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Abstract Epileptic seizures are due to the pathological
collective activity of large cellular assemblies. A better
understanding of this collective activity is integral to the
development of novel diagnostic and therapeutic procedures. In contrast to reductionist analyses, which focus
solely on small-scale characteristics of ictogenesis, here we
follow a systems-level approach, which combines both
small-scale and larger-scale analyses. Peri-ictal dynamics
of epileptic networks are assessed by studying correlation
within and between different spatial scales of intracranial
electroencephalographic recordings (iEEG) of a heterogeneous group of patients suffering from pharmaco-resistant
epilepsy. Epileptiform activity as recorded by a single iEEG
electrode is determined objectively by the signal derivative
and then subjected to a multivariate analysis of correlation
between all iEEG channels. We find that during seizure,
synchrony increases on the smallest and largest spatial
scales probed by iEEG. In addition, a dynamic reorganization of spatial correlation is observed on intermediate scales,

which persists after seizure termination. It is proposed that
this reorganization may indicate a balancing mechanism that
decreases high local correlation. Our findings are consistent
with the hypothesis that during epileptic seizures hypercorrelated and therefore functionally segregated brain areas are
re-integrated into more collective brain dynamics. In addition, except for a special sub-group, a highly significant
association is found between the location of ictal iEEG
activity and the location of areas of relative decrease of
localised EEG correlation. The latter could serve as a clinically important quantitative marker of the seizure onset
zone (SOZ).
Keywords Epileptic focal onset seizures . Quantitative
EEG . High frequency oscillations . Pre-surgical evaluation .
Seizure onset zone
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Introduction
Epilepsy is one of the most prevalent neurological disorders,
with the number of patients estimated to be at least 50
million worldwide (de Boer et al. 2008). Epileptic seizures
are not only detrimental to patients’ health and even life
threatening (Lin and Benbadis 2009), but they also place a
heavy psychosocial and economic burden on patients’ families (Smith et al. 2009) and on society at large (Zachry et al.
2009). In addition, one out of four patients undergoing
currently available treatment will continue to suffer from
epileptic seizures (Elger and Schmidt 2008; Lüders 2008).
Therefore it is of paramount importance to develop more
efficient therapies for epilepsy, including new anti-seizure
drugs and diagnostic tools. The latter will enable a greater
degree of individualization in the surgical resection of epileptogenic brain areas. To facilitate these developments, it
has been proposed that seizure mechanisms should be elucidated not only on the purely reductionist (sub-) cellular
level, but complementarily on the systems-level (Spencer
2002; Schindler et al. 2007b; Blumenfeld et al. 2009).
Otherwise stated, the aim is not to focus solely on the parts,
but also on the whole and on the relation between the parts
and the whole.
The rationale for this approach is at least threefold. First, a
systems perspective takes into account that epileptic seizures
are produced by the collective electrical activity of spatially
distributed and interacting neuronal networks (Bartolomei et
al. 2001; McCormick and Contreras 2001; Blumenfeld et al.
2004; Schiff et al. 2005; Guye et al. 2006; Weder et al. 2006).
Second, from a practical point of view, the electrical activity
and interactions of these cellular assemblies may be assessed
by electroencephalography (EEG) and may thus provide
patient-specific and diagnostically highly relevant information
(Rosenow and Lüders 2001). Third, invoking EEG recordings
allows one to assess local and global neuronal correlation
(Schindler et al. 2010) and thus places the problem of understanding the network mechanisms of seizures within the
broader context of coordination between spatially distributed
activity in the central nervous system. Specifically, it has been

proposed that physiological brain activity relies on a balance
between local and global synchrony (Silberstein 1995; Varela
et al. 2001). This balanced state is considered to be optimal for
the self-organised, cross-scale coordination of neuronal assemblies (Tononi et al. 1994; Friston et al. 1995; Bressler
and Kelso 2001; Stam and Reijneveld 2007). As a corollary,
deviations towards excessive local or global synchrony are
regarded as potential characteristics of diverse neurological or
psychiatric diseases (Uhlhaas and Singer 2006).
Epileptic seizures are classically understood as globally
synchronised brain states, an interpretation that has recently
been challenged, see e.g. Wendling et al. (2003); Schiff et al.
(2005); Schindler et al. (2007a, b), Kramer et al. (2010) or
Frei et al. (2010). On the other hand it has been shown that
epileptogenic cortex might be characterised by increased
local EEG synchrony and/or correlation (Schevon et al.
2007; Dauwels et al. 2009; Schindler et al. 2010). The
present study proceeds from the idea that at the systems
level these patches of local hypersynchrony constitute an
abnormally segregated dynamic state. Combining uni-, biand multivariate EEG analysis methods, we here investigate
the hypothesis that during epileptic seizures these functionally segregated brain areas are re-integrated into more collective dynamics.
As pointed out recently by Zaveri in the debate regarding
current controversial topics in epilepsy (Frei et al. 2010)
“measurements are typically performed at a single scale and
ignore the possibility that synchrony can be different at
different scales”. Using the systems perspective we address
the peri-ictal spatial reorganization of neuronal synchrony
on different spatial scales in a quantitative manner. Besides
the general context of improving our understanding of the
pathophysiology of epileptic seizures, the systems perspective can potentially help to separate the seizure onset zone
(SOZ) from the seizure propagation zone. The objective
delineation of the SOZ is of high clinical relevance because
it is currently considered to be the best approximation of the
epileptogenic zone, which has been defined as the brain area
that has to be surgically removed in order to render a patient
suffering from pharmacoresistent epilepsy seizure free
(Rosenow and Lüders 2001; David et al. 2011).

Materials and Methods
Patients
The data set consisted of 60 peri-ictal iEEG seizure recordings from eight patients suffering from longstanding pharmacoresistant epilepsy with focal-onset seizures. All
patients were potential candidates for epilepsy surgery. In
this heterogeneous patient group non-invasive studies had
not provided an unequivocal localisation of SOZs and
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therefore the patients underwent long-term iEEG recordings
at the Inselspital Bern in 2008 and 2009. The decision to
implant electrodes as well as decisions regarding the electrode targets and the duration of implantation were made
entirely on clinical grounds without reference to the present
retrospective research study, which was approved by the
ethics committee of the Kanton of Bern. All the patients
gave written informed consent that the data from their longterm EEG might be used for research purposes. Clinical
information regarding the patients is summarised in Tables 1
and 2. During long term EEG, patients had two to nineteen
focal-onset seizures lasting from 33 to 429 s. Epilepsy
surgery was performed in five patients, who subsequently
became seizure free for at least 1 year. After the period given
in Table 2, patients either reverted to having seizures or else
their case was closed.
EEG Data
Patients were implanted with foramen ovale, strip, grid and
depth electrodes with 40 to 104 contacts in total (see
Table 3). The iEEG was recorded using a NicoletOne™
recording system. For a detailed description of the amplifier
specifications see Schindler et al. (2010).
The sampling rate was 1,024 Hz for recordings with up
to 64 iEEG channels and 512 Hz otherwise. In all cases,
the iEEG was referenced to an extracranial electrode for
the original recording and re-referenced to the common
median of all artifact-free signals (the number of which is
denoted as M in the following) before analysis. Artifactfree channels were visually selected by an experienced
epileptologist/electroencephalographer (K.S.). Signals were
filtered in the range of 0.5 to 150 Hz using third order
Butterworth filters.

The analysed iEEG segments were 15 to 30 min in duration
and contained at least 5 min of pre-ictal and 4 min post-ictal
recording. Seizure activity, as well as seizure onset and termination times, were visually defined by an experienced epileptologist/electroencephalographer (K.S.).
Data Analysis
Our systems-level analysis of iEEG data consisted of a suite of
complementary, quantitative measures operating at three different spatial scales. In terms of the dimensions of the iEEG
electrodes used, these three scales represent i) the collective
activity of a large number of neurons beneath a single contact,
ii) the collective activity of all contacts on all electrodes and
iii) the contribution of single contacts to the whole.
Univariate signals provide information regarding (i),
whereas bivariate and multivariate measures of interrelation
are used to investigate (ii) and (iii). More specifically, quantitative analyses of the eigenvalues and eigenvectors of
interrelation matrices address scales (ii) and (iii), respectively. Each of these methods is described in detail in the
following three sections.
Univariate Analysis: Objective Detection of Epileptiform
Activity
After defining seizure occurrence by visual inspection of the
iEEG, the absolute signal slopes (more precisely an approximation to the first temporal derivative of the signals) were
used to detect epileptiform activity in single EEG channels
in an independent and objective way, as previously described in Schindler et al. (2007b). The effect of temporal
differentiation on EEG signals is investigated in more detail
in (Takigawa et al. 1994; Majumdar and Vardhan 2011). In

Table 1 Patient and seizure characteristics
ID

Sex

Age [y]

Epilepsy
duration [y]

Seizure type

iEEG seizure
onset

MRI outcome

No. of
seizures

Seizure
duration [s]

1

M

18

14

TLE

192±49

M

26

18

TLE

right hippocampal
and hemispheric atrophy
normal

5

2

temporo-polar,
mesio-temporal right
temporal left and right

5

150±62

3

M

27

20

TLE

normal

9

146±32

4

F

49

43

FLE

temporo-lateral,
mesio-temporal left
gyrus front. med. right

7

82±21

5

F

25

19

TLE

right amygdala

dysplasia in right
medial frontal gyrus
normal

2

96±34

6

F

28

23

TLE

normal

19

65±20

7

M

33

24

TLE

197±122

M

28

19

PLE

bi-occipito-temporally
abnormal gyral pattern
dysplasia in left inferior
parietal gyrus

6

8

mesio-temporo-polar right,
mesio-temporal left
independent bi-occipitotemporal left and right
parietal left

7

121±41

F female, M male, FLE frontal lobe epilepsy, PLE parietal lobe epilepsy, MRI magnetic resonance imaging, TLE temporal lobe epilepsy
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Table 2 Patient characteristics: Surgery type and outcome
ID

Surgery type

Outcome

1
2
3
4
5
6
7
8

resection mesio-temporo-polar right
–
resection temporo-lateral left
lesionectomy
resection temporo-polar right
resection mesio-temporo-polar right
–
–

aura- and seizure-free for more than 3 years
–
aura- and seizure-free for more than two and a half years
continuing seizures for half a year, since then seizure-free for more than one and a half years
single seizure 1 year after second surgery, currently seizure free
seizure-free for more than one and a half years, rare auras
–
–

brief, the temporal derivative (slope) of the iEEG signals
was estimated by the differences
dXi ðtÞ ¼ Xi ðt þ 1Þ  Xi ðtÞ

ð1Þ

where i01,…,M and t denotes temporal sampling points (t0
1,…,T-1). The absolute value of the slope provides an appropriate characterization of epileptiform EEG since it is
large for both slow, high amplitude signals as well as fast,
low amplitude signals (Schindler et al. 2001). The absolute
slopes were normalised by dividing by their standard deviation during a reference period of 120 s starting 5 min before
visual seizure onset, and were smoothed by a lagging moving average with window length 5 s. For each iEEG channel
the presence of epileptiform activity was defined by whether
the normalised absolute slope exceeded the value 2.5
(Schindler et al. 2007b).
Bivariate Interrelation Measure: Slope Cross-Correlation
As the EEG slopes of Eq. (1) are good markers for epileptiform activity, and since seizures typically become manifest
as pathological neuronal synchrony, the correlation patterns
of these signals were also investigated. In the present paper
we used a statistical and linear interrelation measure as
opposed to dynamical nonlinear interrelation measures
(Breakspear 2004). Specifically, the equal-time (zero-lag)
cross-correlation was calculated from the slope of the
Table 3 Characteristics of the
iEEG used for diagnostics

Fo foramen ovale, iEEG intracranial electroencephalogram

signals according to the formula
Cij ¼

1 XL
t¼1 pij ðtÞ
L

ð2Þ

where the sum runs over the products
fi ðtÞdX
fj ðtÞ ¼ sccij ðtÞ
pij ðtÞ ¼ dX

ð3Þ

and L0T-1. The tilde denotes signal normalization to zero
mean and unit variance over the whole length of the selected
data L. We termed the interrelation measure defined in Eq.
(2) as “slope cross-correlation” (SCC). For later comparison we also state the definition of ordinary cross-correlation
(CC) by Eq. (2) with L0T and
pij ðtÞ ¼ Xei ðtÞXej ðtÞ ¼ ccij ðtÞ

ð4Þ

Multivariate Analysis: Measures Derived from the Eigenvalues
and Eigenvectors of Correlation Matrices
To analyse multivariate EEG recordings the M×M matrix C
of (slope or ordinary) correlation coefficients defined in Eqs.
(2) and (3) or (4), was computed for analysis windows of
length two seconds. Depending on the sampling rate, the
windows contained either T01,024 or T02,048 sampling
points and were shifted forward in time along the recordings
in steps of 1 s. The correlation matrices C 2 fCC; SCCg

ID

Type of iEEG electrodes

No. of iEEG contacts

No. of artifact-free iEEG contacts

1
2

2 Fo, 4 strips
2 Fo, 4 strips

40
40

34
38

3
4
5
6
7
8

2 depth,
2 depth,
1 depth,
3 depth,
8 strips
1 depth,

56
100
102
104
62
72

56
92
99
102
59
68

5 strips
10 strips
12 strips
9 strips
1 grid
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were diagonalised by solving the equation C vl 0λl vl, i.e.
eigenvalues λl and eigenvectors vl were calculated (l01,…,
M). For a brief summary of mathematical properties of
correlation matrices, eigenvalues and eigenvectors, the interested reader is referred to the Supplementary Material.
In the present study the total amount of EEG correlation
in an analysis window was quantified using the spectrum of
the M eigenvalues λl of the correlation matrices CC and
SCC. The coefficient TCS of the total correlation strength
(Müller et al. 2008)
TCS ¼

1 XM
l¼1 jl1  1j
M 1

ð5Þ

measures the normalised absolute deviations of the eigenvalues λl from the special case l1  1, which is attained for
matrices with ones on the diagonal and zeroes elsewhere
(i.e. the correlation matrix representation of a hypothetically
uncorrelated system). For the correlation matrices CC and
SCC, the coefficient TCS ranges between 0 (for uncorrelated EEG channels in the limit T→∞) and 1 (for M identical
EEG signals). Note that the network topology and not only
the average correlation strength influences the value of TCS.
The collectivity of the eigenvectors vl was quantified by
their number of principal components (Plerou et al. 2002;
Müller et al. 2005)
cl ¼

M

1
PM

4
i¼1 vil

ð6Þ

which measures the fraction of contributing channels. cl 01 if
all channels “i” contribute equally to vl. If, on the other hand,
only a single channel contributes, cl 01/M. Typically the eigenvector vM corresponding to the largest eigenvalue λM
(abbreviated as “largest eigenvector” henceforth) has very
large collectivity (Plerou et al. 2002; Utsugi et al. 2004).
In addition, the temporal stability of the eigenvectors vl
was assessed by following the evolution of their scalar
products with template vectors Vl:
σl ¼

X

M
i¼1 vil Vil

ð7Þ

The Vl were defined as the normalised mean of eigenvectors vl of the matrices CC and SCC over a reference segment
of length 120 s commencing 5 min before the visually determined seizure onset. A scalar product σl near 1 therefore
implies an eigenvector (i.e. correlation pattern) close to that
observed during the reference segment. Fluctuations in this
value over time indicate instability in the eigenvector (i.e.
temporal fluctuations in the correlation patterns).
Model Data
The performance of the interrelation measures SCC and CC
is compared using a test system that is capable of exactly

reproducing linear properties of real world EEG signals
(power spectrum, auto-correlation, amplitude distribution)
whilst also allowing for tunable cross-correlation between
the signals (Rummel et al. 2008). In this model, surrogates
(Schreiber and Schmitz 2000) of two channels of an interictal iEEG segment are taken as input and broadband correlation is introduced by mixing common and individual
components. A coupling parameter k allows tuning between
independent signals for k00 and perfect (anti-)correlation
for k0±1.
Correlation measures should satisfy two important
requirements. First, fluctuations should be small in order
to provide reliable correlation estimates for a small number
of trials (often a single trial). Second, correlation estimates
should depend monotonically on the coupling strength; otherwise it remains unclear whether larger correlation estimates are indeed caused by larger inter-dependencies
between signals. Here we assess both characteristics using
the nonparametric ρ measure based on the U-statistic of the
Mann–Whitney-Wilcoxon test (Herrnstein et al. 1976;
Herrnstein 1979). ρ  0:5 indicates a large overlap between
two arbitrarily shaped distributions, whereas ρ  0 and ρ
 1 indicate complete separation.
Statistical Evaluation
For simplicity of presentation we restricted our eigenvector
analysis to properties of the largest eigenvector vM. Relative
changes of the contribution of iEEG channels “i” at a given
time step (as measured by the squared components viM2),
with respect to a pre-ictal reference interval were studied
non-parametrically. To this end a 120 s EEG epoch starting
5 min before seizure onset (the same epoch as used for
defining epileptiform activity and for defining the template
vector) was used to sample the distribution of viM2 under
pre-ictal conditions. Components that deviated from this
null distribution on the significance level α00.01 in the
direction of larger (“local eigenvector excess”) or smaller
(“local eigenvector depletion”) values were graphically displayed in red and blue, respectively.
The correlation of dynamical changes of collective activity
on different spatial scales was examined by testing for correlations between the onset times of epileptiform activity and the
onset times of local eigenvector excess or depletion. To this
end, onset times si of epileptiform activity on channel “i” (as
objectively defined by the slope criterion of sect. Univariate
Analysis) as well as the time of first significant ictal excess xi
and the time of first significant ictal depletion di ,of viM2 were
determined. If channel “i” did not reveal epileptiform activity,
excess, or depletion, si, xi and di were set to the visually
detected seizure termination time. Subsequently, si, xi and di
were rank ordered (with ties given average ranks) and Spearman’s rank correlation coefficients rsx and rsd (Siegel 1956)
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were calculated together with their significances psx and psd.
Correlations were rated as significant for p<0.01 and as
marginally significant (trends) for p<0.05.

panel b is dominated by the transient (and possibly spurious)
anti-correlation of the signals near t01.0 s and t01.4 s. In
contrast, sccij(t) focuses on the concomitance of (fast) local
signal extrema, which partition the time series into pieces of
ascending and descending signal values regardless of (slow)
high amplitude deviations in the original signals. Panels d to
f show a close-up of the region 1.2 s<t<1.3 s. Here, ccij(t)
has very small values and sccij(t) oscillates around the xaxis. The reason for this is that the extrema of the iEEG
channels TPL6 and FZTL1 are out of phase (see Fig. 1 panel
d). This is different for the channels TPL6 and TPL7 (Fig. 1
panels g to i), where extrema appear concomitantly and
therefore lead to strictly positive sccij(t).
In Fig. 2, the performance of SCC and CC is explored
using the mixing model of (Rummel et al. 2008). Panel a
shows the dependence of CC (red) and SCC (blue) on the
coupling strength, k, for time series of duration 2 s (T0
2,048) and N050 independent repetitions. The mean estimate of both measures is almost identical. However, the
fluctuations of CC are considerably larger than those of
SCC. In panels b to e the dependence of signal to noise
ratio and monotonicity of the measures on coupling, k, and

Results
Slope Cross-Correlation and Cross-Correlation of Model Data

b

TPL6
FZTL1

d

1.5
1.0

e

0

cc(t)

cc(t)

-2
-4
-6
-8

c

f

4

g

0.5
0.0
-0.5
-1.0

TPL6
FZTL1

-1.5
0.3
0.2
0.1
0.0
-0.1
-0.2
-0.3
-0.4
-0.5
-0.6
-0.7
4

3

1.5

normalized iEEG

6
5
4
3
2
1
0
-1
-2
-3
-4
2

h

cc(t)

normalized iEEG

a

normalized iEEG

To elucidate the differences between analysis based on the
matrices CC and SCC we represent in panels a, d and g of
Fig. 1 pairs of normalised iEEG signals. Contacts located on
the electrode TPL, which records directly from the SOZ
located in temporo-polar structures of the left hemisphere
of an epilepsy patient, show a prominent high frequency
component. This component is much less apparent in channel FZTL1, which records from left fronto-centro-temporal
structures distant from the SOZ. The products defined in
Eqs. (3) and (4) are displayed in the second and third row of
the figure. The mean values of these functions over the
whole length, T or T-1 , represent the matrix elements CCij
and SCCij, respectively. The product, ccij(t) , displayed in

i

1.0
0.5
0.0
-0.5
-1.0
-1.5
1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
-0.2
6
5

3

4

0
-1

scc(t)

2

scc(t)

scc(t)

2
1

1
0
-1

-3

-2
1.2

3
2
1

-2
-4
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

TPL6
TPL7

0
1.22

1.24

t in s
Fig. 1 (colour) Illustration of the performance of CC and SCC for
selected iEEG signals. Panels a, d and g show normalized iEEG
signals on different time scales. Local maxima are marked by full

1.26

t in s

1.28

1.3

-1
1.2

1.22

1.24

1.26

1.28

1.3

t in s

and local minima by open dots in panels d and g. In panels b, c, e, f,
h and i comparison of the products pij defined in eqs. (3) and (4) is
made
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Fig. 2 (colour) Comparison of
the performance of CC and
SCC for model data. In panel a
the correlation estimates are
displayed for T02,048 and N0
50 independent repetitions.
Symbols are slightly shifted
along the x-axis to increase
visibility. For SCC the error
bars are often smaller than the
symbol size. Panels b and d
show the capability of distinguishing finite from zero coupling for CC and SCC,
respectively. The capability of
resolving the monotonicity of
changes in coupling is displayed in panels c and e for CC
and SCC, respectively

correlation estimate

a

1.0

0.5

0.0

-0.5

CC
SCC

-1.0
-1.0

-0.5

0.0

0.5

1.0

coupling k

8192
4096

0.8
0.2

2048
1024
512
256

0.0

window length T

c

1.0

8192
4096

0.8
0.2

2048
1024
512
256

0.0
-1.0

-0.5

0.0

0.5

1.0

slope cross-corr. (SCC)

d
window length T

window length T

1.0

1.0

8192
4096

0.8
0.2

2048
1024
512
256

0.0

8192

1.0

e
window length T

cross-correlation (CC)

b

4096

0.8
0.2

2048
1024
512
256

0.0
-1.0

coupling k
signal length, T, is investigated. Cases in which the distributions of correlation estimates are well separated appear in
colour, whereas white regions indicate a large degree of
overlap between distributions. In panels b and d, coloured
areas indicate that a finite correlation estimate indeed corresponds to coupled signals (ρ for overlap of distributions of
correlation estimates for coupled and uncoupled time series). Here, red (ρ>0.8) corresponds to positive correlation
estimates whereas blue (ρ<0.2) indicates negative estimates.
Similarly, coloured areas in panels c and e indicate monotonicity, i.e. the fact that a larger correlation estimate indeed
corresponds to higher coupling (ρ for overlap of distributions of correlation estimates for time series coupled with k
and k±0.1). Here red (ρ>0.8) corresponds to monotonic
increase whereas blue (ρ< 0.2) indicates monotonic decrease. The parameter scans show that SCC outperforms
CC in two ways. First, the region in which for small |k|
finite correlation and monotonicity cannot be found is in
general smaller (compare panels b and c for CC to panels d
and e for SCC). Second, the T-dependence of performance

-0.5

0.0

0.5

1.0

coupling k
is reduced for SCC (panels d and e), such that a similar
precision can be obtained using analysis windows with
shorter length, T.
iEEG of Epilepsy Patients
A representative example of the peri-ictal evolution of synchronisation at the smallest and intermediate spatial scale is
given in Fig. 3 (seizure 2 of patient 3, visual seizure onset
and termination as identified by an experienced epileptologist are marked by vertical lines). Panel a displays the
epileptiform activity of iEEG channels. The first epileptiform activity (black) occurs in the iEEG channels 6 and 7,
which record from left temporo-polar areas. Other temporopolar (channel 2; note intermittent epileptiform activity of
channels 2 and 4 at seizure onset), fronto-central (channels
18–20) and temporo-latero-basal (channels 12, 15 and 16)
contacts are subsequently recruited into the ictogenic process. The surgical removal of the epileptogenic tissue (left
temporo-polar strip electrode, iEEG channels 1–8 at the top
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a

1

epileptiform activity

9
17
25
33
41
49

b

56
1

CC: changes of vi,562

9
17
25
33
41
49

c

56
1

1.00

9

SCC: changes of vi,562

Fig. 3 (colour) Comparison of
the temporal evolution of
epileptiform activity (panel a,
epileptiform: black, normal:
white) with significant local
eigenvector depletion (blue)
and excess (red) as assessed by
the largest eigenvector of the
matrix CC (panel b) and the
matrix SCC (panel c) for a periictal segment containing focal
onset seizure 2 of patient 3.
Sequence of iEEG electrodes
from top to bottom: left
temporo-polar strip electrode
(channels 1–8), left temporolateral-basal strip electrode
(channels 9–16), left frontocentral-temporal strip electrode
(channels 17–24), left frontoorbital strip electrode (channels
25–32), left fronto-polar strip
electrode (channels 33–40), left
depth electrode (channels 41–
48), right depth electrode
(channels 49–56). Visually defined seizure onset and termination are marked by fully
drawn vertical lines. The bars
on the left and right margins
mark the contacts recording
from tissue whose surgical removal has led to seizure freedom for more than two and a
half years (left temporo-polar
structures)
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56
-60

0.00
-40

-20

0
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140

160

180

time in seconds

of the panel, marked by bars on the left and right margins)
led this patient to be seizure free for more than two and a
half years.
Panels b and c show measures derived from eigenvectors of
the CC and SCC matrix. Examples of the matrices, their
eigenvalues and largest eigenvectors can be found in the
Supplementary Material. Relative changes of the squared
components viM2 of the largest eigenvector of the (ordinary)
cross-correlation matrix CC with respect to the reference
segment are displayed in panel b. Increase is shown in red
and decrease in blue. Aside from temporally unstable

fluctuations, the largest eigenvector of the matrix, CC, calculated from the original iEEG signals, shows no significant
local eigenvector depletion. Significant local eigenvector excess is observed in only a few fronto-central channels (22–24)
and predominantly when close to seizure termination.
In contrast, a pronounced rearrangement of the pattern of
the largest eigenvector of the slope cross-correlation matrix
SCC occurs during the seizure (Fig. 3c). Its largest eigenvector undergoes significant and stable local depletion immediately at seizure onset and for exactly two of the four left
temporo-polar iEEG contacts that first recorded epileptiform
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activity (channels 6 and 7). As the seizure evolves, other
channels with early epileptiform activity also deplete. Local
excess of the squared eigenvector components viM2 of the
matrix SCC is predominantly found for fronto-orbital (channels 25–32) and fronto-polar contacts (channels 33–40),
which are recruited late into the ictogenic process. In contrast to epileptiform activity, which disappears on most
iEEG channels almost simultaneously after seizure termination (Fig. 3a), local depletion and excess of SCC eigenvector components with respect to the pre-ictal reference
segment persist (Fig. 3c).
In Fig. 4 scalar measures derived from the eigenvalues
and eigenvectors of the slope cross-correlation matrix SCC
are displayed for the same seizure but on a different time
scale. Panel a shows the evolution of the total correlation
strength, TCS (defined in Eq. (5)). Correlation on the largest
assessed spatial scale is remarkably stable before seizure
onset and increases stepwise during the seizure. The seizure
terminates when the total correlation nears its maximum
value. After seizure termination, TCS slowly decays to the
pre-ictal value. Panel b reveals an increased fluctuation in
the evolution of collectivity (Eq. (6)) of the largest eigenvector of the matrix SCC. Collectivity is larger post-seizure
than pre-seizure. The scalar product defined in Eq. (7) is
very stable at values close to 1 before seizure onset, reflecting the high temporal stability of the largest eigenvector of
the matrix SCC (panel c). During seizure, the scalar product
deviates considerably from 1 and thus quantitatively summarises the ictal rearrangement of the largest eigenvector in
a single value. The recovery of the scalar product to values
near 1 indicates that the pre-ictal slope correlation pattern

a

1.0

TCS

0.8
0.6
0.4
0.2

collectivity

b

c
scalar prod.

Fig. 4 Evolution of
characteristics of the eigenvalue
spectrum and the largest
eigenvector of the matrix SCC
for the same seizure as in Fig. 3
but on a different time scale.
a) total correlation strength
(TCS), b) collectivity of the
largest eigenvector, c) scalar
product of the largest eigenvector with the template. Visually
defined seizure onset and termination are marked by fully
drawn vertical lines

reappears approximately 2 min after seizure termination.
Note, however, that in the post-ictal period, fluctuations
are larger than those observed in the pre-ictal period. A
compilation of the temporal evolution of TCS (Eq. (5)),
collectivity (Eq. (6)), the scalar product (Eq. (7)) and localised excess and depletion of the largest eigenvector based on
the matrices, SCC and CC, is given in the Supplementary
Material for the first seizure of all patients studied.
Correlation between collective activity on the smallest and
largest spatial scales was investigated on a single-seizure and
single-patient basis by non-parametrically testing whether the
onset times of epileptiform activity, si , are correlated with the
onset times of significant local eigenvector depletion, di , or
anti-correlated with the onset times of local eigenvector excess, xi (see Methods). For SCC this analysis led to highly
significant values of Spearman’s rank correlation coefficients
in both cases (rsd 00.810, psd <10−13 and rsx 0−0.547, psx <
10−4) in seizure 2 of patient 3. In contrast, local eigenvector
depletion is not observed for CC, and correlation between
onset times of epileptiform activity and local eigenvector
excess is only marginally significant (rsx 0−0.294, psx 0
0.028). With the exception of two seizures during which
anti-correlation between si and xi is only marginally significant, the result for SCC is reproduced by all nine seizures of
this patient (see Fig. 5d and e, patient 3). Also the spatial
patterns of epileptiform activity and local SCC eigenvector
depletion shown in Fig. 3a and c are reproducible for all
seizures of this patient (data not shown).
A comprehensive representation of the results for all 60
seizures of all eight patients is given in Figs. 5 and 6. Panel a
of both figures shows the significance of peri-ictal changes
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Fig. 5 (colour) Seizure-wise significances for tests based on properties of the matrix SCC. a) Significance for change of TCS
between post-ictal and pre-ictal reference segment. b) Significance
for change of collectivity of the largest eigenvector between postictal and pre-ictal reference segment. c) Ratio of mean and standard
deviation of the scalar product σM within the pre-ictal reference
segment. Significances psx (panel d) and psd (panel e) of correlation
between onset times of epileptiform activity (si) and local SCC
eigenvector excess (xi) and depletion (di), respectively. Longer bars
correspond to higher significance (smaller p). In the top panels red
(blue) bars indicate TCS and collectivity increase (decrease). In the
bottom panels bars are coloured in red (blue) if onset times are
correlated (anti-correlated). As broken and fully drawn line the
uncorrected significance levels α 00.05 (marginally significant)
and α00.01 (significant) are shown, respectively

of correlation on the largest assessed spatial scale. For each
seizure, TCS values (Eq. (5)) of a 120 s epoch immediately
following seizure termination were compared to the pre-ictal
reference segment. TCS increases significantly in 49 of 60
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Fig. 6 (colour) Same as Fig. 5 but for the CC matrix

seizures (82 %) if calculated from SCC and in 50 seizures
(83 %) if calculated from CC. Counter-examples are mainly
confined to patient 8, for whom TCS predominantly
decreases. The significance of changes in collectivity (Eq.
(6)) of the largest eigenvectors is shown in panel b of Figs. 5
and 6. For SCC (CC), collectivity increases significantly in
42 (40) seizures (70 % / 67 %), does not change significantly in 13 (16) seizures (22 % / 27 %) and decreases significantly in only 5 (3) seizures (8 % / 5 %).
The stability of the scalar product (Eq. (7)) of the largest
SCC and CC eigenvectors with the template vector is measured by the ratio of mean and standard deviation of this
quantity over the reference segment, and displayed in panel
c of Figs. 5 and 6. For SCC this quantity is larger than 10 in
45 of 60 seizures (75 %), reflecting a high stability of the
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largest eigenvector. In contrast, for CC the ratio exceeds the
value 10 in only 4 out of 60 seizures (7 %), indicating much
larger variability.
Spatial rank correlations between the onset of epileptiform
activity and the onset of local SCC eigenvector depletion are
significant in more seizures than are anti-correlations with
onset of local SCC eigenvector excess (at least marginally
significant anti-correlation between si and xi in 34 of 60
seizures (0 57 %, see Fig. 5d) vs. 46 of 60 seizures for
correlation between si and di (0 77 %, see Fig. 5e)). The
complete data is presented in Fig. 5 and patient-wise pvalues are given in Table 4. Seizures in which neither anticorrelation nor correlation are significant are very rare for
SCC. These situations predominantly occur in patients 4 and
8, whose recordings display considerably larger temporal
fluctuations of the scalar product (Fig. 5c). Restricting the
correlation analysis to patients for whom surgery was finally
performed (patients 1, 3, 4, 5, 6), the significance of correlation remains unchanged in that 33 out of 42 cases display
correlation between si and di (0 78 %) and 24 out of 42 cases
display anti-correlation between si and xi (0 57 %).
In contrast to SCC, spatial correlation between epileptiform activity and local eigenvector excess or depletion is
almost never significant for the matrix CC (see Fig. 6d and
e). The reason for this is that CC eigenvectors are much less
stable over time than those derived from the matrix SCC (see
Fig. 6c).

Summary and Discussion
In this study, we followed a systems-level approach combining
univariate and multivariate analyses of the approximate first
temporal derivatives (“slopes”) of intracranial EEG signals.
Specifically, we analysed the peri-ictal evolution of neuronal
synchrony on three different spatial scales. Cooperative
Table 4 Patient-wise significances of Spearman correlation between
localized onsets of epileptiform activity and eigenvector excess/depletion. “0” denotes zero to machine precision. In cases where significant
deviation is not observed correlation analysis is not applicable (“n.a.”)
ID

1
2
3
4
5
6
7
8

SCC

CC

psx

psd

psx

psd

<10−10
<10−3
0
<10−11
0.02
0
<10−10
<10−4

<10−12
<10−2
0
0.03
0.07
0
0
0.73

0.31
0.61
0.57
0.71
0.05
0.89
0.52
0.07

n.a.
0.80
0.83
0.50
0.69
0.34
0.85
0.04

activity of a large number of neurons was assessed at the
smallest scale accessible by iEEG (a single contact) and quantified in a univariate way by the absolute slopes of iEEG
signals (Schindler et al. 2001). The ictal increase of the synchronous activity of thousands of neurons typically gives rise
to high signal frequencies and/or large amplitudes (Penfield
and Jasper 1954; Allen et al. 1992; Fisher et al. 1992; Alarcon
et al. 1995; Schiff et al. 2000; Schindler et al. 2001; de Curtis
and Gnatkovsky 2009).
Correlation on larger spatial scales was assessed by multivariate measures referred to as slope and ordinary crosscorrelation matrices, SCC and CC, respectively. SCC contrasts with CC in that the former is not dominated by low
frequency correlations, even though these frequencies have
not been removed by filtering in a pre-selected pass band
(Fig. 1). The reason for this is that correlations in the slope
of the signal (measured by SCC) require periods in which
the direction of the time series are the same, and is therefore
related to the coincidence of positions of local extrema.
Since extrema require a zero crossing of the derivative time
series, they are tracked independently of the amplitude of
activity at which they occur. Thus SCC provides a measure
of co-evolution of time series in terms of the timing of
events leading to changes in the direction of the signal. It
is highest in periods where both their timing and the amplitude change between them is equivalent, and lowest in
periods during which turning points in one time series are
not replicated in the other. The temporal differentiation step
in SCC implies spectral whitening and allows the examination of spatial patterns in higher frequencies, which play an
important role during ictogenesis as well as for localisation
of the SOZ (Schindler et al. 2001; Niederhauser et al. 2003;
Worrell et al. 2004, 2008; Jacobs et al. 2009).
Our model results show that SCC provides interrelation
estimates with a smaller degree of uncertainty than CC
(Fig. 2). For the eigenvectors of matrices constructed from
these measures this implies higher temporal stability (see
comparison of Figs. 5c and 6c). Note that SCC shares
similarities with the symbolic interrelation measures introduced in Liu (2004) and Wessel et al. (2009). However, the
authors of these studies analysed a coarse grained description of the dynamics, taking into account only the direction
of change. In contrast, the temporal derivative used in SCC
also depends on the amount of change, making it more
sensitive to large than to small changes.
Extending beyond previous studies (Schindler et al.
2007a, b), in which analyses were restricted to the dynamics
of eigenvalues of correlation matrices, here the intermediate
spatial scale was additionally assessed using the eigenvectors, vM , belonging to the largest eigenvalues, λM ,of the
matrices SCC and CC. The collectivity of the largest eigenvector increases during most seizures (Figs. 4b, 5b and 6b).
For CC, eigenvectors are not stable enough to reveal
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significant peri-ictal changes in the contribution of iEEG
channels. However, the situation is different for SCC
(Fig. 5c). When compared to the pre-ictal period, the relative
contribution of the SOZ (i.e. those channels which are the
first to show epileptiform activity) to the largest SCC eigenvector decreases during seizure. In contrast, the relative
contribution of other brain areas increases (Fig. 3c; the
interested reader is referred to the Supplementary Material,
where an example of the first seizure is given for all
patients). The observed local “depletion” and “excess” of
the largest SCC eigenvector typically persisted into the
post-ictal time period for several minutes. Note that this is
in contrast to epileptiform activity, which ceased at seizure
termination (Fig. 3a).
The mutual correlation between all the iEEG channels
was quantified by the eigenvalue based total correlation
strength (TCS) of the SCC and CC matrices (Müller et al.
2008). Similarly to the smallest spatial scale, on this largest
spatial scale probed by iEEG, cooperative behavior increased ictally and seizures terminated when TCS neared
its maximal value (Fig. 4a). With few exceptions, TCS
calculated from SCC and CC was higher post-ictally than
pre-ictally (Figs. 5a and 6a). Compared to small-scale synchrony, TCS decayed to the pre-ictal value more slowly
after seizure termination. The increase of TCS corroborates
earlier results by Schindler et al. (2007a, b), which were
obtained using different quantifiers for the eigenvalue spectrum of the cross-correlation matrix CC. Our result is also
consistent with recent graph theoretical findings revealing
that iEEG networks are much denser in the late ictal and
post-ictal period than before or during seizure (Kramer et al.
2010; Kramer and Cash 2012).
Our findings (higher TCS and eigenvector collectivity
in the post-seizure phase; ictal decrease of the relative
contribution of the SOZ and increase of more distant
channels) indicate a stronger integration of the SOZ into
collective brain dynamics after seizure than before seizure. This is consistent with the interpretation that during
epileptic seizures, locally hypercorrelated and therefore
functionally segregated brain areas are re-integrated into
more collective brain dynamics. We propose that from a
neurophysiological point of view, this dynamic reorganization of spatial correlation might be interpreted along the
lines of a self-organised balancing or resetting mechanism. With regard to seizure treatment, this finding
implies that pharmacological or physical methods that
aim to increase the collectivity of electrical brain activity
might be effective in terminating or even preventing
epileptic seizures. Surprisingly, only sparse information
is available regarding the effect of anti-seizure drugs on
multi-scale EEG synchronization. Corresponding studies
could reveal interesting extensions of pharmaco-EEG
(Galderisi et al. 2006).
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Of course, the idea that epileptic seizures might instantiate compensatory effects is long-standing, and was
proposed as early as 1941 in the famous analogy of
Lennox (1941), who likened epileptic seizures to the
overflow of a water reservoir representing slowly accumulating ictogenic causes. The interpretation of seizures
as resetting mechanisms has more recently been re-cast
into the modern language of nonlinear dynamics (Iasemidis et
al. 2004).
For the pre-ictal phase, our results are consistent with
recent evidence regarding the relative isolation of seizuregenerating brain areas. This was demonstrated by Warren
et al. (2010) in terms of a relatively low degree of
synchrony between local field potential recordings from
seizure generating and non-seizure generating brain
regions. That the pre-ictal brain state might be considered
hypersegregated is also in line with the results of
Mormann et al. (2003a, b), in which bivariate phase
synchronization and cross-correlation measures were
employed to detect significant desynchronization and
decorrelation between pairs of selected iEEG channels.
These changes often preceeded epileptic seizures by
hours. The authors favoured the hypothesis that the reduced synchronization could be explained by the recording sites belonging to two different brain areas: one
corresponding to neuronal tissue already involved in
pathological synchronization progressing from the SOZ
(“epileptic focus”), and one which maintains some form
of physiologically synchronised process. Using a dynamical model of two interacting networks of integrate-andfire neurons, these synchronization dynamics have recently been qualitatively reproduced by slowly increasing the
mean depolarization of those neurons representing the
SOZ (Feldt et al. 2007).
Correlation analysis between low-voltage rapid discharges (24–128 Hz) at selected sites has previously
been undertaken by Wendling et al. (2003). The spatial
reorganization of correlation suggested by our systemslevel approach is consistent with these authors’ finding
of functional decoupling of distant brain sites at seizure
onset. Our results are also in line with a very recent
information theoretic approach of our group (Schindler
et al. 2012). There, it was found that during seizure
signal redundancy is locally increased in the SOZ, while
mutual information with all other signals is decreased.
The findings of the present paper have potential implications for improving our understanding of the pathopyhsiology of epileptic seizures and for improving our ability to
characterise epileptogenic tissue. These processes can be
aided by studies of mechanistic models of nervous system
tissue (Wendling et al. 2002; Breakspear et al. 2006; Lytton
2008; Goodfellow et al. 2011, 2012). The results of the
present study, as well as future extensions along similar
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lines, provide important new quantitative, spatio-temporal
information that will support the modeling process.
In addition to general considerations regarding the pathophysiology of epileptic seizures, our results might also serve
for a better characterization of the SOZ. Using SCC we
observed a highly significant correlation of the sequence
of onset of collective activity on different spatial scales in
most seizures and patients (Fig. 5d,e). Seizures without
spatial correlation between the onset of epileptiform activity
and local SCC eigenvector depletion or excess were predominantly confined to patients 4 and 8, for whom the scalar
product (Eq. (7)) with the template vector was less stable
(see Fig. 5c). These were the only patients in our heterogeneous group to display features of dysplastic cortex on high
resolution MRI (see Table 1). In the EEG the corresponding
brain areas show permanent interictal spiking, which
impairs the temporal stability of interrelation patterns as
assessed by SCC. For the same reason, visual as well as
more objective delineation of epileptiform from normal
EEG activity is more difficult in these patients. In order to
clarify the exact relation of altered spatial correlation between the onset times with the presence of cortical dysplasias subsequent studies are necessary using larger and more
homogeneous patient groups.
The studied data set comprised five epilepsy patients who
underwent resective surgery with a favorable outcome. For
three patients, pre-surgical evaluation with iEEG and established clinical methods yielded results that prohibited surgery.
We found that spatial correlation between onset times of
epileptiform activity and local ictal depletion of SCC eigenvectors is independent from operability. Based on our findings, we propose that unless patients show MR visible cortical
dysplasias, local ictal depletion of SCC eigenvectors could be
used as an independent objective marker of the SOZ. We
expect there to be situations in which local eigenvector depletion of the matrix SCC yields greater clarity regarding the
location of the SOZ than the absolute slope criterion. Therefore SCC could provide important clinical information.
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