepsy and present an algorithm
for SOZ localization, defined as determining the area in the
brain where the focal seizure originates. A guiding hypothesis
throughout this our work is that in focal seizures there is a
singular focal point, from which the seizure originates.
The aim of epilepsy treatment is to suppress the seizures.
In most cases, treatment with antiepileptic drugs is successful,
yet, this treatment is not effective for about one third of the
patients [1], and they are diagnosed with refractory epilepsy.
The traditional treatment for refractory epilepsy is a surgical
procedure, in which the SOZ is first located and then possibly
removed (if it is not responsible for indispensable brain
functions). The main tool for SOZ identification is invasive
electroencephalogram, also known as electrocorticography
(ECoG), in which grids or strips of electrodes are placed on
the cortex. ECOG allow a direct measurement and recording
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of the brain’s electrical activity (local field potentials). These
recordings, together with video monitoring, are used by expert
neurologists to approximate the electrodes associated with the
area within which the SOZ lies. Another treatment approach
for patients with refractory epilepsy is electrical stimulation
[4], and in-particular closed-loop SOZ stimulation [5]. In both
of these treatment options, accurate localization of the SOZ is
critical in the treatment of patients with refractory epilepsy.
The objective of the current work is to design an algorithm
that localizes the SOZ based on the ECoG recordings. Such
an automatic solution will increase the localization accuracy
as well as save analysis time for the neurologists.
As reported in [6], focal seizures start in the SOZ and spread
to surrounding areas in the brain. The algorithm proposed
in this work builds upon this understanding: Just before a
seizure starts, namely, in the pre-ictal phase, signals recorded
at electrodes close to the SOZ should have a relatively large
causal influence on the rest of the recorded signals. However,
to fully quantify the statistical causal influence between two
electrodes, one must evaluate this influence when conditioning
on the rest of the electrodes [7]. For a large number of electrodes, this task is computationally demanding and requires
a huge amount of data per each seizure. The algorithm we
propose uses a practical approximation by considering the
electrodes as nodes in a directed graph, where the edges
weights are estimations of the pair-wise causal influence. Then
the algorithm infers the SOZ based on the graph properties.
Detection and quantification of statistical causal influence
among time-series is a long standing problem in signal processing [8]. Roughly speaking, causality measures can be
divided into two groups: parametric and non-parametric, and
can be estimated in the time or in the frequency domain.
Parametric measures implicitly assume that the observed timeseries follow a specific model, which makes estimation more
efficient and simpler. On the other hand, a mismatch between
the observed time-series and the assumed model usually leads
to poor results. Examples for parametric causality measures
are Granger causality in the time domain, and its counterpart
in the frequency domain, direct transfer function (see [9] for
a detailed review). As an accurate statistical model for ECoG
recordings is not known, we propose to use the non-parametric
causality measure of directed information (DI) [10], taken
from the field of information theory [11]. To estimate the
pairwise DI, we use a novel estimator based on the k-nearestneighbor (k-NN) principle, which extends the best known
mutual information estimator [12]. Our analysis indicates
that this estimator is more accurate than other known non-

Fig. 1: High level description of the per-block processing. V is an 10 · Fs × N matrix of the ECoG recordings. X is an N0 × N, N0 ≤ 10 · Fs matrix,
containing the inputs to the graph estimation. G is the estimated graph, and S is a set of electrodes corresponding to the SOZ.

parametric estimation approaches such as the k-NN estimator
of [13], estimation of the causal conditional likelihood via
kernel density estimation [14], or estimation via correlation
integrals [15].
Numerus works studied the problem of SOZ localization
based on ECoG recordings, see [1], [14] and references
therein. Most of the algorithms proposed in these works follow
a similar high-level structure: 1) Pre-processing of the ECoG
recordings; 2) Estimation of a connectivity graph; and 3)
Inference of the SOZ from the estimated graph. This structure
is illustrated in Fig. 1. The algorithm proposed in the current
work follows a similar approach, yet it implements each step
differently. In contrast to most of the works mentioned in
[1], our proposed algorithm uses DI to quantify the causal
influence, thus avoiding the assumption of a parametric statistical model. Furthermore, this algorithm uses an improved
estimator compared to the estimators proposed in [14] and
[15]. This improvement requires fewer samples for estimation,
thus, we can estimate DI from a time interval that is more
stationary. Note that despite the recent advances in automated
SOZ localization, the gold standard is still considered to be
the localization performed by neurologists. Hence, to evaluate
the performance of our proposed algorithm, we compare its
inference to the inference made by expert neurologists and
show that for three patients these two inferences match.
The rest of this paper is organized as follows: Section II
formally defines the problem. Section III discusses the DI
functional and proposes a method to estimate it. Section IV
describes the proposed algorithm, and Section V presents the
localization results.
Notation: We denote random variables (RVs) by upper case
letters, X, and their realizations with the corresponding lower
case letters. We use the short-hand notation X1n to denote
the sequence {X1 , X2 , . . . , Xn }. We denote random processes
using boldface letters, e.g., X. Matrices are denoted by sansserif font, e.g., V. We denote sets by calligraphic letters, e.g.,
S, where R denotes the set of real numbers. Finally, fX (x)
denotes the probability density function (PDF) of a continuous
RV X on R, and log(·) denotes the natural basis logarithm.
II. P ROBLEM D EFINITION
The input in the considered problem is a data-set, listed in
the iEEG portal [16], corresponding to a patient with refractory
epilepsy. Each data-set contains ECoG recordings, i.e., voltage
traces, as well as annotations indicating which time intervals
in the recordings correspond to seizures. The data-sets also
include reports describing the spatial locations, on the cortex,
of the electrodes, and comments by expert neurologists as
to where the seizures originate from. An electrode that is

highlighted in the comments is referred to as an electrode of
interest (EOI). Note that the data-sets may contain recordings
from several strips and grids. In such cases the algorithm
analyzes the largest grid of electrodes.1
Based on the annotations in the data-sets, the algorithm uses
ECoG signals from two types of 10 second intervals (blocks):
Pre-ictal blocks and rest blocks. Pre-ictal blocks are recordings
from a block right before a seizure. Intuitively, in pre-ictal
blocks the seizure activity has not spread out across the brain
yet, and therefore these blocks should give the clearest insights
as to the SOZ location. Rest blocks are randomly sampled
from intervals that exclude seizures, artifacts, and 10 second
windows before and after seizures. In this time, the patient is
either resting or awake and conscious. These blocks are used
for significance testing.
Fig. 1 provides a general description of the processing
applied for each block. Let the sampling rate used in recording
the considered data-set be Fs , and let the number of recorded
electrodes be N . The input for the block processing is a
10·Fs ×N matrix V, in which the ith column corresponds to the
recordings from the ith electrode. The algorithm applies preprocessing on the matrix V resulting in an N0 ×N, N0 ≤ 10·Fs
matrix X. We refer to this phase as pre-processing since it
precedes the core of the algorithm, namely, estimating the
directed graph. This estimation takes as input the matrix X and
outputs a matrix G representing a directed graph. [G]i,j is an
estimation of the causal influence of the signal recorded in the
ith electrode on the signal recorded in the j th electrode. Finally,
the algorithm infers a set of electrodes S ∈ {1, . . . , N } from
G, and declares it to be the SOZ.
Before providing a detailed description of the proposed
algorithm, in the next section we discuss the DI functional
and show how it can be estimated from the ECoG recordings,
thus, quantifying the pair-wise causal influence.
III. Q UANTIFYING THE PAIR - WISE C AUSAL I NFLUENCE
A. Directed Information - Definitions and Background
We first recall the definitions of differential entropy and
mutual information (MI) [11, Ch. 8]. Consider the RVs X ∈
Rdx and Y ∈ Rdy , with marginal PDFs fX (x), fY (y) and joint
PDF fX,Y (x, y). The differential entropy of X is defined as
h(X) , −E{log fX (x)}, where h(Y ) is defined similarly.
Using these definitions, the MI between X and Y is given
by I(X; Y ) = h(Y ) − h(Y |X) = h(X) + h(Y ) − h(X, Y ).
The mutual information between the sequences X1N and Y1N
is similarly given by I(X1N ; Y1N ).
1 In
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Let X and Y be arbitrary discrete-time continuousamplitude random processes, and let X N ∈ RN and Y N ∈
RN , be N -length sequences. The DI from X N to Y N is
defined as [10, eq. (1)]:
n
X
N
N
I(X → Y ) ,
I(X1i ; Yi |Y1i−1 ).
(1)
i=1

As stated above, DI aims at quantifying the causal influence
of the sequence X N on the sequence Y N . The directed
information rate between the processes X and Y is defined
as [10, eq. (12)]:
1
I(X N → Y N ),
(2)
I(X → Y) , lim
N →∞ N
provided that this limit exists. We now make the following
assumptions regarding the processes X and Y.
A1) The random processes X and Y are assumed to be
stationary, ergodic, and Markovian of order M in the
observed sequences. The stationarity assumption implies
that the statistics of the considered random processes
is constant throughout the observed sequences. From a
practical perspective, stationarity is required to ensure
that the causal influence does not change over the observed sequences. Ergodicity is assumed to ensure that
the observed sequences truly represent the underlying
processes. Finally, the Markovity assumption is common
in modeling real-life systems which have finite memory,
in particular in neuroscience [14], [17], [18]. We formulate the assumption of Markovity of order M in the
i−1
observed sequences via f (yi |Y1i−1 ) = f (yi |Yi−M
) and
i−1
i−1
i−1
i
f (yi |Y1 , X1 ) = f (yi |Yi−M , Xi−M ), i > M . Here,
we use the simplifying assumption that the dependence
of yi on past samples of Y1i−1 and X1i is of the same
order M . Note that in the above Markovity assumption,
i−1
i−1
we implicitly assume that given (Yi−M
, Xi−M
), yi is
independent of Xi , which reflects a setting in which Xi
and Yi are simultaneously measured, as in the case of
ECoG recording.
A2) The entropy of the first sample y1 exists: |H(Y1 )| < ∞.
A3) The following holds: |H(YM +1 |Y1M , X1M )| < ∞.
Under these assumptions, [14, Lemmas 3.1 and 3.2] imply that
I(X → Y) exists and is equal to:
i−1
i−1
I(X → Y) = I(Xi−M
; Yi |Yi−M
), i > M.
(3)
In view of (3), I(X → Y) has the following interpretation:
Given the past of the sequence Y , how much does the past of
the sequence X help in predicting the next sample of Y ?
Having defined DI and its interpretation, we now briefly
describe our estimator of pair-wise DI. A detailed derivation
of the proposed estimator is given in [19].
B. A New DI Estimator
Let X1N0 and Y1N0 be two (different) columns in the matrix
X, namely, the ECoG recordings after pre-processing. In this
subsection we assume that X1N0 and Y1N0 are stationary,
ergodic, and obey the Markov property of order M < N0 .
In the next section we discuss the relationship between these

assumptions and the pre-processing phase. Our estimator extends the MI estimator proposed in [20]. Let ||z||p , z ∈ Rd ,
denote the `p norm of z. We further define Γ(·) as Euler’s
gamma function and ψ(·) as the digamma function [21, Ch.
5]. Finally, we let cd,p denote the volume of the unit `p -ball
in d dimensions given by cd,p = 2d

1
))d
(Γ(1+ p
.
1
Γ(1+ p
)

i−1
To simplify the notation, for M <i≤N0 , we let Xi− ,Xi−M
−
i−1
denote the past of Xi , and Yi , Yi−M denote the past of
Yi . Using this notation, (3) can be written as I(X → Y) =
I(X − ; Y |Y − ). For a fixed k, let ρk,i,2 denote the (2M + 1)dimensional distance between the tuple (Xi− , Yi− , Yi ) and its
k-NN, calculated
Further, for i > M , define
PN0 using the `2 norm.
−
−
I(||Y
−
Y
nY − ,i,2 , j=M
i
j ||2 ≤ ρk,i,2 ), where I(·)
+1,j6=i
is the indicator function. Note that nY − ,i,2 is the number of
samples, in the (Y − )-plane, which are within a distance ρk,i,2
from Yi− . n(Y − ,Y ),i,2 and n(Y − ,X − ),i,2 are defined similarly.
Using the above notations, the DI is estimated as follows:
ˆ → Y) = ψ(k)+log cM +1,2 · c2M,2
I(X
c2M +1,2 · c1,2
N0
X
1
log(nY − ,i,2 )−log(n(Y − ,Y ),i,2 )
+
N0 −M
i=M +1

−log(n(Y − ,X − ),i,2 ) .
(4)

In the next section we provide a detailed description of the
proposed algorithm.
IV. P ROPOSED A LGORITHM FOR SOZ L OCALIZATION
Recall that the proposed algorithm consists of three main
phases: 1) Pre-processing the data in order to facilitate accurate
and computationaly efficient estimation of the pair-wise causal
influence; 2) Estimation of the directed graph consisting of the
pair-wise causal influences; and 3) Inferring the SOZ from the
estimated graph. We now describe each of these steps in more
detail.
A. Pre-Processing
The pre-processing consists of 4 steps: First, the common
reference is removed from all the recorded signals [22]. Then,
each column of the matrix V is filtered using a 60 Hz notch
filter to remove line-noise [3]. Next, each column of the matrix
V is down-sampled to 100 Hz.2 Recalling that each block is 10
seconds long, this implies that N0 = 1000. Finally the mean
of each column is removed and each column is normalized to
have a unit variance.
While removing the common reference, the line noise, and
the mean of each recorded signal, as well as normalizing
each recorded signal, are straight-forward steps, down sampling requires further discussion. To understand the motivation
for down-sampling we first note that ECoG signals are approximately stationary only for few seconds [22]. Therefore,
following Assumption A1), we use short blocks of 10 seconds
to estimate the pair-wise DI. We note here that the works [14],
[15] used significantly longer blocks in order to have sufficient
2 The

sampling rate in the iEEG portal is between 500 Hz and 5 KHz.

number of samples for estimating the DI. We further note
that the number of samples required for accurate estimation
grows exponentially with the Markov order M [23, Sec.
V.E]. Clearly, to have an accurate description of the statistical
properties of the considered signals, M should capture the
memory of the ECoG signals. In [14] this memory was roughly
estimated to be on the order of tens of milliseconds, which
requires M > 10 for Fs = 500 Hz. Thus, the number of
ECoG samples one observes in a 10 seconds block is far from
sufficient for accurate estimation.
To tackle this challenge we down-sample the ECoG signals
to 100 Hz, thus, the required M is significantly smaller, i.e.,
smaller than 10. Note that the above down-sampling filters
out all data in frequencies larger than 100 Hz. Filtering the
high frequencies was also applied in [3], yet, by doing so one
ignores high frequency oscillations [24].
B. Estimating the Causal Influence Graph
In recent years several works proposed to analyze ECoG
recordings using tools from graph theory, see [25] and references therein. Following this approach we construct a graph
G with N nodes, each representing a recording electrode. Let
[X][:,i] denote the ith column of the matrix X. Then, the weight
of the edge between the ith and j th nodes in G is given by
ˆ
ˆ
[G]i,j = I([X]
[:,i] → [X][:,j] ), [G]i,i = 0, where I(X → Y)
is given in (4). For these estimations we used k = 5 and
M = 5, namely, we used 5 nearest-neighbors while the
memory length was assumed to be about 50 milliseconds. We
observed that the algorithm is fairly robust to minor changes
in these parameters. Note that the resulting graph is fully
connected and asymmetric (DI is not a symmetric functional).
As [G]i,j is estimated from a finite number of samples,
it is important to assess the statistical significance of this
estimation. A lack of statistical significance may imply that
there is no causal influence between the considered signals,
and the estimated values is due to either the noise or the
estimation error. In this case one may choose to set [G]i,j = 0.
This statistical significance can be calculated using the nonparametric bootstrapping procedure described in [26]. However, since this phase of the algorithm already requires a
major computational load, applying bootstrapping amounts
to multiplying the computational complexity by a factor of
at least 20. For this reason, we do not check the statistical
significance of the pair-wise estimations, and instead verify
the statistical significance of the whole algorithm, as described
in the next subsection.
C. Inferring the SOZ
Before discussing how to infer the SOZ, we first note that
some data sets may contain multiple seizures, thus, based on
the assumption that there is a single focus, we combine all
seizures by averaging the estimated graphs, resulting in a new
graph Ḡ.
Recall the observation that focal seizures start in the SOZ
and spread to surrounding areas in the brain [6]. Based on this
understanding, and since the graph Ḡ aims at representing the
causal influences between the different recordings, the nodes

Data-set

Sex

Seizure
Onset

Seizure
Type

#Seizures

Outcome
Class

Study 020
Study 023
I001_P034_D01

M
M
F

RF
LO
RF

CPG
CP
CPG

8
4
16

IV
I
NF

TABLE I: Patients Information. RF - Right frontal, LO - Left occipital,
CP - complex-partial, CPG - complex-partial with secondary generalization,
NF - No follow-up.

in the SOZ should intuitively have properties reminiscent of
sources. More precisely, let the net-flow of a node i ≤ N , be
defined as:
N
X
Fi ,
([Ḡ]i,j − [Ḡ]j,i ).
(5)
j=1

Then, intuitively, nodes in the SOZ should have relatively high
Fi compared to other nodes in Ḡ. Let S0 ∈ {1, 2 . . . , N } be the
set of nodes (electrodes) which constitute the top p0 percentile
of {Fi }N
i=1 . While S0 is a natural candidate to be the SOZ,
we still need to verify that the values associated with these
nodes are statistically significant. For this reason we create a
null-distribution, for each Fi . Let NS denote the number of
seizures in the data-set. We randomly choose Ns rest blocks
from the data-set and for these blocks we calculate the netflow values {F̃i }N
i=1 . We repeat this procedure 200 times and
create an empirical PDF for each one of the F̃i . We define
S1 ∈ {1, 2 . . . , N } to be the set of nodes for which Fi is larger
than (100 − p1 )% of the values in the empirical PDF of F̃i .
Finally, the algorithm declares S, the SOZ, as: S = S0 ∩ S1 .
V. R ESULTS AND D ISCUSSION
To demonstrate the efficacy of the proposed algorithm we
tested it on three data-sets taken from the iEEG portal [16].
The patients’ information is detailed in Table I. All the considered patients went through resection. The sampling frequency
for the data-sets Study 020 and Study 023 is Fs = 500
Hz, while for I001_P034_D01 it is Fs = 5 KHz. For each
one of the data-sets we considered the large grid located over
the suspected SOZ. The number of electrodes in these grids
differs from one data-set to another. The grid in Study 020
consists of 24 electrodes, the grid in Study 023 consists
of 64 electrodes, and the grid in Study I001_P034_D01
consists of 36 electrodes. For the seizures start time we used
the neurologists’ annotations.
The localization results for the data-sets detailed in Table I
are presented in Fig. 2. As a ground truth we use the EOIs
indicated by the neurologists and detailed in the data-sets
reports. In Fig. 2, these electrodes (nodes) are marked by a
bold annulus, whereas the nodes detected by the proposed
algorithm are marked by solid circles. It can be observed that
for all three data-sets the algorithm accurately localizes the
SOZ. In the SOZ inference phase, see Section IV-C, we used
the values p0 = 5 and p1 = 10. We note here that these values
control the tradeoff between false-alarm and miss-detection.
This can be clearly observed in Fig. 2b in which node 7D is
far from the suspected SOZ. Building upon the assumption of

(a) Study_020

(b) Study_023

(c) I001_P034_D01

Fig. 2: Localization results for the data-sets in Table I. Sub-figure (a) is the RAG grid in data-set Study_020, where node 1F corresponds to electrode RAG1
and node 4F corresponds to electrode RAG19. Sub figure (b) is the LTG grid in data-set Study_023, where node 1A corresponds to electrode LTG1 and
node 1H corresponds to electrode LTG8. Sub figure (c) is the GRID grid in data-set I001_P034_D01, where node 1F corresponds to electrode GRID1 and
node 1A corresponds to electrode GRID6. Note that even though node 6A–6B are mentioned in the report, their recordings are missing from the data-set.

a single focus, a possible approach to eliminate such falsealarms is to account for the spatial location and choose the
nodes that are closely located. In Fig. 2b such an approach
leads to the nodes 1H–3H.
We conclude this paper with several future research directions. We first note that due to the decimation applied as part
of down-sampling, see Section IV-A, a large number of the
samples are not (directly) used in the DI estimation. This
can be tackled by processing all the different phases of the
decimation output. We further note that currently the algorithm
uses a heuristic choice of the Markov order M , see Section
IV-B. One of our future research directions is to develop
methods for estimating M from the data. Finally, we plan to
derive more sophisticated methods to infer the SOZ from G.
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