Machine Learning for Disease

Prediction and Signal Processing
Georg Dortiner

Institute of Artificial Intelligence, CeDAS
Medical University of Vienna




Prediction Models

Predicting cardiovascular disease,

Benchmarking against more traditional
statistics
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Analysis: Sleep Profile
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Sleep EEG analysis
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A very long journey
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“I congratulate Philips RS North America LLC for having the first software to be certified through the AASM Autoscoring
Certification pilot program,” said AASM Executive Director Steve Van Hout. “The American Academy of Sleep Medicine is
committed to ensuring that technological advances support the provision of high-quality, patient-centered sleep care.”
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Long-term dependencies
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Sleep staging based on single EEG channel

Neural Networks 154 (2022) 310-322

Contents lists available at ScienceDirect

Neural Networks

A Top level view B Multi-Head Self-Attention C CNN

VIER journal homepage: www.elsevier.com/locate/neunet
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ARTICLE INFO ABSTRACT

Article history: Computational sleep scoring from multimodal neurophysiological time-series (polysomnography PSG)

Received 23 November 2021 has achieved impressive clinical success. Models that use only a single electroencephalographic (EEG)

Received in revised form 12 May 2022 channel from PSG have not yet received the same clinical recognition, since they lack Rapid Eye : )
Accepted 13 July 2022 Movement (REM) scoring quality. The question whether this lack can be remedied at all remains

Available online 21 July 2022

an important one. We conjecture that predominant Long Short-Term Memory (LSTM) models do

Keywords: not adequately represent distant REM EEG segments (termed epochs), since LSTMs compress these
EEG to a fixed-size vector from separate past and future sequences. To this end, we introduce the 1 X 64 I Feature
Relative position attention EEG representation model ENGELBERT (electroEncephaloGraphic Epoch Local Bidirectional Encoder
Transformer Representations from Transformer). It jointly attends to multiple EEG epochs from both past and
Context encoding future. Compared to typical token sequences in language, for which attention models have originally

Sequence learning

REM been conceived, overnight EEG sequences easily span more than 1000 30 s epochs. Local attention l Probability seq.

on overlapping windows reduces the critical quadratic computational complexity to linear, enabling
versatile sub-one-hour to all-day scoring. ENGELBERT is at least one order of magnitude smaller than
established LSTM models and is easy to train from scratch in a single phase. It surpassed state-of-the-
art macro Fl-scores in 3 single-EEG sleep scoring experiments. REM F1-scores were pushed to at least
86%. ENGELBERT virtually closed the gap to PSG-based methods from 4-5 percentage points (pp) to

less than 1 pp F1-score.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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