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Epilepsy is one of the most common disorders of the brain. Clinically, to corroborate an

epileptic seizure-like symptom and to find the seizure localization, electroencephalogram

(EEG) data are often visually examined by a clinical doctor to detect the presence

of epileptiform discharges. Epileptiform discharges are transient waveforms lasting for

several tens to hundreds of milliseconds and are mainly divided into seven types. It is

important to develop systematic approaches to accurately distinguish these waveforms

from normal control ones. This is a difficult task if one wishes to develop first principle

rather than black-box based approaches, since clinically used scalp EEGs usually contain

a lot of noise and artifacts. To solve this problem, we analyzed 640 multi-channel EEG

segments, each 4s long. Among these segments, 540 are short epileptiform discharges,

and 100 are from healthy controls. We have proposed two approaches for distinguishing

epileptiform discharges from normal EEGs. The first method is based on Signal Range

and EEGs’ long range correlation properties characterized by the Hurst parameter H

extracted by applying adaptive fractal analysis (AFA), which can also maximally suppress

the effects of noise and various kinds of artifacts. Our second method is based on

networks constructed from three aspects of the scalp EEG signals, the Signal Range, the

energy of the alpha wave component, and EEG’s long range correlation properties. The

networks are further analyzed using singular value decomposition (SVD). The square of

the first singular value from SVD is used to construct features to distinguish epileptiform

discharges from normal controls. Using Random Forest Classifier (RF), our approaches

can achieve very high accuracy in distinguishing epileptiform discharges from normal

control ones, and thus are very promising to be used clinically. The network-based

approach is also used to infer the localizations of each type of epileptiform discharges,

and it is found that the sub-networks representing the most likely location of each type of

epileptiform discharges are different among the seven types of epileptiform discharges.
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FIGURE 7 | Typical PSD curves for epileptiform discharges and normal EEG showing that the relative energy of the alpha wave component for epileptiform discharges

is often larger for that of normal EEGs.

the ROC is a good way to characterize imbalanced data sets.
The area below the ROC is called area under curve (AUC).
Its value takes from 0 to 1. A value of AUC being 0.5 means
the classification model has no predictive ability at all. On the
other hand, when the value of AUC reaches 1, it means that the
probability density functions of negative and positive classes are
completely separated, and the prediction ability is 100%. This is
equivalent to the ROC being a unit step function.

3. RESULTS

Recall that among the 640 EEG data sets analyzed here, 69, 82,
174, 72, 64, 77, and 2 data sets are for spike, sharp, spike and
slow wave complex, sharp and slow wave complex, polyspike
complex, polyspike and slow wave complex, and spike rhythm,
respectively, and 100 are for normal controls. Figures 3A,B

depicts examples of typical wave forms of epileptiform discharge
and the normal EEG. One easy way to appreciate their difference
is to construct 2-D phase diagrams shown in Figures 3C,D,
which are constructed using the summation of the 19 EEG
signals shown in Figures 3A,B. As one can easily understand,
the Signal Range can be conveniently estimated from such 2-
D phase diagrams. On average, we have observed that the
Signal Range is larger for epileptiform discharges than for
normal controls. However, this is only in terms of average.
Opposite situations also exist. An example is shown in Figure 4,
where we observe that the Signal Range for epileptiform
discharges can be much smaller than that of normal EEG.
Of course, such cases are well-known in the literature and
clinically, and motivate us to also account for other features of
EEG signals.

To complement the Signal Range, let us examine the long
range correlations captured by the Hurst parameter H. We have
calculated H for the 19 EEG signals shown in Figures 3, 4 and
then taken the average. In Figure 5, we have constructed scatter
plots using Signal Range and Hurst parameter H. We observe

that the three cases, the polyspike and slow wave complex and the
spike rhythm, are completely separated from the normal control
group, as shown in Figures 5F,G. The separations for the other
5 cases, although not 100%, are also quite good, as is evident
from Figures 5A–E. These plots highly suggest the classification
accuracy will be very high.

To compute the classification accuracy based on the Signal
Range and the Hurst parameter, we have employed the RF
classifier. We have randomly taken two-thirds of the data as
the training data and the remaining one-third of the total data
as the testing data. The class distribution of the samples in the
training and testing data set is summarized in Table 2. The test
performance of the classifier can be determined by computing
the metrics defined in section 2.7. The confusion matrix in
Table 3 (Method One) shows that 6 out of 34 normal subjects are
classified incorrectly by the RF as the epileptiform discharge, 5
out of 180 epileptiform discharges are classified incorrectly as the
normal subject. Table 4 shows classification performance. It can
be seen that it provides the accuracy of 94.86%, sensitivity and
specificity of 97.22 and 82.35%. Figure 6 (the red curve) shows
the ROC curve for the testing data of the RF classifier with all
seven types of epileptiform discharges grouped into one super
class. The AUC of the red curve is 0.9297.

To improve the accuracy of classification, we have developed
a brain network based approach. Specifically, three separate
networks are constructed, based on the Signal Range, the
energy of the alpha wave component, and H. Extracting the
Signal Range is straightforward. Extracting the energy of the
alpha wave component is a little more complicated, but can
be readily done (Gao et al., 2007). As shown in Figure 7,
we can see that typical PSD for epileptiform discharges and
normal EEG show significant difference in the energy of the
alpha wave component: it is often larger for epileptiform
discharges than for normal. Obtaining H has already been
done. Examples of heat maps for these networks are shown in
Figure 8. Each of these networks is further analyzed by SVD.
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FIGURE 8 | Heat maps illustrating the three types of networks described in section 2: (A,C,E) are for epileptiform discharges while (B,D,F) are for normal EEG.

We have focused on the square of the first singular value
as the final features. In Figure 9, we have constructed scatter
plots using the square of the first singular values of the
networks based on the Signal Range and the energy of the alpha
wave component. We observe that the difference between the
seven types of epileptiform discharges and the normal EEG is
very significant.

Again, let us input the square of the first singular values
of the networks based on the Signal Range, the energy of the
alpha wave component, and the H to the RF classifier. Table 3
(Method Two) shows that 1 out of 34 normal subjects are

classified incorrectly as the epileptiform discharge, while 2 out
of 180 epileptiform discharge is classified incorrectly as the
normal subject. Clearly, this network based method is much
improved over the first method, which is based on Signal Range
and the Hurst parameter, as the number of misclassifications
with this new method is much reduced. With this network
based method, the RF classifier has a sensitivity, specificity, and
accuracy of 98.89, 97.06, and 98.60%, respectively, in contrast
with that of 97.22, 82.35, and 94.86%, which are the basic
parameters for the method based on the Signal Range and the
Hurst parameter. These numbers are summarized in Table 4, and
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FIGURE 9 | Scatter plots using features from networks based on the Hurst parameter and the Signal Range, where (A–G), illustrates the different between the seven

types of epileptiform discharges (spike wave, spike and slow wave complex, sharp wave, sharp and slow wave complex, polyspike complex, polyspike and slow wave

complex, spike rhythm discharges) and normal EEG. These plots highly suggest the classification accuracy will be very high.
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TABLE 5 | The localization of the epileptiform discharges.

Epileptiform discharges The scape location

Spike F7; F4; T3; T4; T5;O1;O2

Spike and slow wave complex C4;T4;P3;P4; T6;O2

Sharp T3; T4;P3;O1;O2

Sharp and slow wave complex F8; T3;T4; T6;O1;O2

Polyspike complex F7; F4; F8; T3; T5;T6;O1;O2

Polyspike and slow wave complex Fp1; F8; T3;C4;T4; T6;O1;O2

Spike rhythm Fp2; Fz; F4; T3; T5;Pz

the blue ROC curve shown in Figure 6 (with all seven types
of epileptiform discharges grouped into one super class). While
the ROC curve is already close to a unit step function, the
result for the training data is even better (and thus not shown
here).

We have tried to infer the localizations of each type of
epileptiform discharges based on the approach described
in section 2.6, whose essence is to equate the sub-network
representing the localization of each type of epileptiform
discharge to the nodes which generate the most likely
alpha band energy, signal range, and the Hurst parameter
of that type of epileptiform discharge. The result is
shown in Table 5. We observe that while the channels
O1 and O2 have appeared in most of the epileptiform
discharges, the sub-networks representing the most likely
location of each type of epileptiform discharges are
different among the seven types of epileptiform discharges
studied here.

Finally, we have compared our results with that of Anh-
Dao et al. (2018), who developed an expert system employing
multiple state-of-the-art signal processing and machine learning
techniques including wavelet transform, spectral filtering, and
artificial neural networks for the purpose of automatically
detecting epileptic spikes. They achieved an AUC of 0.945,
which is slightly better than our Signal Range and the Hurst
parameter based method. This is understandable, since our
Signal Range and the Hurst parameter based method is so
much simpler than their method. Interestingly, our network
based approach, which is of similar simplicity with our Signal
Range and the Hurst parameter based method, is much more
accurate that their method, since our AUC is 0.9882. Most
importantly, both of our methods are based on fundamental
principles rather than the black-box approach, and therefore,
either of our method has the prospect of being widely deployed in
clinical setting.

4. CONCLUSION

In this paper, we have proposed two approaches for
distinguishing epileptiform discharges from normal EEGs,
with the aim of being able to use them widely in a clinical
setting. Our first method is based on Signal Range and the
Hurst parameter. Every component of our method can be

readily understood and implemented based on first principles.
Although simple, the approach already achieves a high detection
accuracy of 94.86%. To improve the accuracy of detection,
our second method employs the notion of network, with the
hope of capturing the functioning of human brain network to
some degree. Specifically, our approach involves three types of
networks, one based on the Signal Range, the second based on
the energy of the alpha wave component of EEG, and the third
based on the Hurst parameter. Each of the networks is analyzed
by SVD, and the square of the first singular value is utilized
to construct features to distinguish epileptiform discharges
from normal controls. This network based approach, while still
fully first principle based and readily understandable, achieves
a very high accuracy of 98.60%. This accuracy is higher than
a recent approach proposed by Anh-Dao et al. (2018), which
was an expert system employing multiple state-of-the-art signal
processing and machine learning techniques including wavelet
transform, spectral filtering, and artificial neural networks for
the purpose of automatically detecting epileptic spikes. Most
importantly, both of our methods are based on fundamental
principles rather than the black-box approach, and therefore, are
very promising to be used clinically.

We have also designed a network-based approach to infer the
localizations of each type of epileptiform discharges based on the
networks constructed using the three variables, the signal range,
the relative energy of the alpha wave component, and the Hurst
parameter. The essence of the approach is to equate the sub-
network representing the localization of each type of epileptiform
discharge to the nodes which generate the most likely alpha band
energy, signal range, and the Hurst parameter of that type of
epileptiform discharge. We have found that while the channels
O1 and O2 have appeared in most of the epileptiform discharges,
the sub-networks representing the most likely location of each
type of epileptiform discharges are different among the seven
types of epileptiform discharges studied here.

It is worth noting that the epileptiform discharges analyzed
here were provided in two batches: in the first batch, which was
about 2/3 of the data analyzed here, the accuracy was similar to
that reported here. Then more epileptiform data were given to us
by clinical doctors to examine whether the accuracy remained as
high. It was yes. Nevertheless, the data analyzed here were still
quite limited. It would be interesting and important to further
validate the proposed approaches with more data in different
clinical sets.
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