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Abstract
Objective: An important issue in epileptology is the question whether information extracted from the EEG of epilepsy patients can be used
for the prediction of seizures. Several studies have claimed evidence for the existence of a pre-seizure state that can be detected using
different characterizing measures. In this paper, we evaluate the predictability of seizures by comparing the predictive performance of a
variety of univariate and bivariate measures comprising both linear and non-linear approaches.
Methods: We compared 30 measures in terms of their ability to distinguish between the interictal period and the pre-seizure period. After
completely analyzing continuous inctracranial multi-channel recordings from five patients lasting over days, we used ROC curves to
distinguish between the amplitude distributions of interictal and preictal time profiles calculated for the respective measures. We compared
different evaluation schemes including channelwise and seizurewise analysis plus constant and adaptive reference levels. Particular emphasis
was placed on statistical validity and significance.
Results: Univariate measures showed statistically significant performance only in a channelwise, seizurewise analysis using an adaptive
baseline. Preictal changes for these measures occurred 5–30 min before seizures. Bivariate measures exhibited high performance values
reaching statistical significance for a channelwise analysis using a constant baseline. Preictal changes were found at least 240 min before
seizures. Linear measures were found to perform similar or better than non-linear measures.
Conclusions: Results provide statistically significant evidence for the existence of a preictal state. Based on our findings, the most
promising approach for prospective seizure anticipation could be a combination of bivariate and univariate measures.
Significance: Many measures reported capable of seizure prediction in earlier studies are found to be insignificant in performance, which
underlines the need for statistical validation in this field.
q 2004 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. All rights reserved.
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1. Introduction
One of the most disabling aspects in epilepsy is the
sudden, unforeseen way in which epileptic seizures strike
‘like a bolt from the blue’. Apart from the risk of serious
injury, there is often a severe feeling of helplessness that has
* Corresponding author. Address: Department of Epileptology, University of Bonn, Sigmund-Freud-Strasse 25, 53105 Bonn, Germany. Tel.: C49
228 287 9343; fax: C49 228 287 6294.
E-mail address: fmormann@yahoo.de (F. Mormann).

a strong impact on the everyday life of a patient. It is
undisputed that a method capable of predicting the
occurrence of seizures would significantly improve
the therapeutic possibilities (Elger, 2001) and thereby the
quality of life for epilepsy patients. In addition to portable
warning systems, automated on-demand application of
short-acting drugs as well as electrical stimulation or other
intervention strategies could be envisioned.
A question of particular interest is whether apart from
clinical prodromi (which are found only in some of the
patients (cf. Rajna et al., 1997)) characteristic and
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objective features can be extracted from the continuous
EEG that are predictive of an impending seizure. Much
research has been carried out on this topic, and recent
studies have reported certain measures derived from the
theory of dynamical systems to be to some extent
capable of extracting information from the EEG that
allow the detection of a preictal state. For an overview of
the literature on seizure prediction see Lehnertz and Litt
(this issue).
Despite the many publications reporting evidence for
the existence of a pre-seizure state, to date no report of a
prospective or quasi-prospective prediction of seizures has
been published. A major problem with most of the studies
presented up to now is that they do not sufficiently (or not
at all) investigate the specificity of the described precursors
using interictal EEG as control. In addition, many of these
studies rely on the use of a posteriori knowledge, e.g. by
selecting certain channels out of a large number of
channels, or bear the risk of an in-sample over-training
of parameters used to calculate measures for the extraction
of predictive information. A particular issue that has been
neglected by past studies is the need for statistical
validation in order to assess the statistical significance of
the predictive performance for a given EEG measure (cf.
Andrzejak et al., 2003; Mormann et al., 2003b; Winterhalder et al., 2004; Kreuz et al., 2004). Another problem is
that up to now no extensive comparison of the performance
of different approaches for seizure prediction has been
published. Furthermore, there is little experience with
continuous long-term-recordings over days, and no study
has been reported on comprising different patients from
different centers using different pre-surgical evaluation
protocols and acquisition systems.
In this paper, we determine the ability of a number of
measures to distinguish between the preictal and interictal
period using a statistical approach that does not rely on
any additional a posteriori knowledge. Retrospectively
analyzing continuous multi-day recordings from a group
of five patients acquired at different centers, we compare
the performance of different univariate and bivariate
measures, comprising both linear and non-linear
approaches. Applying different smoothing filters to the
measures’ time profiles and allowing different durations of
the preictal period, we evaluate the potential predictive
performance of these measures without any antecedent
assumptions in the sense of expecting either a preictal
increase or a decrease of a measure. We design a number
of different evaluation schemes including the analysis of
separate channels and seizures and the use of both a
constant and an adaptive baseline and pay special
attention to issues such as data quality and artifact control
as well as statistical validation using seizure time
surrogates as a means to assess the statistical significance
of an obtained performance value. Based on our results,
we discuss the suitability of different measures for seizure
prediction.

2. Methods
2.1. Patient characteristics and data acquisition
The analyzed recordings were intracranial multi-day
recordings from five patients acquired at different epilepsy
centers comprising 46 seizures and a total recording time of
311 h. For detailed information on patient characteristics
and data acquisition, refer to Lehnertz and Litt (this issue).
Since seizure onset times for the different data sets were
supplied by the centers providing the data, we used these
times although the criteria applied to determine them may
have differed among the centers.
2.2. Characterizing measures of the EEG
For our comparison of different characterizing measures
of the EEG we employed a total of 30 different univariate
and bivariate measures comprising both linear and nonlinear approaches.
As univariate linear measures (12 measures) we used the
second, third, and fourth statistical moment of the EEG
amplitudes (i.e. the variance s2 as a measure for the energy
of a signal, the skewness c, and the kurtosis k), the relative
power of the different spectral bands dr, wr, ar, br, gr and the
spectral edge frequency f50, the decorrelation time t0 as well
as the Hjorth mobility HM and Hjorth complexity HC. As
univariate non-linear measures (nine measures) we used an
effective correlation dimension D*, the largest Lyapunov
exponent Lmax, the local flow L* as a measure for
determinism, the algorithmic complexity AC (an entropy
estimate derived from symbolic dynamics), and the loss of
recurrence LR as a measure of non-stationarity. In addition
we used a surrogate-corrected version of the first four of
these measures, termed S–D*, S–Lmax, S–L*, and S–AC. As
a bivariate linear measure we used a cross-correlation
estimate Cmax. Bivariate non-linear measures (eight
measures) comprised different measures for phase synchronization, namely, the mean phase coherence R, the index
based on conditional probability lcp, and the index based on
Shannon entropy rse, that were applied to phase variables
H
based on both the Hilbert Transform (RH, lH
cp , rse ) and the
W
W
W
Wavelet Transform (R , lcp , rse ), respectively, and two
measures for non-linear interdependence, termed S and H.
Detailed descriptions and mathematical definitions for all of
these measures are given in Appendix A.
For each of these measures, time profiles were calculated
from the EEG signals using a moving-window technique. In
accordance with previous publications we chose a segment
length of 4096 data points with non-overlapping segments.
Depending on the sampling rate of the respective data set,
the corresponding duration of these segments ranged from
17 to 20.5 s. (For data set A, data were downsampled from
480 to 240 Hz to ensure a segment duration similar to that of
the other patients.) This duration can be regarded as a
compromise between the required statistical accuracy for
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the calculation of a measure and approximate stationarity
within a window’s length (Blanco et al., 1995; Lopes da
Silva, 1987). A fixed number of sample points rather than a
fixed duration was chosen to permit the use of a Fast Fourier
Transform algorithm for the calculation of certain measures
as well as for the surrogate generation.
For every segment from every patient, the value of each
of the 30 respective measures was calculated, which
resulted in time profiles for every EEG channel (or, in the
case of bivariate measures, for every combination of
neighboring EEG channels). To ensure the comparability
of univariate and bivariate measures in terms of the number
of channels or channel combinations, respectively, we
restricted the following analyses for the bivariate measures
to combinations of neighboring channels only. (For data set
A, for which only every other electrode contact was
available, combinations of successive channels were used.)
2.3. Statistical evaluation
To investigate whether the pre-seizure period can be
distinguished from the interictal period we chose a
statistical rather than an algorithmic approach.
The most straightforward concept is to evaluate the
hypothesis that a measure capable of discriminating an
interictal from an assumed preictal state will attain different
values for each state. This hypothesis can be tested by
comparing the amplitude distributions of interictal and
preictal values of a characterizing measure on a statistical
basis. In line with these considerations, a number of studies
have reported certain patterns such as local drops or peaks in
the profiles of a measure to be of predictive value for an
impending seizure. In previous publications, such drops
have been characterized by their duration and maximum
depth relative to a given reference level (Elger and
Lehnertz, 1998; Lehnertz and Elger, 1998). Such a
characterization, however, is strongly dependent on the
choice of the reference level. In this study, we therefore
chose a more robust way for the quantification of drops and
peaks in the time profiles of a characterizing measure. After
smoothing the profiles with a backward moving average
filter of size d we compared the resulting distributions for
interictal and preictal values.
Note that this technique is equivalent to applying a
moving-window technique to the profiles and calculating
the area under the profile in a window of length d. If
a window contains a local drop, its area will attain a
smaller value, whereas for a local peak it will attain a
larger value. The parameter d thus governs the minimum
duration of such a drop or peak because events with a
duration substantially smaller than d are likely to cancel
each other out. Since the profiles can then be
characterized by their level only, simple thresholding
with a continuously varied threshold can be applied to
compare the distributions of drops and peaks in the
interictal and the preictal period.
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In order to be sensitive to different characteristic widths
of drops or peaks, we performed our analysis both with and
without smoothing, i.e. for parameter values dZ0 and
5 min.
A second parameter in our analysis is the presumed
duration of the preictal state. Suppose a preictal state were
reflected by a change in values of a characterizing measure
starting a certain time before seizure onset. Then this effect
would be best resolved by defining the preictal period
according to this time and then comparing interictal and
preictal distributions. Selecting a preictal period of a larger
or smaller length would result in an increased number of
false negative or false positive classifications, respectively.
Since in the literature seizure precursors have been reported
to occur on different time scales, it would be ideal to
perform a statistical test for every possible duration of the
preictal period and to choose the duration with the
maximum test performance. For a practical implementation,
however, we restricted ourselves to four different durations s
of a possible preictal state, selected in accordance with
typical anticipation times for different measures described
in the literature: sZ5 min (cf. Duckrow and Spencer, 1992;
Rogowski et al., 1981), sZ30 min (cf. Elger and Lehnertz,
1998; Le Van Quyen et al., 1999, 2000, 2001; Lehnertz and
Elger, 1995, 1998; Martinerie et al., 1998; Navarro et al.,
2002), sZ120 min, and sZ240 min (cf. Iasemidis et al.,
2001; Litt et al., 2001; Mormann et al., 2000, 2003a,b).
In order to exclude effects from the postictal period,
which can be accompanied by alterations in the EEG,
recording periods within 30 min after the onset of a seizure
were discarded from the analysis. In cases where the time
between two successive seizures was less than s C30 min,
the maximum amount of data available (i.e. from seizure
onset back to the end of the postictal phase of the preceding
seizure) was used instead.
Note that the introduced approach is solely based on
changes of the level of a characterizing measure and is not
directly sensitive to trends as a predictive feature. However,
our approach could easily be expanded to the detection of
trends by simply taking the derivative of the profiles before
determining their amplitude distributions. This would,
however, double the amount of results and thus for the
sake of structural clarity is left to further studies.
Another important aspect is that EEG epochs with a
duration of minutes to hours (as for the presumed
preictal periods) or even days (as for the interictal
periods) invariably undergo dynamical changes and thus
present non-stationary properties. Among the factors that
could potentially influence the present analyses are
changing antiepileptic drug levels during medical tapering (Lehnertz and Elger, 1997), changes in vigilance
states and other circadian fluctuations (cf. Kreuz et al.,
2004). The quantification of their influence, however,
requires much clinical information and will be subjected
to further research.
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2.4. Discriminating the preictal from the interictal period
One of the best-known approaches for the discrimination
of two amplitude distributions is the so-called receiveroperating-characteristics (ROC) which provides a good
indication for the overall separability in terms of sensitivity
and specificity of a characterizing measure.
With ROC statistics, a threshold for amplitude values of
a measure is continuously varied, and the sensitivity (ratio
of true positive classifications to total number of positive
classifications) of the discrimination obtained for this
threshold is plotted against 1 minus the corresponding
specificity (ratio of true negative classifications to total
number of negative classifications). The resulting curve is
termed ROC curve.
The definitions of sensitivity and specificity can either be
based on the hypothesis that values from the second
amplitude distribution are generally lower than those from
the first distribution or on the opposite hypothesis.
In the case of the first hypothesis (preictal decrease, ‘Y’),
the terms ‘positive’ and ‘negative’ relate to whether an
amplitude value is below or above the threshold, respectively, while the characterization ‘true’ or ‘false’ indicates
whether values below the threshold belong to the second
distribution (i.e. to the preictal period) and values above the
threshold belong to the first distribution (i.e. to the interictal
period) or not. If the second hypothesis (preictal increase,
‘[’) is chosen as the ROC hypothesis, definitions must be
adjusted accordingly.

The area under the ROC curve can be used to quantify
the degree to which the two distributions can be distinguished (cf. Fig. 1). For identical distributions this area is
0.5, while for distributions that are completely nonoverlapping, values of 0 or 1 are attained, depending on
the ROC hypothesis used for the definition of sensitivity
and specificity. The capability of a measure to distinguish
between the interictal and preictal period, i.e. its potential
predictive performance, can thus be quantified by the
area under the ROC curve where in case of the first
hypothesis an area greater than 0.5 corresponds to preictally
decreased values as compared to the interictal values and
vice versa.
For a better comparability of the different measures, we
always determined ROC values for both hypotheses
(preictal decrease and increase, respectively) and selected
the larger one thus achieving a performance value that is
always R0.5 by construction. Furthermore, the analysis
parameters d and s were chosen to yield maximum
performance values.
2.5. Evaluation schemes
For each of the characterizing measures and every
patient, four different evaluation schemes were designed.
Scheme #1. To account for possible global effects, in a
first approach we compared the distribution of all interictal
values with the distribution of all preictal values from all
channels (or, in the case of bivariate measures, from all

Fig. 1. Illustration of the ROC statistics using the second evaluation scheme. Here, the Hilbert mean phase coherence RH over time is displayed for one channel
combination (TR8 and TR9) of data set B (upper part) along with the distributions of values from the preictal and interictal periods from this channel
combination (lower part left) and the ROC curve calculated from these distributions (lower part right). For this example, a 5 min smoothing filter as well as a
preictal duration of 240 min were chosen, and the hypothesis of a preictal decrease was used for ROC-testing. Note that the parameters and the channel
combination used in this example were chosen to yield the optimum performance value for this patient and measure. Discontinuities in the time profile are due
to recording gaps.
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neighboring channel combinations) and all seizures of a
patient (all seizures, all channels). For this scheme, we
expected high performance values only for measures
exhibiting a preictal increase or decrease uniformly and
on a similar level in all channels.
Scheme #2. In most studies, seizure precursors have been
reported to occur only in certain distinct channels. We
therefore performed our analysis separately for each channel,
turning our attention particularly to the channel with the best
performance (cf. Fig. 1). That way we expected to find an
increased performance particularly for those measures for
which seizure precursors occur constantly in the same
channel(s) and on a similar level for all the seizures of a
patient (all seizures, each channel separately).
Scheme #3. Since the predictive performance of a
measure may be of practical value even though it may not
detect every seizure of a patient, we considered it useful to
evaluate the predictive performance separately for each
seizure and evaluate the distribution of performance values
for different seizures of a patient. This means that for every
channel the distribution of preictal values for each seizure is
tested separately against the distribution of the entire
interictal values of that channel (each seizure separately,
each channel separately, constant baseline).
Scheme #4. Using the entire distribution of all the
interictal periods recorded over days corresponds to a nonadaptive, constant reference level. In order to account for
possible slow changes in dynamics resulting in slow
baseline shifts, we designed another evaluation scheme in
which for every channel the preictal distribution of each
seizure is tested only against the interictal period preceding
this seizure’s preictal period (each seizure separately, each
channel separately, adaptive baseline). A practical problem
with this scheme is the clustering of seizures observed in
some of the patients. Since a comparison of distributions can
only be performed in cases where the interval between two
successive seizures is longer than s C35 min (30 min for the
postictal period and 5 min as minimum length for the
interictal distribution), some of the total of 46 seizures had
to be discarded, particularly for large values of the
parameter s. The number of discarded seizures was 0 for
sZ5 min, 4 for sZ30 min, 21 for sZ120 min, and 31 for
sZ240 min.
Note that other analysis schemes such as best channel per
seizure are conceivable. However, in terms of clinical
practicability and prospective implementation, we consider
such an approach less promising.
2.6. Data quality and artifact control
Any recording of a biological signal bears a certain risk
of containing artifacts. In our study, artifacts can be caused
by the patient (e.g. eye movements, muscle artifacts) or by
the recording system (e.g. power line interferences due to
insufficient shielding or insulation, data clipping due to
insufficient input level adjustment). In intracranial
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recordings, patient artifacts are generally much less frequent
than in scalp recordings. Patient artifacts caused by an
external reference electrode (e.g. ear lobe) can be
minimized by using a common average reference instead.
For the analyses performed in this study, we transformed
the EEG from data set E using a new referencing scheme
and thereby suppressing the very prominent ECG and
movement artifacts found in this recording. For this purpose
we defined four different groups of contacts (group 1:
LFDLN, LSTN, LDTLA; group 2: LDTLH, LDTLP; group
3: RFDLN, RSTN, RPTN contacts 1–4 with contacts 1–3
inverted; group 4: RPTN contact 5, RDTLA, RDTLH,
RDTLP) and had every contact referenced against the
common average of its respective group.
As for technical artifacts, we first checked all recordings
for peaks in the power spectrum caused by the line voltage
(60 Hz for recordings performed in the US and 50 Hz for
European recordings). Here, we found a rather prominent
60-Hz-peak in data set D.
Furthermore, we scanned every analysis window for
the existence of plateaus (i.e. consecutive sampling
points of identical value) in order to identify recording
dropouts and data clippings. Any analysis window with a
plateau of more than 40 data points or with more than
1000 data points contained in different plateaus were
declared as artifacts. If the number of artifact windows
thus identified was more than 5% of all windows for a
given channel, this entire channel was discarded from the
analysis. The channels thus discarded were TR01, TR06,
TR07 for data set B, LTD1, LTD2 for data set C,
LDTLH3–LDTLH7, LDTLP1–LDTLP8 for data set E
(using new references) as well as the corresponding
channel combinations.
For the time profiles of the remaining channels, values
corresponding to artifact windows were set to the median of
the respective amplitude distributions (i.e. interictal or
preictal) in accordance with the respective evaluation
scheme.
2.7. Seizure times surrogates as a test for statistical validity
Following Andrzejak et al. (2003), let us now consider the
following null hypothesis: ‘The transition from the interictal
to the ictal state is an abrupt phenomenon. An intermediate
preictal state does not exist.’ Despite the fact that in this case
no information predictive of an impending seizure could be
extracted from the EEG, many of our characterizing
measures would probably still render a performance value
(as quantified by the area under the ROC curve) different
from 0.5. This is due to the fact that time series such as the
profiles of our characterizing measures that were obtained
from recorded data usually contain fluctuations and therefore
in principle have a non-zero probability of attaining any
course within their range of definition. Even though this
probability may be very small for a single time profile, the
number of different variables (different measures, different
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patients, different channels, different seizures, different
parameters, different ROC hypotheses) included in this
study leads to an increased probability for finding a
combination of these variables which leads to results that
may appear significant without actually being so. For our
particular evaluation this means that the optimization over
parameters s and d and the applied ROC hypotheses as well
as the best channel selection applied in the last three
evaluation schemes is likely to decrease the actual statistical
significance of the results. Concerning our analysis this
means that there is no guarantee that any observed effects
are indeed due to different characteristics of the interictal
and preictal state, but instead could be caused, at least in
part, by random fluctuations (cf. Mormann et al., 2003b)
selected by the optimization process. The influence of the
different degrees of freedom on the statistical significance of
the obtained results is difficult if not impossible to estimate
on a theoretical basis. Hence it is impossible to decide
whether a given ROC performance value obtained from our
data indicates the existence of a preictal state or whether it is
consistent with the null hypothesis stated above. We
therefore applied a surrogate test to evaluate the null
hypothesis of finding the same results just due to random
fluctuations contained in the data (cf. Andrzejak et al., 2003).
For this purpose we designed a total of 19 different
surrogate sets of randomized seizure onset times by
randomly permutating the intervals between different
seizures including the interval between the first seizure
and the beginning of the recording. We then once again
applied the different evaluation schemes to the original
time profiles of all of our characterizing measures using
now instead of the original seizure onset times one of the
surrogates. This process was carried out separately for
each of the 19 seizure times surrogates. By proceeding
this way we ensured that the a priori significance of every
performed ROC test, which is determined by the sizes of
the two distributions, is the same for the surrogates as
for the original. Note that each of the seizure times
surrogates was applied to the original unprocessed profiles
with the only constraint that none of the surrogate seizure
times were allowed to coincide with an original onset
time.
Using a z-score test, the significance level P for a
rejection of the null hypothesis can be determined with
aZ0.05 being the nominal size of this test. If the
performance of a measure for the real seizure onset times
exceeds the maximum performance for the surrogates, the
results can be assumed to be statistically significant at a
level of PZ0.05; if no more than one of the surrogates
perform better than the original, the significance level is
PZ0.10, etc.
Note that for data set A, the test for statistical validity
could not be performed since with the given constraint no
more than two possible seizure time surrogates could be
constructed from the three seizures of this patient.

3. Results
The statistical evaluation based on ROC curves is shown
in Fig. 1. In this example, the time profile of a measure for
phase synchronization (mean phase coherence based on
Hilbert Transform RH) for one channel combination of a
patient (data set B) is plotted in the upper row of the figure.
A smoothing filter of dZ5 min was applied and the duration
of the preictal period was set to sZ240 min in this example.
The corresponding amplitude distributions of RH for both
the preictal and the interictal periods are displayed in the
lower row along with the ROC-curve derived from these
distributions under the ROC hypothesis of a preictal
decrease. The performance value as quantified by the area
under the ROC curve is 0.83 which indicates a fair degree of
separability of the two distributions. For this time profile, a
fixed threshold value of 0.75, for instance, would render
a classification of the preictal and interictal periods at a
sensitivity and specificity of 75% each, a threshold value of,
e.g. 0.8 would yield a sensitivity of 95% and a specificity
of 60%.
For the sake of a better legibility of the following figures,
results for measures that were found to be highly correlated
to other measures are not displayed. Care was taken,
however, that any results described or conclusions drawn
are valid for all the measures analyzed.
The performance of each measure was calculated using
parameters d and s and a ROC hypothesis that yielded an
optimal mean performance of this measure over four of the
five patients, i.e. each measure was ‘allowed to pick its
optimum parameter setting’. Patient A was excluded from
the mean value because, as explained above, no seizure
times surrogates and therefore no significance value could
be determined for this patient. For completeness, performance values for this patient are displayed along with those of
the other patients using the same parameters as for the other
patients.
Results for evaluation Scheme #1 (all seizures, all
channels) for the different measures and patients are
shown in Fig. 2. Displayed for each measure are the
performance values for all five patients as well as the mean
value calculated from four of these patients (excluding data
set A). Since due to the use of the optimum ROC hypothesis
(preictal decrease or increase) mean performance values are
by construction equal to or greater than 0.5, bars representing these values are displayed starting at the 0.5 level.
Statistically significant values are displayed as black bars,
others as gray bars. Optimal values for the parameters d and
s as well as the underlying ROC hypothesis are displayed at
the bottom of Fig. 2 for each measure. In addition, the
significance values as determined from the seizure times
surrogate test are displayed at the top of the figure. For
better legibility, only P-values smaller than or equal to 0.10
are displayed.
The area under the ROC curves did not deviate from 0.5
by more than 0.06 for any of the examined measures
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Fig. 2. Performance values for different measures and patients according to evaluation Scheme #1 (all seizures, all channels) as well as mean values averaged
over patients (represented by the black and gray bars in the background) for each measure (omitting data set A). Parameters and ROC hypotheses were chosen
to yield a maximum mean value for each measure. At the bottom of the figure, parameters d and s as well as the ROC hypotheses (‘Y’ for preictal decrease, ‘[’
for preictal increase) for each measure are displayed; at the top significance levels of the average performance values are displayed with n.s. (not significant)
denoting P-values greater than 0.10. Displayed EEG measures comprise variance s2, skewness c, kurtosis k, spectral bands dr, wr, ar, br, gr, Hjorth mobility
HM, Hjorth complexity HC, decorrelation time t0, correlation dimension D*, largest Lyapunov exponent Lmax, local flow L*, algorithmic complexity AC,
surrogate-corrected versions of the latter 4 measures S–D*, S–Lmax, S–L*, S–AC, loss of recurrence LR, cross-correlation Cmax, Hilbert mean phase coherence
RH, Wavelet mean phase coherence RW, non-linear interdependence S.

and patients, which means that none of the measures were
able to clearly discriminate the preictal from the interictal
period in this evaluation scheme. Only for two measures,
namely, for the wavelet mean phase coherence RW and the
relative gamma band power gr, performance values
appeared to be significant.
In Fig. 3 results are displayed for evaluation Scheme #2
(all seizures, each channel separately). This figure shows
the distribution of performance values over different
channels including maximum, minimum, and median
performance. In addition, mean values were calculated
from the maximum performance of each patient excluding
once again data set A. For a better legibility, distributions
over channels are displayed only for measures yielding
mean values that were statistically significant. When
comparing these values, we found mean performance values
for the univariate measures to range from 0.63 to 0.72, while

those for the bivariate measures ranged from 0.72 to 0.75.
Among the univariate measures, the best performers were
the Hjorth parameters HM and HC and the surrogatecorrected algorithmic complexity S–AC. The best bivariate
measures were the maximum cross-correlation Cmax and the
measures for phase synchronization based on the Hilbert
H
transform RH, lH
cp , rse . Furthermore results show that while
all bivariate measures reached optimum performance for a
preictal period of 240 min, the best preictal period for the
univariate measures varied among different values.
Optimal smoothing parameters were 5 min for all measures.
Apart from all bivariate measures, only values for the
correlation dimension D*, the Hjorth complexity HC, and
the surrogate-corrected algorithmic complexity S–AC
appeared to be statistically significant.
Fig. 4 shows results for evaluation Scheme #3 (each
seizure separately, each channel separately, constant
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Fig. 3. Same as Fig. 2, but this time for evaluation Scheme #2 (all seizures, each channel separately). Mean values over patients (represented by black and gray
bars in the background) for each measure were obtained by averaging over the maximum performance of different channels for each patient (omitting patient
A). For measures with an overall performance that was statistically significant, the distribution of performance values over different channels is depicted by
vertical bars with the median of the distribution denoted by a little black square on each bar.

baseline). Since for this evaluation scheme the distributions
of performance values for a given patient and measure is
two-dimensional (for different seizures and different
channels), we determined the median performance of the
seizures in each channel and depicted the distribution of
these median values for different channels just as for the
previous evaluation scheme. Selecting the median seemed
convenient as this means that half of the seizures achieved a
better performance, while for the other half performance
values were lower. Results for this evaluation scheme were
similar to those for the previous scheme except that the
median performance value for the separate seizures of a
channel was generally higher than the performance value for
all seizures of a channel. Performance values for univariate
measures ranged from 0.74 to 0.80 while values for
bivariate measures ranged from 0.81 to 0.86. Among the
univariate measures, the best performers were again HM,
HC, and S–AC. Among the bivariate measures, the
measures for non-linear interdependence showed a lower
performance than the rest. Optimum parameters for the
different measures were similar as for the previous scheme.

Statistical significance was found for all bivariate measures
except the nonlinear interdependence S as well as for the
Hjorth parameters, the relative beta band power br, and the
surrogate-corrected algorithmic complexity S–AC.
To investigate the variability in performance for different
seizures in the time profile of a given channel, the
distributions of performance values among seizures were
calculated for each patient and measure for the best channel
based on the median performance among seizures, i.e. for
the channels with maximum performance in the distributions depicted in Fig. 4. While for almost all measures
and patients the median of the distribution among seizures
was above 0.5, the minimum was below 0.5. This means that
while for the majority of seizures a certain discrimination of
the interictal and preictal period could be achieved based on
either a preictal decrease or increase in values, there were
also seizures for which the opposite effect was observed.
Results for evaluation Scheme #4 (each seizure separately, each channel separately, adaptive baseline) are
displayed in Fig. 5 in the same manner as for the previous
scheme. It turned out that performance values for
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Fig. 4. Same as Fig. 3, but this time for evaluation Scheme #3 (each seizure separately, each channel separately, constant baseline). Mean values over patients
(represented by black and gray bars in the background) for each measure were obtained by averaging over the maximum value of the median seizure
performance of different channels of each patient (omitting patient A). Instead of one performance value per channel now the median performance of the
different seizures per channel is depicted in the distributions for each patient.

the bivariate measures ranged from 0.76 to 0.84 and were
thus lower than for the previous scheme and for the most
part did not reach statistical significance. The univariate
measures on the other hand showed a clear increase in
performance with performance values ranging up to 0.90.
Among the best univariate performers were the power bands
dr through gr, the local flow L*, the correlation dimension
D*, and the algorithmic complexity AC. Values for these
measures and a number of others reached statistical
significance.
Concerning the distributions of different seizures for this
scheme, it again turned out that in most cases the hypothesis
of either a preictal decrease or an increase in values was not
valid for all seizures of a patient.

4. Discussion
When comparing different measures in terms of their
suitability for seizure prediction by testing the ability of

these measures to discriminate a presumed preictal state
from the interictal period, it is useful to distinguish between
univariate and bivariate aproaches.
While univariate measures quantify certain properties of
the EEG signal thus possibly reflecting the state of a certain
region of the brain, the bivariate measures analyzed in this
study quantify the degree of synchronization between two
EEG signals thereby possibly reflecting the amount of
interaction between different areas of the brain.
4.1. Univariate measures
As for the univariate measures evaluated in this study,
the first evaluation scheme (all seizures, all channels)
showed no global effect in the sense of a uniform and similar
change found in all channels and for all seizures of a patient.
If there was at all a difference in any of the channels, it either
occurred in too few channels to have an effect on the overall
distributions or it was opposite for different channels (in the
sense of a preictal increase in values in some channels
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Fig. 5. Same as Fig. 4, but this time for evaluation Scheme #4 (each seizure separately, each channel separately, adaptive baseline). The preictal period of each
seizure is tested only against the interictal interval preceding this preictal period.

and a decrease in others) so that effects in different channels
may have canceled each other out. The fact that for one of
the univariate measures a significance level of PZ0.05 was
found is not surprising since with the given error probability
of 0.05 for falsely classifying a measure’s performance as
significant, one would expect a false classification among a
total number of 21 measures. In this context it is important
to point out that the empirical size of the surrogate test for
statistical significance used in this study might deviate from
its nominal size. An estimation of the empirical size cannot
be derived from the data available and will be subject to
further research.
Results for the second (all seizures, each channel
separately) and third (each seizure separately, each channel
separately, constant baseline) evaluation scheme were not
very different from those for the first scheme. The only
measures with significant performance values in both of
these schemes were the Hjorth complexity HC and the
surrogate-corrected algorithmic complexity S–AC exhibiting a preictal increase in values hours before the seizure
onset. These measures possibly reflected changes in
dynamics that were also tracked by the bivariate

synchronization measures but showed a lower performance
than any of these.
In the fourth evaluation scheme (each seizure separately, each channel separately, adaptive baseline) on the
other hand the univariate measures showed a clear
increase in performance. In addition, for a number of
these measure these performance values were statistically
significant. The duration of the preictal changes found in
this evaluation scheme did not exceed 30 min for any of
the measures.
For a possible explanation of the behavior of the different
measures with significant performance values in terms of
the applied ROC hypothesis, it is useful to take a look at the
preictal changes in the spectral bands: Fig. 5 shows that
preictally there is a relative decrease of power in the delta
band that is accompanied by a relative increase in the
remaining bands. The decrease of the variance s 2
furthermore represents a decrease of the total energy and
power of the signal. This relative decrease of power in
the lower frequencies of the EEG causes an increase of the
Hjorth parameters HM and HC and a decrease of the
decorrelation time.
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The reduction of linear correlations due to the decrease in
delta power could furthermore account for the observed
preictal increase of both the correlation dimension D* and
the largest Lyapunov exponent Lmax since these measures
have been previously found to be inversely correlated
(Pereda et al., 1999) as well as for the decrease of the local
flow L* and the algorithmic complexity AC. Consistently,
the decrease in L* and AC, which reflects a highdimensional stochastic dynamics, is accompanied by a
decrease in S–L* and S–AC as well, while for the same
reason the increase in D* and Lmax is accompanied by
a decrease of the surrogate-corrected versions S–D* and
S–Lmax of these measures.
Locating the channels exhibiting the maximum values for
the median performance revealed no uniform picture as
optimum channels were found ipsilateral to the focal side for
some patients and contralateral for others even for measures
with statistically significant results. Furthermore these
channels changed from measure to measure for each patient
although they were often located within the same region.
Comparing our results with the literature on seizure
prediction we find that in contrast to an earlier report about a
preictal elevation of the energy of a signal occurring hours
before the onset of a seizure (Litt et al., 2001), it turns out
that in our study no significant effect on a time scale of hours
is observed which is in agreement with another recent study
(Maiwald et al., 2004) in which earlier results could not be
replicated either. On a shorter time scale we even find the
opposite effect, i.e. a decrease in the total energy of a signal
within the 30 min prior to seizure onset.
In comparison with earlier reports describing drops in the
values of the largest Lyapunov exponent for several minutes
prior to the onset of a seizure (Iasemidis and Sackellares,
1991), we here again observe the opposite effect, namely, an
increase of Lmax within the 30 min before seizure onset.
Concerning earlier reports describing a decrease in
correlation dimension 5–25 min before seizure onset
(Elger and Lehnertz, 1998; Lehnertz and Elger, 1998), we
find a discrepancy in the sense that we here observe a
preictal increase in dimension. Analysis of predictive
performance for the ROC hypothesis of a preictal decrease
(results not shown) indeed yielded values close to 0.5, which
means that a distinct preictal drop in dimension was not
observed in the time profiles of any of the channels
analyzed. These findings are in line with other recent studies
(Aschenbrenner–Scheibe et al., 2003; Maiwald et al., 2004)
where the correlation dimension was found to perform
insufficient for clinical application. This discrepancy to
earlier studies may be due to the fact that in these studies the
parameters used in the algorithm for the calculation of
the correlation dimension were selected in-sample and that
the obtained results were not checked for over-training via
cross-validation. In addition, the study was performed using
comparably short interictal recordings selected by EEG
technicians with regard to epileptiform activity, and a
posteriori knowledge in the sense of a channel selection was
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used. Perhaps most importantly, the authors of these studies
only looked for a decrease in dimension, so the hypothesis
of a preictal increase was not at all evaluated.
With respect to the observed relative decrease in delta
power before seizures we would like to note that this
phenomenon could also be argued to be (at least in part) an
effect of the postictal period. Suppose the well-known
phenomenon of a postictal slowing in the EEG lasted longer
than the 30 min after a seizure discarded as postictal in this
study and then gradually faded away. Then for a cluster of
seizures one would observe a continuous decrease of the low
frequency content (delta power) while approaching the next
seizure. Therefore, the presumably preictal effects found in
this evaluation scheme could actually be caused by postictal
effects instead. In this case, however, we would expect a low
performance of the leading seizures of each patient as
compared to the following seizures, which was not found for
the patients analyzed in this study. Hence, it appears that the
observed effects for the most part indeed reflect features of
the preictal state.
The changes in spectral energy before seizures and the
accompanying changes of other univariate measures found
only in this evaluation scheme thus indicate that univariate
measures bear a certain sensitivity to the process of seizure
generation on a time scale substantially shorter than those
for the bivariate measures and with the need for adjusting
the reference level, i.e. the threshold to discriminate
between interictal and preictal distributions for each
seizure. The poor performance of the univariate measures
in the second and third evaluation scheme indicates a high
variability of this threshold from seizure to seizure, which
makes a prospective implementation of an algorithm for
seizure anticipation a non-trivial problem (cf. Mormann
et al., 2003b). Furthermore, evaluation Scheme #4 does not
allow to estimate the specificity of the observed preictal
changes. Suppose, for instance, the level of a measure
decreased continuously between two seizures, then the
variation of the retrospectively determined threshold for
separating the preictal state from the interictal state from
seizure to seizure would make it impossible to determine the
beginning of a preictal state.
Regarding the performance of the univariate measures in
evaluation Scheme #4 for the different seizures of a patient, it
should be noted that for every measure there are seizures that
exhibit a preictal behavior opposite to the optimum ROC
hypothesis for this measure, which means that for all the
measures and most of the patients there were certain seizures
that would not be predictable based on the proposed methods.
As for the smoothing parameter d, the finding that in all
evaluation schemes for the vast majority of measures
(univariate and bivariate) a smoothing filter of length
dZ5 min is favored over no smoothing is due to the fact
that smoothing of a time series generally decreases the width
of its amplitude distribution while leaving the center
unchanged. If two distributions have a different center,
their separability is thus increased by making them each more
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narrow. This effect becomes the more pronounced the less
linear correlations exist in the underlying time series.
4.2. Bivariate measures
Regarding the bivariate measures examined in this study,
the first evaluation scheme (all seizures, all channels) just
like for the univariate measures revealed no general
difference between the preictal and interictal period that
could be found for all channels and seizures.
Results from the second evaluation scheme (all seizures,
each channel separately) showed that based on a ‘best
channel performance’ using all seizures for the testing, i.e.
looking for an effect in a channel (combination) that
occurred prior to all seizures and in a similar manner, the
bivariate measures showed a substantially higher performance than the univariate measures with performance values
that were for the most part statistically significant.
These results show that for the bivariate measures the
discrimination of a presumed preictal state from the
interictal period is in principle possible using a fixed
threshold that remains constant over days so a prospective
detection algorithm for a preictal state could be easily
implemented (Mormann et al., 2003b) provided that the
optimum channel combination is known.
A superior performance of the bivariate measures was
also observed in the third evaluation scheme (each seizure
separately, each channel separately, constant baseline)
where the median performance values of all the seizures
of a patient were found to clearly surpass the values from
the previous evaluation scheme achieved by testing all
seizures together. Some preictal periods, however, could
not be discriminated at all due to an opposite ROC
hypothesis. Examination of the distribution of performance values for different seizures revealed no particular
role of the leading seizure as compared to the other
seizures of a patient.
As for the optimum duration of the preictal period, there
was a clear tendency for all bivariate measures towards a
preictal period of 240 min which is consistent with our
earlier findings (Mormann et al., 2003a,b) and accounts for
the fact that the changes in dynamics tracked by these
measures occur on a rather large time scale.
In the fourth evaluation scheme (each seizure separately,
each channel separately, adaptive baseline) a decrease in
performance values as compared to the second and third
scheme was observed for the bivariate measures, and
performance values for the most part were no longer
statistically significant. This indicates that for most seizures
the corresponding preictal distribution did not differ
significantly from the preceding interictal distribution
which could be due to an underestimation of the duration
of the presumed preictal state for the bivariate measures. If
the changes before seizures started even sooner than
240 min before a seizure, the interictal distributions would
contain a substantial amount of preictal values, particularly

in case of a clustering of seizures. In the other evaluation
schemes, this effect would be much less predominant due to
the larger size of the interictal distributions.
The rather large time scale on which preictal changes in
synchronization are observed indicates that the bivariate
synchronization measures might not be very useful for an
actual prediction of seizures but instead rather reflect a
disposition, i.e. an increased probability, for the occurrence
of a seizure. In this context it would be interesting to
examine whether the slow changes reflected by these
measures correspond in any way to antiepileptic drug
levels of the patients. This would, however, go beyond the
scope of this study and thus will be subjected to further
research.
The fact that both in the second and in the third
evaluation scheme the predominant optimum hypothesis for
the bivariate measures is a preictal increase in synchronization, is at first surprising as in previous studies we
predominantly found a preictal decrease in synchronization.
There is, however, no contradiction to earlier results as it
can be seen from Figs. 3 and 4 that the predictive
performance based on the opposite hypothesis is of the
same magnitude (for data sets B (cf. Fig. 1) and E it is even
better). While in some channel combinations we found a
preictal increase in synchronization, in other channel
combinations a pronounced preictal decrease was observed.
Although there was no apparent relation of channel
combinations exhibiting maximum performance values
based on either ROC hypothesis to the focal region of
each patient and maximum values were observed both
ipsilateral and contralateral, we frequently found an
increase in synchronization to be associated with a decrease
in an adjacent channel combination. This phenomenon can
be regarded as further evidence for the hypothesis that
changes in synchronization are observed when a recording
site becomes ‘torn out’ of its physiological state of
synchronization with a neighboring recording site in one
direction and is forced into synchronization with some
slowly expanding region of pathologically synchronized
neuronal tissue emanating from another direction
(Mormann et al., 2000, 2003a).
4.3. Summary and outlook
The results obtained in this study differed substantially
for univariate and bivariate measures. While univariate
measures appeared to be sensitive to changes before a
seizure only in relation to the period immediately preceding
these changes, bivariate measures were found to reflect
changes in dynamics on a longer time scale starting hours
before a seizure. A remarkable aspect of our results is that
both among the univariate and the bivariate approaches
linear measures performed equally good or even better than
non-linear measures.
Concerning the future perspective of a prospective
algorithm for seizure anticipation, we have shown that
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a statistically significant discrimination between a presumed
preictal state and the interictal period is in principle possible
using bivariate measures for synchronization. Whether
results for the univariate measures can be confirmed in a
prospective setting remains to be investigated by further
studies.
With respect to the performance values obtained for the
different measures, we regard the future perspective of an
implantable prospective seizure prediction system working
with both a sensitivity and a specificity of 100% as
unrealistic. Instead we would conjecture the most promising
approach to be a combination of bivariate and univariate
measures rendering a probability estimate for the occurrence of a seizure within a certain time frame. The statistical
validation performed in this study suggests that a prospective seizure anticipation system is in principle possible and
would perform better than random. Whether this is sufficient
for a clinical application would need to be decided on an
individual basis.
It should be noted in this context that although optimum
performance of a measure was found to crucially depend on
the location of the recording sites, there was no consistency
in the optimum locations for different measures or patients
that could be used as a priori knowledge for future potential
implantations.
A further problem in this context is that any intracranial
EEG recordings from epilepsy patients are obtained in a
clinical environment during the pre-surgical work-up with
patients undergoing medical tapering and other diagnostic
procedures so there is no guarantee that results obtained
from such an environment are indeed transferable to the
everyday life of a patient.
Regarding the multi-center character of this study it is
remarkable that in spite of the differences in the pre-surgical
work-up among the various centers, the obtained results
were quite consistent for the different patients.
For further improvements of the predictive performance
of measures it would be promising to investigate circadian
changes of these measures with particular regard to their
dependence on different vigilance states such as sleep and
other influencing factors.
To conclude, our evaluation of a number of univariate
and bivariate measures in terms of their ability to
discriminate a presumed preictal state from the interictal
period has provided statistically significant evidence for the
existence of a preictal state that can be discriminated from
the interictal state by certain dynamical measures.

Appendix A. Characterizing measures of the EEG
A.1. Univariate linear measures
The information contained in consecutive amplitude
values of a signal that is sampled in the form of a discrete
time series x(t)Zx(ti)Zx(t0CiDt)Zxi (with iZ1,.,N and
Dt denoting the sampling interval) can also be encoded by
amplitudes and phases of harmonic oscillations with a range
of different frequencies. The map that translates between
these representations in the time domain {xi} and the
frequency domain {sk} is called Fourier Transform. The
power spectrum of a real signal is given by the square of
the amplitudes of the Fourier Transform: {pk}Z{jskj2} with
kZ1,.,N/2 for any frequency where fsZ1/Dt is the
sampling rate.
The total power of the time series is given by
PZ

N=2
X

pk Z

kZ1

fs =2
X

pf :

fZ0

In the following we assume that the time series’ mean
values were set to zero prior to analysis.
A.1.1. Statistical moments
Statistical moments characterize the amplitude distribution of a signalP
{xi}. The second moment is the variance
s2 ¼ ð1=ðN K 1ÞÞ Ni¼1 x2i (of a signal with zero mean),
which according to Parseval’s theorem is also a measure of
the total energy or power of a signal (cf. Litt etPal., 2001).
The third moment is the skewness cZ ð1=NÞ NiZ1 ðxi =sÞ3
and
the
fourth
moment
the
kurtosis
P
kZ ½ð1=NÞ NiZ1 ðxi =sÞ4 K 3. The skewness is zero for
symmetric amplitude distributions and non-zero for asymmetric distributions. Neglecting the direction of the
asymmetry, which can be read from the sign of the
skewness, we here use only the absolute value jcj of
the skewness. The kurtosis measures the relative peakedness
or flatness of an amplitude distribution.
A.1.2. Spectral band power
Different physiological and pathological processes are
reflected by activity in different frequency ranges of the
power spectrum {pf} of the EEG. According to these ranges
a set of power spectral bands (d, w, a, b, g) were defined in
classical EEG analysis. The relative power contained in
these bands is defined as
dr Z
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where P is the total power of the signal.
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A.1.3. Spectral edge frequency
In a typical EEG signal, most of the power is contained
within the frequency band from 0 up to 40 Hz: P40 HzzP.
We here use as a characterizing measure for the power
distribution the so-called spectral edge frequency (Stanski
et al., 1984) which is defined as the minimum frequency up
to which 50% of the spectral power up to 40 Hz is contained
in the signal:
( 
)
f
 X

f50 ¼ min f 
p O P40 Hz ,0:50
n¼0:5 Hz n
A.1.4. Characteristics of the autocorrelation function
The autocorrelation function of a time series with zero
mean is defined as
AðtÞ Z

N
Kt
X
1
xi xiKt
2
ðN K 1Þs iZ1

for tZ0,.,NK1 with s2 denoting the variance of the
signal. By definition A ranges between K1 and 1 with
A(0)Z1. Provided that the time series is non-periodic, the
autocorrelation function decays from A(0) with increasing
values of t, and fluctuates around zero for larger t-values.
The slower A(t) decays initially, the stronger are the linear
correlations of the time series. Hence, an estimate of the
range of linear correlations can be defined using the first
zero crossing
t0 Z minftjAðtÞ Z 0g
of the autocorrelation function.
A.1.5. Hjorth parameters
Hjorth defined activity, mobility and complexity as ‘a set
of parameters intended as a clinically useful tool for the
quantitative description of an EEG’ (Hjorth, 1970). Since
the activity is proportional to the variance of a signal, we
here use the mobility, defined as the variance of the slopes
of the EEG normalized by the variance of the amplitude
distribution of the time series, and the complexity, defined
as the variance of the rate of slope changes with reference to
an ideal sine curve. In the frequency domain, the mobility
and complexity can be estimated from the second and fourth
statistical moment of the power spectrum, respectively:
HM ¼

N=2
1 X
p k2 ;
P k¼1 k

HC ¼

N=2
1 X
p k4
P k¼1 k

A.2. Univariate non-linear measures
While linear measures are calculated directly from the
time series or its power spectrum, a number of non-linear
measures have been derived from the theory of dynamical
systems (Kantz and Schreiber, 1997; Ott, 1993; Schuster,
1989) that are designed to quantify different properties of
so-called state space trajectories. Calculation of these

measures therefore requires reconstruction of the state
space trajectory from the scalar time series {xi} where iZ
1,.,N. This reconstruction can be achieved by means of
delay coordinates ~x i Z ðxi ; xiKt ; .; xiKðmK1Þt Þ (Takens, 1981)
with iZ1,.,MZNKmt where f~x i g defines the reconstructed state space trajectory. Here, t is a time delay and m
is the embedding dimension which, according to Whitney’s
theorem, must be chosen as mR2dC1 (where d is the
dimension of the geometrical object formed by the genuine
trajectory in state space) if any exact determinism present in
the original (multi-variate) system is to be preserved
(Whitney, 1936).
A.2.1. Estimate of an effective correlation dimension D*
For deterministic dynamics the correlation dimension
(Grassberger and Procaccia, 1983) allows to estimate the
number of active degrees of freedom. To this purpose, the
correlation sum that counts the number of pairs of vectors in
state space that are closer than a given hypersphere radius 3
is calculated as a function of 3
Cð3Þ Z

M X
M
X
2
Qð3 K j~x i K ~x j jÞ
ðM K WÞðM K W K 1Þ iZ1 jZiCW

where j$j indicates the maximum norm in m dimensions and
Q is the Heaviside step function (Q(a)Z0 for a%0 and
Q(a)Z1 for a>0). The exclusion of pairs closer in time than
the length of the so-called Theiler window W is essential to
reduce the unwanted influence of temporal correlations on
C(3) (Theiler, 1986). From the local slope of the correlation
sum d(3)Zd ln C(3)/d ln 3, the correlation dimension is
defined as D2 Z limN/N lim3/0 dð3Þ. From the limites it
follows that the calculation of the correlation dimension
would require an infinite length N and an unlimited accuracy
of the time series. However, an estimate of an effective
correlation dimension (Grassberger et al., 1991) can be
obtained if an almost constant value of d(3) is found at least
for a range of 3 values, the so-called quasi-scaling region.
Here, we calculate d(3) for embedding dimensions of
mZ1 and mZ25 using a fixed time delay (tZ1,Dt) and
Theiler window (WZ5!Dt). The range of 3 is chosen
to match the resolution of the analog-to-digital converters
and is divided into 128 intervals. A quasi-scaling
region [3l, 3u] is defined by 3u Z maxf3jdð3ÞjmZ1 O 0:975g
and 3l Z minf3j jdð3u ÞjmZ25 K dð3ÞjmZ25 j% 0:05 dð3ÞjmZ25o
3! 3u g. If 3u and 3l exist and the number nr of 3
values in [3P
l , 3 u ] is greater than 4, the estimate
u
D Z ð1=nr Þ, 33Z3
dð3ÞjmZ25 is computed (cf. Lehnertz and
l
Elger, 1998). If no quasi-scaling behavior is found for d(3)
or if D*R9.5, an arbitrary but fixed value of D*Z10 is set
(cf. Lehnertz and Elger, 1995).
A.2.2. Largest Lyapunov exponent
The exponential divergence or convergence of nearby
trajectories in state space is conceptually the most basic
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indicator of deterministic chaos and can be sufficiently
estimated using the largest Lyapunov exponent Lmax. The
first proposed algorithm to compute Lmax from a time series
(Wolf et al., 1985) suffers from severe drawbacks that occur
particularly with short and noisy time series, strongly
depends on parameters used for the state space reconstruction, and is computationally highly expensive (Rosenstein
et al., 1993). In order to avoid these shortcomings we here
use a combination of improved algorithms (Kantz, 1994;
Rosenstein et al., 1993) according to which the Lmax can be
estimated from dj ðiÞ zCj eLmax ,i,Dt where dj(i) denotes the
average divergence between two trajectory segments at time
ti. Cj with jZ1,.,M is a constant that is given by the initial
separation of a reference vector ~z j in state space and its
nearest neighbor. In order to improve statistics we follow
Kantz (1994) and search for all neighbors starting within a
hypersphere of radius 3 around ~z j using a box-assisted
algorithm (Schreiber, 1995). Based on the relation
ln dj ðiÞ zln Cj þ Lmax ,i,Dt
the largest Lyapunov exponent is then calculated
using a least-squares fit to an average line defined by
y(i)Z(1/Dt)hln dj(i)i, where h/i denotes the average over all
values of j.
We here use a linear regression to the longest possible
linear region with a goodness-of-fit of 0.001. For our
analyses we estimate Lmax using an embedding dimension of
mZ7 and a fixed time delay of tZ5,Dt. In order to reduce
the unwanted influence of temporal correlations we follow
Rosenstein et al. (1993) and choose a Theiler window of a
length given by the reciprocal of the mean frequency of the
power spectrum.
A.2.3. Local flow L*
The local flow, a measure derived from the coarsegrained flow average (Kaplan and Glass, 1992), aims at
discriminating deterministic from stochastic dynamics. For
this technique, the reconstructed m-dimensional state space
is divided into bm non-overlapping hyper-cubes. If the
hyper-cube with index j is passed nj times by the trajectory,
a normalized vector vj,k will be generated for each pass (kZ
1,.,nj) whose direction is determined by connecting the
points where the trajectory enters and leaves the hyper-cube.
Summing up all vectors of passes through hyper-cube j, the
resultant vector
Pnj Vj, normalized by the number of passes nj, is
Vj Z ð1=nj Þ kZ1
vj;k . The coarse-grained flow average L is
then defined as
LZ

X Vj2 K R2

1 K R2
pﬃﬃﬃ
with Rf ð1= nÞ being the expected value for a vector
addition of n vectors of unit length yielded by a random
walk in m dimensions.
Using an embedding dimension of mZ6, the number of
hyper-cubes per state space axis is determined from
j
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the range and the variance of the time series according to
b ¼ 0:875,ðmaxfxi gK minfxi gÞ=s2 resulting in values of b
from 6 to 20. Rather than using a fixed time delay t the local
flow is determined by summing up the coarse-grained flow
average for different values of t in accordance with
(Andrzejak et al., 2001):
L Z

20
X

LðtÞ

tZ5

A.2.4. Algorithmic complexity
Another approach to characterize time series is based on
the theory of symbolic dynamics (Hao, 1989). For this
approach, the time series is transformed into a symbol
sequence by partitioning the range of sampling values and
assigning a different symbol S to each interval of this
binning. Then each value of the time series is replaced by
the symbol of its interval. The thresholds of the partition are
chosen separately for each time series to yield a homogenous distribution of symbols. To achieve a good statistics
as well as a good representation of the time series, the
number of different symbols was set to AZ16. The resulting
symbol sequence {Si} with iZ1,.,N was then investigated
for its complexity by estimating the size c({Si}) of its
vocabulary. This size was defined as the number of different
words in a Lempel–Ziv parsing (Lempel and Ziv, 1976) of
the symbol sequence. In this algorithm, the symbol
sequence is scanned from the beginning to its end, and its
complexity c({Si}) is increased by one unit as soon as a new
subsequence of consecutive symbols is encountered in the
scanning process (Kasper and Schuster, 1987) and the
following symbol is regarded as the beginning of the next
symbol sequence. This value is normalized by the expected
asymptotic value for a random sequence of symbols of
length N to yield the algorithmic complexity:
AC Z

logA N
cðfSi gÞ
N

A.2.5. Surrogate time series and surrogate correction
The method of surrogate time series allows to test a
specified null hypothesis about the dynamics underlying a
given time series. For this purpose, an ensemble of surrogate
time series is constructed from the original time series in
such a way that the surrogates have all properties included
in the null hypothesis in common with the original, but are
otherwise random. Then a certain measure, which has to be
sensitive to at least one property that is not included in the
null hypothesis, e.g. non-linearity (cf. Theiler et al., 1992),
is calculated for the original and the surrogates. If the result
for the original time series deviates significantly from the
distribution of the surrogates, the null hypothesis can be
rejected. The probability of false rejections, i.e. the nominal
size of the test, is adjustable by the number of surrogates.
For the present study, we applied a technique for generating
iterative amplitude-adjusted surrogates (Schreiber and
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Schmitz, 1996). These types of surrogates allow testing of
the null hypothesis that the time series was measured from a
Gaussian linear stochastic and stationary dynamics by
means of a static and invertible but possibly non-linear
measurement function. Starting from a random permutation
of the original amplitudes of the time series, the surrogates
are constructed by an iterative algorithm that alternately
adjusts the power spectrum and the amplitude distribution to
the original values, resulting in a deviation of the respective
other quantity. After a sufficient number of iterations
(typically 20–50) deviations of both quantities from values
of the original time series will be reduced to negligibly
small values.
Here we define
(
NMEEG KNMSUR O0
NMEEG KNMSUR
S–NM ¼
if
0
else

~ is uniformly distributed in the interval [0,1], and the
f ðlÞ
median m equals 0.5, whereas in case of non-stationarity, the
recurrence of related state space vectors is reduced, i.e. the
neighborhood of .
x r depends on the time index r and
furthermore the indices of the neighboring vectors nir are
clustered around r. For non-stationary signals, the observed
distances in time are therefore on average smaller than
expected and thus the amount of lower values l~ is increased
whereas higher values are reduced, and the median m of this
~ is less than 0.5. There is no need for a
distribution f ðlÞ
surrogate correction of this measure as surrogate time series
are stationary by construction and the median m of the
~ always matches 0.5 up to statistical
distribution f ðlÞ
fluctuations.

where NM is a placeholder for any non-linear univariate
measure and the over-bar denotes mean values of four
surrogates. This equation is valid for measures which
reflect non-linear determinism by high values (L*, AC).
For the other measures (D*, Lmax), which reflect nonlinear determinism by low values, the signs in the
equation should be inverted to ensure that all four
surrogate-corrected measures attain positive values for
nonlinear deterministic dynamics. Note that this use of
surrogates differs from their original purpose (Theiler
et al., 1992) since taking these differences can be regarded
as an ‘offset correction’ rather than as a hypothesis test,
where the offset is given by linear properties of the
dynamics. Surrogate correction was applied to all previous
non-linear univariate measures, resulting in the corresponding measures S–D*, S–Lmax, S–L*, and S–AC.

A.3.1. Maximum linear cross-correlation
In order to quantify the similarity of two signals {xi} and
{yi} we use the maximum of a normalized cross-correlation
function as a measure for lag synchronization (Rosenblum
et al., 1997):


Cðx; yÞðtÞ
Cmax ¼ max j pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ j
t
Cðx; xÞð0Þ,Cðy; yÞð0Þ

A.2.6. Loss of recurrence
The loss of recurrence LR is used to quantify the degree
of non-stationarity within a time series (Rieke et al., 2002).
This measure analyzes the distribution of distances in time
between reference vectors and their neighboring vectors in
state space. A system is regarded as stationary if the time
index of a neighbor is statistically independent from that of
the reference. For non-stationary systems we expect the
absence of distant time indices in the neighborhood of the
reference, i.e. a loss of recurrence.
Let U3 ð.
x r Þ ¼ f.
x n jjj.
x r K.
x n jj% 3g define a set of vectors
in the 3-neighborhood of .
x r in an m-dimensional reconstructed state space. We here use mZ10 and define 3r in
dependence of the reference .
x r using a fixed number kZ4
of nearest neighbors and the maximum-norm as a metric.
The lags lir Z jnir K rj of the ith nearest neighbor of .
x r are
~ Fr ðlÞ, i.e. the
transformed using the distribution function lZ
a priori probability under stationary conditions that the
observed distance in time is less than or equal to l. The
~ of all transformed time distances l~n reflects
distribution f ðlÞ
the non-stationarity of the system. For a stationary system

A.3. Bivariate linear measures

where
8
<

Kt
1 NX
xiCt yi
Cðx; yÞðtÞ Z N K t
iZ1
:
Cðy; xÞðKtÞ

tR 0
t! 0

is the well-known linear cross-correlation function. Cmax is
confined to the interval [0, 1] with high values indicating
that the two signals have a similar course in time (though
possibly shifted by a time lag t) while dissimilar signals will
result in values close to zero.
A.4. Bivariate non-linear measures
A.4.1. Non-linear interdependence
The non-linear interdependence (Arnhold et al., 1999)
as a measure for generalized synchronization (Rulkov
et al., 1995) between two EEG signals {xi} and {yi} is
calculated after reconstruction of the state space trajectories f~x i g and f~y i g for these signals. Let aij and bij with
jZ1,.,k denote the time indices of the k nearest
neighbors in state space of ~x i and ~y i , respectively. For
each ~x i the squared mean Euclidean distance to its k
nearest neighbors is given by
x ðkÞ
Ri

Z

k
1X
ð~x K ~x aij Þ2
k jZ1 i

while the y-conditioned mean squared Euclidean distance
is constructed by replacing the nearest neighbors by
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the equal time partners of the closest neighbors of ~y i :
xjy ðkÞ
Ri

Z

y ðkÞ
Ri

1
k

k
X

where
rl ¼

ð~x i K ~x bij Þ2 :

jZ1

yjx ðkÞ
Ri

and
are defined accordingly.
As measures for non-linear interdependence we use

M x ðkÞ
1 X
Ri
xjy
SZ
xjy
M iZ1 RðkÞ
i
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X

1
Ml

eify ðtj Þ

j
fx ðtj Þ 2½ðl=LÞ2p; ððl C 1Þ=LÞ2p

with




1
l C1

2p 
Ml Z  fx ðtj Þjfx ðtj Þ 2 2p;
L
L

and
xjy

denoting the number of phase values fx(t) contained in the
bin l. (j{/}j denotes the number of elements contained in
the set {/}.)
The index based on Shannon entropy is given by

M
x ðMÞ
1 X
R
H¼
log xjy i ðkÞ
M i¼1
Ri

with
x ðMÞ
Ri

M
X
1
Z
ð~x K ~x j Þ2 :
M K 1 jZ1;jsi i

yjx

S and yjxH are defined accordingly. Both measures yield
high values for high degrees of non-linear interdependence
and values near zero for independent time series. While xjyS is
restricted to the interval [0, 1], xjyH is not normalized and
might also have slightly negative values. In order to have the
same number of channel combinations as for the other
bivariate measures, we here use a symmetrized version of the
two measures for non-linear interdependence:
xjy

SZ

S C yjx S
2

xjy

and

HZ

H C yjx H
2

A.4.2. Measures for phase synchronization
Phase synchronization (Huygens, 1673) is traditionally
defined as phase locking (fx(t)Kfy(t)Zconst) or, in the
case of noisy and/or chaotic systems (Rosenblum et al.,
1996), as phase entrainment (fx(t)Kfy(t)!const), with
fx(t) and fy(t) denoting the phase variables of two
oscillating signals x(t) and y(t).
In this study we use three different measures for phase
synchronization. The first measure, the mean phase
coherence (Hoke et al., 1988; Lachaux et al., 1999;
Mormann et al., 2000) is defined as
RZj

N
1 X
ei½fx ðtj ÞKfy ðtj Þ j
N jZ1

The second and third measure are termed index based on
conditional probability and index based on Shannon entropy
(Tass et al., 1998). For these measures, an equidistant
binning of the interval [0, 2p] is required where the number
of bins is given by LZe0.626C0.4 ln(NK1) as in (Rosenblum
et al., 2001).
The index based on conditional probability is then
defined as
lcp Z

1
L

L
X
lZ1

rse Z 1 C

L
1 X
p ln pl
ln L lZ1 l

with




 fx ðtj Þ K fy ðtj Þjfx ðtj Þ K fy ðtj Þ 2 l 2p; lC1 2p 
L
L
pl Z
jffx ðtj Þ K fy ðtj Þgj
denoting the relative frequency of finding a phase difference
in a certain bin l.
All three phase synchronization measures are confined to
the interval [0, 1] where high values indicate a high degree
of phase synchronization and low values correspond to
unsynchronized signals.
In order to measure changes in phase synchronization of
two signals x(t) and y(t) over time, it is necessary to
determine their phases fx(t) and fy(t). To this aim, two
different approaches have been proposed.
One is the analytic signal approach (Gabor, 1946; Panter,
1965) which defines an instantaneous phase
fðtÞ Z arctan

s~ðtÞ
sðtÞ

for an arbitrary signal s(t) using the Hilbert Transform
ðCN
1
sðt 0 Þ 0
s~ðtÞ Z pv
0 dt
p
KN t K t
(pv denoting the Cauchy principal value).
The second approach (Lachaux et al., 1999) uses a
definition based on the Wavelet Transform. Here the phase
variable is defined as
fðtÞ Z arctan

Im WðtÞ
Re WðtÞ

using the Wavelet coefficients
ðCN
WðtÞ Z
Jðt K t 0 Þsðt 0 Þdt 0
KN

of a complex Morlet Wavelet
jrl j

JðtÞ ¼ ðeiu0 t K eu0 s =2 ÞeKt
2 2

2

=2s2
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where u0Z3 Hz is the center frequency and s the decay rate
of the wavelet determined by setting the number of cycles
ncZ6u0s to a value of 3.
Note that in a recent study it has been shown that both
definitions of a phase are mathematically related to each
other (Quian Quiroga et al., 2002).
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