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ABSTRACT

In this work, we present in-progress research where time series of sleep elec-
troencephalograms(EEG) are represented using Statistical Methods in Ma-
chine Learning. The performance of the Dynamic time warping (DTW) and
Eros(Extended Frobenius norm) similarity measures is compared, using mT-
SNE (a variant of typical t-SNE T-distributed Stochastic Neighbor Embedding)
as projection for dimensionality reduction. We got better results with EROS
and mTSNE, however, the challenge is based on an adequate visualization, in
order to be able to interpret the data without difficulty.

INTRODUCTION

Clinical data is mainly composed of Multivariate Time Series, leading to
complexity in its analysis (REDDY; AGGARWAL, 2015) . The traditional
method to analyze the electroencephalogram (EEG) during sleep has been
based on visual inspection, sheet by sheet, the records of several hours of
sleep (FERNANDEZ-MAS et al., 1998). Sleeping is very important for our
health, and therefore its monitoring. Many studies are being conducted using
different approaches such as ML, data mining, statistics, health informatics,

etc. (COMBRISSON et al., 2017) (CHE et al., 2017). Figure (1) shows an

example of current visualization for sleep data.

Figure 1 — Sleep - Visualization Software showing 36 seconds
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Source: Sleep: An Open Source Python Software for Visualization; Analysis;
and Staging of Sleep Data

EEG is composed of Multivariate Time Series (MTS) and its Visualization
is difficult due to the complexity and run-time for distance measures. Our
goal is to develop an interactive for comprehensive, reliable analysis of MTS
data of sleep electroencephalograms. The used approach is based on MT-

sne (NGUYEN et al., 2017) (MAATEN; HINTON, 2008) using Eros and com-

paring it to DTW a common measure for Multivariate Time Series.

Figure (2) shows the pipeline of our research. Initially we extract the data in
matrices that represent multivariate time series. Then, the similarity between
the series is calculated, finally moving to the low-dimensional projection, pre-
serving the original characteristics of the data. Implementation was done in
Python.
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Figure 2 — Methodology:Pipeline

Sleep dataset Similarity Low-dimensional
Feature Extraction measure projection
i ot
o3 -:_-_. ) -_ . e :A fl‘b’
DTW EROS

mTSNE

EXPERIMENTS

Dataset: Physionet “Sleep Recordings and Hypnograms in European Data
Format (EDF)" (data from 70 healthy patients and 23 patients with sleep
problems, age range between 20 to 66 years old). From the 7 EEG signals
provided, 4 to 100 Hz were used(100 records per second). It was extracted a
sample from the complete dataset of around five hours divided into segments
of 30 seconds.Each of these segments has a label: W (awake), Phase 1, 2, 3,
4, and R (REM).

RESULTS

Figures 3 and 4 show results obtained. First, comparing visualization between EROS and DTW, then the found pattern in patients with sleep problems.The Bar at

the right represents time in hours, it is from 0 to 7 hrs approx.

Figure 3 — Visualization with DTW and ERO
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CONCLUSIONS

For the EEG visualization, we based on m-TSNE, using as metrics the
EROS distance. The evaluation of the electroencephalogram data sample
showed that the used approach provides interpretable information through
visualization.

Using Eros as similarity measure has a run-time in 75x speedup over DTW.
We discovered an interesting pattern in visualization, an elliptical-shape
for people with sleep problems. These ideas could help health professionals

evaluate the performance of their patients.
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More details can be found at: E

Figure 4 — Visualization in patients with sleep problems
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