








include temporal information in a classification procedure
in order to improve overall performance of the classifier.
Results on the training and test data show that the feature
averaging method led to the highest agreement values,
while the window extension methods led to the worst.
Agreement values are similar as those reached by
submitted entries during the scientific Computing in
Cardiology competition, as reported in [10]. The test set
result of the feature averaging method (with W5) even
outperformed the highest results of all automatic
classifiers submitted during the competition (90.44% vs
89.4%). While the amount of neighboring segments used
was limited to four, it seems worthwhile to investigate
even higher amounts, since in [11] a maximal accuracy
was reached with a total window size of 7 segments using
a similar feature averaging approach.

The worst performance of the window extension
method can possibly be explained by a higher
susceptibility to noise. While other methods average out
noisy features or classifier output over possibly noise-free
neighboring segments, in the window extension method,
features of neighboring noise-free segments will also be
affected. It explains why more robust versions of features
are preferred when window width increased (up to W5).
The window extension method also shows the largest
difference between training and test set agreement,
indicating  higher overfitting and again higher
susceptibility to noise present in the test set.

The result averaging and window extension method
showed drops in agreement when an even amount of
segments was used. This can be explained by the possible
ties in output class (+1 or -1) when averaging the
classifier output over the neighboring segment outputs.
Since priority is given to +1 (apnea) in these cases, it
leads to an increased amount of false positives. Given
priority to -1 (no apnea) would in the same way lead to an
increased amount of false negatives. For this reason, the
use of an odd amount of segments should be preferred.

While overlapping of segments did improve overall
agreement slightly, it suffers from the same problem as
described in the paragraph above. The final segment
output needs to be calculated by averaging over three
classifier output values (one from the segment itself, and
two from the left and right overlapping segments). This
can again lead to the introduction of false positives when
neighboring segments both contain apnea but the middle
one does not. However, since apneic events are mostly
occurring in a repetitive pattern [2], the amount of false
positives introduced this way is limited.

Future work will consist of improving the calculation
of the RR interval and EDR signals by applying more
robust methodologies (e.g. kPCA for EDR calculation
[12]), using the LDA-based extracted feature sets in a
more versatile LS-SVM classifier [13], and increasing the
amount of neighboring segments as mentioned earlier.
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