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INTRODUCTION CONCLUSION

Analyses of sleep electro-encephalographic data (EEG) have first to detect artifacts in order Tests performed over two datasets show that our automatic method is robust and
to reject the corresponding time points before further examination. reproducible (phase 1), as well as more reliable than different experts between
Manual artifact detection has two main shortcomings. Itis them (phase I1). Moreover it works (on a standard PC) much faster than manual

"A very tm_]e consuming and Fed'ous,taSk detection and can used with FASST, an open source software available at
* A subjective procedure leading to disagreements between experts http://www.montefiore.ulg.ac.be/~phillips/FASST. htm|

Ideally artefact detection should be automatic, fast, reproducible and accurate.

There are currently no such method. Proposed approaches face different issues:

e Lack of specificity (detection of some but not all artifacts)

* Methodological weaknesses (e.g., need of a training set, arbitrarily fixed thresholds) RES U I-TS
e Computational burden (huge computing time for a whole night).

See review for artifacts processing in sleep EEG in [1]. Data

. . . . . . Data consist in whole night sleep multichannel EEG recording (10-20 system
The aim of this project was to develop an automatic artifact detection method 5 P 8 Y )

for whole-night polysomnographic sleep recordings. Table 1: Dataset Characteristics
#SR #SE Age Gender Scoring
M ETH O DS Dataset O 6 1 21,3%1,7 3mlg R&K  Parameters fixation
Dataset | 35 2 21+1,3 13m 12f R&K Evaluation: Phase |
Dataset |l 4 6 26 1m AASM Evaluation: Phase |l

Principle

Artifacts are marked either:

e per short (1 second ) epoch, over all channels
e per channel, over a “scoring window” (20s [2] or 30s [3]) Statistic parameters

# = number, SR = total Sleep Recordings, SE = Sleep Experts, Scoring = rules used to
score the SR, m = male and f : female.

Processing pipeline . Agregment measurgment (Pabak) [4]
The raw data are processed through different modules (Figure 1) that are applied e Sensitivity (S): # artifacted events detected / total # events detected by the gold standard
e Episode Overlap (EO): Overlap (L,p/Lgy) averaged for each artifacted episode detected

successively and have a specific task: pre-processing”, 'bad channel detection", and . _
 False Discovery Ratio (FDR)

“artifact detection” (Figure 2).
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e Noisy and flat EEG channels removed from each “scoring
Bad channels

< window”’
e Reconstruction of a good EMG channel from EMG available

By scoring window

- i i i i
—~ - - - Figure 3: Artifacted episode detected by the expert (Lgy, green) and by the automatic
e System of recording (time analysis) detection (L, red).
e Rapid transition on EEG and Mastoid channels Ph I* Rob h h th 35 of di D |
Artifact e Abnormal activities on mastoid channel ase I: Robustness through assessment with 35 sleep recordings (Dataset I)
B;;l;ec-eplogh over | < |e Movementand arousal (frequency analysis) $1 Artefacts scored independently by an expert (VM) or the “automatic detection” (AD):
ail cnanneis
e Movement (nrem): EEG and EMG7 e AD is compared to VM (gold standard), Figure 5a (S1).
e Arousal (nrem): EEG 7 } e arousal: 3.15 cec * AD detects 81,7% of the artifacted episodes considered by VM
L Arousal (rem): EEG and EMG 7 52 All the artifacts detected by AD but not VM have been reviewed and reassessed (false
*Only data from all the remaining ‘not-bad’ channels are considered detection or oversight) by another expert (GG), Figure 5a (S2).
Figure 2: Modules details * AD reached finally 91,8% sensitivity
 FDR decreased from 37,6% to 22,2%.
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Figure 3: Bad channels (L,..,) and bad epochs (L_,;..). In this case, L_;. IS empty, ho short ) o

artifacts whereas L, is composed of two bad channels: ‘O,’ and ‘P,’. Phase II: Robustness in front of six different sleep experts (Dataset Il

 Gold standard created by the union of 6 experts scoring.

e Each expert scored and the AD compared to the gold standard, Figure 5b.

e AD’s artefact detection is similar to that of the best two experts with smaller standard
deviation over the 4 recordings (S,p = 62.21% * 8.1%, S\, = 63.20% +£15.25% and
Sc5=62.95% £17.12%)

e Episode overlap is smaller as AD is more conservative (over time) than the experts

REEDOM TO RESEARCH

Thresholds definition

The thresholds used in the two detection modules are directly derived from data, making
the automatic method

e robust in front of inter- and intra- subject variability

e expert independent and reproducible
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