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Epileptiform discharges are of fundamental importance in understanding the physiology

of epilepsy. To aid in the clinical diagnosis, classification, prognosis, and treatment

of epilepsy, it is important to develop automated computer programs to distinguish

epileptiform discharges from normal electroencephalogram (EEG). This is a challenging

task as clinically used scalp EEG often contains a lot of noise and motion artifacts.

The challenge is even greater if one wishes to develop explainable rather than

black-box based approaches. To take on this challenge, we propose to use a multiscale

complexity measure, the scale-dependent Lyapunov exponent (SDLE). We analyzed

640 multi-channel EEG segments, each 4 s long. Among these segments, 540 are

short epileptiform discharges, and 100 are from healthy controls. We found that

features from SDLE were very effective in distinguishing epileptiform discharges from

normal EEG. Using Random Forest Classifier (RF) and Support Vector Machines (SVM),

the proposed approach with different features from SDLE robustly achieves an accuracy

exceeding 99% in distinguishing epileptiform discharges from normal control ones. A

single parameter, which is the ratio of the spectral energy of EEG signals and the

SDLE and quantifies the regularity or predictability of the EEG signals, is introduced to

better understand the high accuracy in the classification. It is found that this regularity is

considerably greater for epileptiform discharges than for normal controls. Robustly having

high accuracy in distinguishing epileptiform discharges from normal controls irrespective

of which classification scheme being used, the proposed approach has the potential to

be used widely in a clinical setting.

Keywords: EEG, epileptiform discharges, power spectral density (PSD), scale-dependent Lyapunov exponent
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FIGURE 4 | Typical λ(ǫ) vs. ln ǫ curves for epileptiform discharges and normal EEG. The four curves represented in four different colors correspond to the error growth

curves shown in Figure 3. (A–H) 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.

computed Sensitivity, Specificity, and Accuracy of these three
algorithms. They were listed in Table 3. We find that all the three
algorithms are excellent, with their accuracy all exceeding 99%,
for both classification schemes RF and SVM.

The amazing performance of these methods can be further
corroborated by the unit step function like ROC curves shown
in Figure 8. To facilitate comparison of our algorithms with that
of Anh-Dao et al. (2018), which achieved a high AUC of 0.945,
we also listed the AUC for the three algorithms proposed here in
Table 3. The AUC of the three algorithms proposed here ranges

from 0.9727 to 0.9980, and therefore, are all considerably better
than that of Anh-Dao et al. (2018).

4. CONCLUSION AND DISCUSSION

In this paper, we have proposed to employ SDLE for
distinguishing epileptiform discharges from normal EEGs, with
the aim of being able to use them conveniently in a clinical
setting. We found that SDLE computed from scalp EEG
signals was mainly characterized by a scaling law described by

Frontiers in Bioengineering and Biotechnology | www.frontiersin.org 7 September 2020 | Volume 8 | Article 1006



Li et al. Distinguishing Epileptiform Discharges Using SDLE

FIGURE 5 | Scatter plots with PSD and λ(e1), 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.

Equation (6). When the scale parameters were confined to where
this scaling law held, SDLE was very effective in distinguishing
epileptiform discharges from normal EEG. Using RF and SVM,
the proposed approach with different features from SDLE
was found to robustly achieve an accuracy exceeding 99% in
distinguishing epileptiform discharges from normal control ones.

What is the reason that the choice of concrete classification
schemes such as RF or SVM is not critical for the proposed
approach to have high accuracy in distinguishing epileptiform

discharges from normal control ones? It has to be because
of the excellent separations revealed by the scatter plots
shown in Figures 5–7. To better understand the explainability
of the proposed approach, we need to understand better
the meaning of the SDLE. The definition of SDLE is
equivalent to

ln ǫt = ln ǫ0 +
∫ t

0
λ(ǫt)dt. (10)

Frontiers in Bioengineering and Biotechnology | www.frontiersin.org 8 September 2020 | Volume 8 | Article 1006

https://www.frontiersin.org/journals/bioengineering-and-biotechnology
https://www.frontiersin.org
https://www.frontiersin.org/journals/bioengineering-and-biotechnology#articles


Li et al. Distinguishing Epileptiform Discharges Using SDLE

FIGURE 6 | Scatter plots with PSD and λ(e2), 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.

Letting ǫTdb = 2ǫ0, we find the error doubling time Tdb given by

ln 2 =
∫ Tdb

0
λ(ǫt)dt. (11)

As the first approximation, we may consider 1/λ(ǫ) to
be proportional to the error doubling time (Gao et al.,
2009). This understanding motivates us to combine the two
parameters PSD and SDLE into a single parameter such as

PSD/λ(ǫ1). Since on average PSD is larger but λ(ǫ1) (as
well as λ(ǫ2) and λ(ǫ), as shown in Figures 5–7 is smaller
for epileptiform discharges than for normal control ones,
we can expect that this ratio will be on average larger for
epileptiform discharges. In fact, this ratio can be regarded as a
measure of the regularity or predictability of EEG signals, since
large PSD stems from synchronized firing of neurons, while small
SDLE highlights slow divergence and thus considerable regularity
and predictability.
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FIGURE 7 | Scatter plots with PSD and λ(ǫ), 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.

TABLE 1 | Class distribution of the samples in the training and testing data sets.

Classes Training set Testing set Total

Normal controls 66 34 100

Epileptiform discharges 360 180 540

Total 426 214 640

Now the question is whether such a single parameter can
effectively distinguish normal control ones from epileptiform
discharges. For this purpose, we have computed the probability

density distribution (PDF) for PSD/λ(ǫ1) of the epileptiform
discharges and the normal control ones. The results are shown
in Figure 9 as the blue and the red curves, respectively. The
overlapping of the blue and the red curves defines a right and
a left tail for the blue and the red curves; the corresponding
probabilities for them are 1.39 and 4.19%, as indicated in the
plot. They correspond to the probability that a normal control
one may be misclassified as an epileptiform discharge and vice
versa. As the classification accuracy with the scheme based on
a single parameter will not be higher than that based on two
parameters, we can readily understand that the probabilities of
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1.39 and 4.19% are the lower bounds that a normal control may
be misclassified as epileptiform discharges, and vice verse. This is
surely consistent with the probabilities shown inTable 3 (the case
for Algorithm 1). As these misclassification probabilities are very
low, we thus can be confident that the proposed approach will
always be very accurate in distinguishing epileptiform discharges

TABLE 2 | Confusion Matrix for the testing data of 180 epileptiform discharges

and 34 normal controls: Algorithms 1, 2, 3 use PSD and λ(ǫ1), PSD and λ(ǫ2),

PSD and λ(ǫ), respectively.

Classifier Algorithms Result Epileptiform

discharges

Healthy

controls

RF Algorithm 1 Epileptiform discharges 179 1

Healthy controls 1 33

Algorithm 2 Epileptiform discharges 179 1

Healthy controls 0 34

Algorithm 3 Epileptiform discharges 180 0

Healthy controls 1 33

SVM Algorithm 1 Epileptiform discharges 179 1

Healthy controls 1 33

Algorithm 2 Epileptiform discharges 179 1

Healthy controls 1 33

Algorithm 3 Epileptiform discharges 180 0

Healthy controls 1 33

TABLE 3 | Classification performance measures.

Classifier Algorithms Sensitivity (%) Specificity

(%)

Accuracy

(%)

AUC

RF Algorithm 1 99.44 97.06 99.07 0.9784

Algorithm 2 99.44 100.00 99.53 0.9980

Algorithm 3 100.00 97.06 99.53 0.9953

SVM Algorithm 1 99.44 97.06 99.07 0.9766

Algorithm 2 99.44 97.06 99.07 0.9727

Algorithm 3 100.00 97.06 99.53 0.9953

from normal control ones, no matter what classification schemes
are used for classification.

It is interesting to note that if we choose SDLE corresponding
to larger scales, such as ǫ3 indicated in Figures 3A, 4A, an
algorithm based on PSD and λ(ǫ3) would be slightly worse
than the three algorithms discussed here, but still slightly
better than that of Anh-Dao et al. (2018). This suggests
the importance of properly selecting the scale for analysis.
On the other end, if we use a three parameter method,
for example, using PSD, λ(ǫ), and ǫ∞ (which characterizes
the size of an attractor and amounts to the largest scale
in Figure 3), then the accuracy in distinguishing epileptiform
discharges from normal controls can be further improved to
100%. The reason is that ǫ∞ contains information independent
of PSD and SDLE. However, we had not further pursed
the issue of improving the accuracy here, since the high
accuracy achieved by the easily explainable algorithms presented
is already more than satisfying. Overall, our analysis highly

FIGURE 9 | The probability density distribution (PDF) for the ratio PSD/λ(ǫ1) of

the epileptiform discharges (red curve) and normal control ones (blue curve).

The overlapping of the blue and the red curves defines a right and left tail for

the blue and red curves, respectively; the corresponding probabilities for them

are 1.39 and 4.19%, as indicated in the plot.

FIGURE 8 | The ROC curves for the testing data: (A–C) are for algorithms using PSD and λ(ǫ1), PSD and λ(ǫ2), and PSD and λ(ǫ), respectively.

Frontiers in Bioengineering and Biotechnology | www.frontiersin.org 11 September 2020 | Volume 8 | Article 1006

https://www.frontiersin.org/journals/bioengineering-and-biotechnology
https://www.frontiersin.org
https://www.frontiersin.org/journals/bioengineering-and-biotechnology#articles


Li et al. Distinguishing Epileptiform Discharges Using SDLE

suggests that the proposed approach is very promising to be
used clinically.

It is worth noting that the epileptiform discharges analyzed
here were provided by our collaborators at Guangxi Medical
University 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 another 1/3 of the data were given to us to
further 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.

Brain activities involve spatial-temporal coordinated
dynamics of numerous neurons in different regions of the brain,
i.e., involve numerous functional brain networks. To better
characterize the synergistic effects among the brain networks, it
is important to construct brain networks based on multi-channel
EEG signals. Closely related to this network issue is to infer
the localization of each type of epileptiform discharges, which
is of great clinical importance. These issues have not been
pursued in this work, which is obviously a serious limitation
of the current study. In the near future, we will examine
these issues systematically, especially from the viewpoint of
synthesizing network analysis with nonlinear analysis based on
complexity science.
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