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There is mounting evidence that seizures are preceded by characteristic changes in the EEG that are detectable minutes before seizure
onset. Using novel signal analysis techniques, researchers are beginning to characterize the transition from the interictal to the ictal
state in quantitative terms. This research has led to the development
of automated seizure prediction algorithms. Active debate persists
regarding the interpretation of research results, methods of signal
analysis, as well as experimental and statistical methods for testing
seizure prediction algorithms. Developments in this field have led
to new theories on the mechanism of seizure development and resolution. The ability to predict seizures could lead the way to novel
diagnostic and therapeutic methods for the treatment of patients
with epilepsy.

The physiological characteristics of a seizure differ dramatically from that of the interictal state. During the interictal state,
the EEG typically is lower in amplitude, less rhythmic, and
more irregular in morphology. At the onset of a seizure, there is
a sudden change in the amplitude, frequency, and morphology
of the EEG signal, an increase in rhythmicity, and a synchronization of activity that takes place across widespread areas of
the cerebral cortex. The clinical and EEG changes at the onset
of a seizure are so dramatic that they give the impression of occurring without any warning or preceding buildup. Although
patients sometimes report prodromal symptoms hours to minutes before seizures, the concept of a prodromal change in the
EEG was rarely considered, until recently.
The shift from the interictal condition, during which the
patient is relatively asymptomatic, to the seizure, during which
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clinical symptoms may range from subtle sensory, cognitive, or
emotional changes to complete loss of consciousness and motor
control, is considered a state transition. A question of scientific and clinical interest is whether the transition between these
physiological conditions is gradual or abrupt. The answer to this
question will provide insight into the underlying mechanisms
of seizure generation. From a clinical perspective, gradual transition offers the possibility of predicting an impending seizure,
while an abrupt transition provides no hope of anticipating the
seizure in time to intervene therapeutically.
Evidence of a gradual transition was reported as early as the
1970s when investigators, using linear signal processing methods (1–3), reported changes in EEG characteristics beginning
minutes prior to the onset of seizures. Some investigators found
changes in interictal spike distribution or incidence approaching seizure onset (4,5), while others found no consistent changes
in spike patterns (6–8). These observations were made through
analysis of relatively brief EEG samples in a limited number
of patients. Even at that time, the researchers realized that the
presence of preictal changes in the EEG raised the possibility
that seizures could be predicted.
In the late 1980s, faster computers with larger storage capacity made it possible to systematically analyze longer segments
of EEG preceding and following seizures from a larger number
of patients and to use more sophisticated approaches to signal processing. Motivated by theories that seizures may result
from spontaneous state transitions in a chaotic nonlinear system
(9–18), some investigators began to apply mathematical techniques developed for the study of complex nonlinear systems to
analyze EEGs for characteristics unique to the transitions into
and out of seizures (15,16,18–34). As a result, researchers began to report measurable changes in EEG dynamics (temporal
and spatiotemporal) that preceded seizures by periods ranging
from seconds to hours. These changes were quantified in terms
of signal order (vs chaoticity), signal complexity, time dependency, and similarity/synchronization indices—all estimated by
constructing multidimensional phase space. Each measure was
designed to provide a quantitative method for capturing a different aspect of signal property and, thus, the property of the
underlying signal generator. The formal meaning of these measures was well understood when applied to computer-generated
output from autonomous models of deterministic autonomous
complex nonlinear systems. However, the interpretation of the
same measures when applied to noisy, nonautonomous, nonstationary systems, like the human brain, continues to be debated.
Nonetheless, the findings provided evidence from several different perspectives that changes occurred in the spatiotemporal
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properties of the EEG for minutes to hours before the onset of a
seizure. These studies have been extensively reviewed (35–37).
It is difficult, if not impossible, to prove whether EEG
signals are linear or nonlinear. Yet, an advantage of mathematical techniques developed for analyzing nonlinear systems is that
they do not require the assumption that the signal is linear. This
feature is an important advantage if there are significant nonlinearities in the signal. However, two disadvantages of nonlinear
techniques for EEG analysis are that the methods are novel to
EEG research, thus opinions differ as to how the results are to
be interpreted (38–43), and they are computationally demanding. The computational intensity of the methods was a major
disadvantage before current central processing unit speeds were
achieved. The limitations of nonlinear methods have led some
researchers to renew efforts to investigate seizure generation
with linear signal processing techniques (44–48). Linear methods, such as energy, the spectrogram, and coherence, require
the assumption of a linear signal. In many instances, such as
the epileptic brain, when the nature of the generator is not well
understood, one cannot assume that the signal is linear. Yet,
linear measures have been applied successfully to the analysis of
a wide range of signals. Some investigators have found evidence
for EEG signal changes preceding seizure onset, and some have
questioned the necessity of using the more complicated nonlinear methods.
Others have questioned nonlinear techniques on other
grounds. Following the published successes in finding what became known as a preictal state, some scientists began to report
negative results using the same nonlinear techniques previously
described (41,42,49–52). These investigators raised questions
about methods that employed the similarity index, the correlation dimension, the correlation integral, and the Lyapunov
exponent. In most instances, the researchers did not precisely
duplicate the methods they challenged. However, their reports
have served to temper initial enthusiasm and confidence in finding clinically useful seizure prediction algorithms. In addition,
they stimulated proposals for new experimental and statistical
methods for testing the hypothesis of the existence of a preictal
state (50,53,54). Recently, a statistically based evaluation of the
ability of a number of linear/nonlinear and univariate/bivariate
measures to distinguish significantly the preictal from the interictal state has provided further evidence of significant differences in EEG characteristics between the two periods (55).
While several measures showed significance differences, bivariate measures were generally more effective.
With growing evidence that seizures are preceded by measurable changes in EEG, some researchers began to develop and
test automated seizure prediction algorithms (56–65). These
algorithms are computer programs that read the raw EEG signal, calculate measures of specific signal characteristics, compare
these measures to threshold values, and generate seizure warn-

ings when pre-established criteria are met. The parameters of
the algorithms can be set to alter the sensitivity/specificity ratio.
In most cases, specificity is expressed as the false positive rate
(i.e., number of false warnings per unit of time). In general, the
higher the sensitivity obtained (i.e., the percentage of seizures
predicted), the greater is the false positive rate of any prediction
algorithm. Initial tests of these prediction algorithms involved
EEG recordings from a small number of patients. In some instances, interictal data segments were preselected by the investigators (60). However, the algorithms were not subjected to rigorous statistical validation. Since there are no established seizure
prediction algorithms that can serve as a standard, most investigators feel that a statistically based standard should be employed.
In later reports, algorithm performance was compared to naı̈ve
statistically based prediction schemes that did not utilize information from the EEG (64,65). However, there remains debate
as to what constitutes an appropriate experimental design, what
statistical comparisons are optimal, and the standards for a good
algorithm performance. Notwithstanding ongoing debate (and
in some cases, skepticism), the results of these investigations
were encouraging. Evaluations of the algorithms were based on
recordings from a small number of patients. Most studies employed recordings performed with intracranial EEG electrodes.
However, preliminary reports have indicated that it is possible to
predict seizures from EEG recordings utilizing scalp electrodes
(30,66,67). The ability to predict using intracranial electrode
recordings will be important in the development of closed loop
seizure control devices. However, prediction from scalp EEG
recordings will make it possible to use the devices in a variety
of monitoring applications. An obvious application would be
monitoring laboratories for epilepsy patients undergoing diagnostic or presurgical evaluations. Other potential applications
include intensive care units and emergency departments.
A major barrier to this research is the limited availability
of data to test the algorithms. Adequate statistical testing of
performance requires high quality, continuous EEG datasets of
ample duration and from a sufficient number of patients, with
a wide enough variety of seizure types. Very few medical centers
have adequate capacity to store and organize large numbers of
such datasets. Data sharing among investigators will require
a massive effort to generate and organize de-identified research
datasets. To date, this objective has not been met. Establishment
of a databank of training and test datasets is a challenge for the
immediate future.
One of the promises of seizure prediction is that of developing better closed-loop seizure control devices. It is anticipated
that closed-loop devices, coupled with seizure prediction, will
be more efficient and effective than open-loop devices or devices triggered by seizure detection. Preliminary reports in a rodent model of temporal lobe epilepsy suggest that closed-loop,
state-dependent control devices utilizing automated seizure
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prediction algorithms are feasible (68–72). Early investigations
found that the rodent model exhibited dynamic changes in
the EEG during transitions to the ictal state that were similar
to those reported in human temporal lobe epilepsy. In addition, they found that electrical stimulation to the hippocampus
triggered by a preictal state detection consistently reversed the
dynamics of the EEG signal, resetting it back to the values of the
interictal state. In addition, the stimulation appeared to delay
seizure onset.
Investigations into seizure prediction have raised important
questions about seizure control. Although there is debate as to
whether seizures and transitions between physiological states
can be better explained by the theory of linear or nonlinear
dynamics, understanding the dynamics of the epileptic brain
remains an important objective. While linear systems respond
predictably to external forcing (e.g., electrical stimulation) or
change in a control parameter (e.g., release of a GABAergic
drug), this is not the case with nonlinear systems, particularly
if they are chaotic. Even low-dimensional chaotic systems are
highly sensitive to initial conditions, and their behavior cannot
be predicted over long periods of time. For this reason, novel approaches to controlling both low- and high-dimensional chaotic
systems have been developed (14,17,73,74). Proof of chaos in
epilepsy appears to be beyond the capability of current research
techniques. Yet, theoretical tenets that explain epilepsy as a dynamical disorder have been compelling to many (9–11,13–34).
However, some of the early proponents of these theories have become less convinced of their accuracy, as alternate explanations
for empirical experimental results have been put forward. It is
likely that progress in understanding the dynamics of epilepsy
and advancing the goals of seizure prediction and control will require experimental investigations in animal models of epilepsy.
Research related to seizure prediction has raised new questions about the basic mechanisms underlying seizure generation. The finding that the transition from the interictal to the
ictal state evolves over minutes to hours must be incorporated
into existing theories of ictogenesis. Investigations into cellular,
synaptic, and extracellular processes that influence neuronal excitability may be able to explain seizures. However, epilepsy is
a disorder characterized by intermittent recurrence of seizures.
Current mainstream approaches to epilepsy research have not
yet explained the repeated transition into and out of seizures.
Much of the evidence from seizure prediction research suggests the presence of deterministic mechanisms in the EEG
generators of the epileptic brain. Yet, the “governing dynamics,” to borrow a phrase from A Beautiful Mind , are not understood. Perhaps, integrating known cellular, synaptic, and extracellular changes (a science based largely on neurochemistry,
neuroanatomy, and neuropharmacology) with computationally
based dynamical systems theory will provide an understanding
of the phenomenon of epilepsy.
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