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Background Methods for Artifact Detection Results of Detection in Training Set

To better detect interictal spikes in large datasets, the samples are broken into separate chunks of equal size.

e Electroencephalography (EEG) recordings measure voltage differences in the brain due to neuronal Each chunk is then analyzed independently using one of the four following methods: Method Absolute  Range  Peakfinder Variance
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The first method involves using an absolute value threshold for each chunk and a sample-to-sample
difference threshold in both positive and negative directions, to detect large deflections in each direction.

Figure 1. Shown is the accuracy of the algorithm across a training data set (consisting of 40 signals from
individual channels across 31 trials in one subject) for identifying interictal activity when it is present
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e The current gold standard for artifact and spike detection is visual inspection by an expert neurologist
[5,6]

e However, an automated algorithm could significantly reduce the amount of time needed to manually
look over hundreds of trials and provide consistency across different subjects

e Current automated approaches have been developed for clinical purposes to detect interictal spikes in

EEG data and include time-based methods, frequency-based methods, and wavelet-domain methods
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The last method involves using the sample variance in each chunk to identify large fluctuations. A threshold

is set for the variance of each chunk as well to detect large deflections from baseline. All of the methods have been optimized for artifact detection on the training
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