






(PPV ) for each test record, and calculate the average and
gross SEs and PPV s using all records in the test set. The
overall score results from averaging the average and gross
SEs and PPV s.

3. Results

Table 1 shows the overall score of the three best en-
tries, the sample QRS detector and the proposed algo-
rithm, on both the challenge and the MGH/MH datasets.
As the HSMM approach had an overall score of 99.84%
in the provided training set, and a significantly lower score
for the various phases hidden test sets, some of the fea-
tures and filters were improved with the MGH/MH dataset,
which provided more examples of signal artifacts.

Table 1. Overall score for 3 of the 4 top entries [1], the
sample entry and the proposed HSMM entry, for the phase-
III and the MGH/MF databases.

Entry Overall Score (%)
Phase-III MGH/MF

Joachim Behar 87.93 95.8
Teo Soo Kng 86.73 92.9
Thomas De Cooman 86.61 94.4
Sample entry 84.49 95.7
Proposed HSMM 83.47 92.7

4. Discussion

This paper introduced an extended HMM-based ap-
proach for the detection of heart beats in multimodal data,
incorporating signal quality features.

As can be seen in Table 1, the proposed HSMM method
did not outperform the sample Physionet Challenge en-
try. This is also the case for the entries ranked third and
fourth, when evaluated in the MGH/MH dataset; only the
first ranked entry remained consisted between datasets. It
is thought that the main limitation of the HSMM approach
is the constraint of the HSMM on near-periodic sequences,
based on the Gaussian distributed duration distributions.
While this works effectively for detecting beats in ECGs
with near-regular beat intervals, beats in highly irregular
signals, like those from an arrhythmic patient, would not
be accurately detected. Indeed if the MGH/MH dataset
contains more regular signals than the challenge dataset,
this could explain the better performance of the sample en-
try (based only on the ECG signal), and the HSMM score
only differing by 0.02% from the third ranking entry score.
In addition, as QRS detection is vital for the SQI esti-
mation, the use of more robust QRS detectors (which are
available) are likely to lead to further (potentially signifi-
cant) improvements. The HSMM approach could also be
improved for highly irregular ECG signals by relaxing the
duration constraints or trained on a set of recordings more
representative of the test dataset.
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