Epileptic Seizure Detection on TUSZ: Statistics and Channel-wise Approach
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The detection of epileptic seizures on electroencephalogram (EEG) signals presents a considerable
challenge, whether for the diagnosis of epileptic seizures or for outpatient follow-up. Developing an
automated system to assist neurologists in this task is essential [1]. Indeed, the task of analyzing an EEG is
time-consuming, as well as costly, since it requires the expertise of neurologists specialized in interpreting
epilepsy EEG signals.
Our epilepsy seizure detection pipeline [2] is built on feature extraction with an extreme gradient boosting
(XGBoost) classifier. The particular interest of decision tree-based algorithms – random forest, XGBoost,
etc. – is that the selection of features is not necessary and that models are interpretable by themselves. The
dataset we used is the Temple University Hospital EEG Seizure Corpus (TUSZ) [3]. Recent changes to the
pipeline were done to pre-processing, feature extraction and architecture. Version 1.5.2. of the TUSZ was
considered as input. For pre-processing, the extraction of overlapping windows of EEG signals was added,
i.e., a 4-second-wide window extracted from each channel every second. Concerning the features, some
PyEEG [4] functions were corrected, and others, like the line length [5], were added to complete our set of
features. Improvements to the pipeline can accelerate the exploration of new techniques and decrease the
likeliness of implementation errors.
Moreover, to better understand past results, a detailed investigation of the onset and propagation of TUSZ
seizures in relation to channels was carried out. This descriptive analysis is an important step in the
methodology of data science. Besides some issues revealed in the corpus, the results demonstrate that our
system, built on a global approach, is inadequate for detecting whether a seizure is occurring somewhere
on the channels. Rather, the results suggest the utility of a channel-wise approach, due to the broad variety
of seizure dynamotypes observed. Dynamotypes define the dynamic composition of the seizure, i.e., how
they begin, evolve and end [6]. This method could answer whether seizure modeling is possible at the
channel level. If successful, the advantages would be a better localization and segmentation of seizures.
Hence, this is very interesting for research purposes and could help neurologists locate the origin of seizures
within the brain, diagnose or decide on possible surgery more quickly. Furthermore, it is assumed that, if
the seizure state of nearby channels is considered in a post-processing unit, seizure detection could be
enforced with a reduced number of false alarms.
The rebuilt pipeline was tested for validation, giving us updated results for the v1.5.2. dataset with the
global approach. Still, the highest F1 scores were low – at most 48 % – and the number of false detections
was relatively elevated. After inspecting the results, artifacts were found to be the root of some false
detections. This then advocates for proceeding with artifact removal during the pre-processing of the
signals, which has not yet been implemented. On a few channels in the temporal area – F7-T3, T3-C3, and
T3-T5 – (a topic of interest for temporal lobe epilepsy research for the neurologists consulted), the channelwise approach was applied, and the combination of the results was tested in pairs. While the combination
rules worked on the training set, performance on unseen data (dev set) did not improve. This observation is
important, as it could imply that the extensive use of features as input of a classifier is inefficient to solve
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the detection task at the channel level. There are numerous explanations for this, from the artifact issues to
the different distribution of seizure types between the training and dev set. However, this approach must be
further investigated with a broader implementation and a new set of data.
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