


I hich locates beats solely based on information from each record’s ECG
signal. There is no training done based on the training set, thus these results are
based solely on the test set.

The sample solution’s overall score was 86.62%. The precision values (84%)
were lower than the sensitivity values (88%), so the idea was to find a way to minimize
the number of false positives, and thereby increase the total score.

5.3 Sequential Pattern Mining Solution Performance

This solution used SAX to put records into symbolic notation with a 20 letter
alphabet, and then used the CM-SPADE algorithm from the SPMF library to mine
sequential patterns in the ECG training set. One such pattern was chosen to use for
testing, and when it was found a beat was marked. Figure 5-3 shows the test results
from the basic solution on the training set compared with results from a similar

solution published by CinC [16]]]
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Figure 5-3: Comparison of solution published by CinC using ConSGapMiner with this
research using CM-SPADE
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Figure 5-3 shows that the CM-SPADE solution had higher precision, sensitivity,
and total than the ConSGapMiner solution. In particular, the sensitivity was quite high,
at 97%. However, the overall accuracy was significantly lower than the more
competitive solutions in the competition. For example, the sample solution applied to
the training set achieved a total of 99%. This research thus switched to a different
approach using template matching.

5.4 Full Beat Template Solution Performance

These solutions involved templates taken directly from the signals of the
training set with no reduction in the number of samples from each beat, or from the
total number of beats in the training set.

The first solution attempted used actual beat locations from the training set to
create templates for all beats from individual signals (ECG and Blood Pressure).
Testing then used the sample solution to find proposed beat locations from ECG, and
compared the blood pressure signal or the ECG signal from between proposed beats
to all the respective templates. If any were within an optimized threshold of
Manhattan distance, then the beat was marked. For the ECG this threshold was a
distance of 900, and for blood pressure it was 1000, as these numbers were found to
provide the best results. Figure 5-4 shows the resulting number of false positives and
false negatives from using BP and ECG templates as compared with the sample

solution.
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Figure 5-4: Extra beats and missing beats using Full Beat templates taken from BP
signal compared with Sample Solution.

The dark columns show the number of beats that were added by the test
solution that were not real beats. The light columns show the number of missing
beats from the test solution annotations. Blood pressure templates presented with
very poor results, decreasing both the sensitivity and the precision of the sample
solution by about 10% overall. The ECG templates completed the goal of raising the
precision, but did so at a steep cost to the sensitivity, and the resulting performance
was approximately equal to that of the Sample Solution. Because ECG performed so
much better than BP, ECG templates were used in future testing of this solution.

The next step was to try a more sophisticated distance measure. Cosine
similarity takes into account the differing lengths of each template and proposed beat.

The other change was to use SAX to discretize the data. An alphabet size of 20 was
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used. Figure 5-5 shows results using cosine similarity and SAX on ECG templates.
Using cosine similarity and SAX surprisingly decreased the accuracy of this solution, as

it caused a small increase in the number of missing beats.
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Figure 5-5: Results using templates from ECG only, comparing with cosine similarity
instead of Manhattan distance, as well as preprocessing with SAX. Threshold for
cosine similarity optimized around +/- .000005. SAX used an alphabet size of 20.

5.5 K-Means Template Solution Performance

The next experiment involved trying to increase performance by combining
templates into clusters using the k-means algorithm. By having a smaller number of
templates taken from the averages of closely related templates, the hope was that
both sensitivity and precision would improve, as well as a reduction in the time it took

to process each test record.
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Figure 5-6: Results of clustering using k values of 20, 100, and 500 on the full beat
templates preprocessed using SAX.

Figure 5-6 shows that as the number of clusters/templates decreases, the
precision decreases. Sensitivity in all cases was prohibitively low, though interestingly
there was a slight increase in sensitivity as the number of templates decreased. The
results did not increase enough to compare with the sample solution though. Figure
5-7 shows the overall performance of all experiments from the full beat and k-means

sections.
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Figure 5-7: Overall performance of all solutions thus far
Notice the large drop in accuracy for the k-means solutions. However, these

solutions were much faster at processing the data, as shown in Figure 5-8.
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Figure 5-8: Timing of solutions in seconds
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Overall this solution did not achieve the goal of increasing the precision of the
sample solution without decreasing the sensitivity, thus a different experiment was
attempted using statistical information about each beat as templates.

5.6 Statistical Template Solution Performance

The statistical template solution uses the same idea as full beat templates, but
instead of using all the samples from the beat, a small number of specific statistical
measures were stored. These measures included the following: the distance from the
beginning of the beat to the maximum value in the beat, the distance from the
beginning of the beat to the minimum value, the actual maximum and minimum

value, as well as the total length of the beat.
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Figure 5-9: Extra and missing beat values using various statistical measures and
signals

Figure 5-9 shows the number of incorrect beats marked during various
experiments. Using blood pressure alone had the best results, most likely because it is
not as subject to noise as ECG signals. Notice that the distance to the maximum value
showed a very large decrease in the number of extra beats added, though the tradeoff
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with sensitivity was also large. The precision for that solution was 94%. By using the

length of the template in conjunction with the distance to the maximum value, the

overall performance was slightly improved from the sample solution. The distance to

the minimum value along with the length of the template showed the best results,

with a decrease in missing beats of about 4000 and only a 50 extra beat gain.
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Figure 5-10: Overall performance of statistical template experiments

The overall performance of all statistical template solutions is shown in Figure

5-10. Blood pressure templates using length and distance to the minimum value of

the beat show the highest performance at 87.73%. As the timings for these solutions

averaged around 10 seconds, this was the best solution found out of all those

presented in this thesis in terms of performance and processing time.
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6 CONCLUSION & FUTURE WORK

Locating heartbeats using multiple time series data is a complex problem.
Some background knowledge of the signals themselves is necessary to decide which
signals are useful and in what way they may be useful. The problem presented by the
PhysioNet 2014 Challenge was to use as many different signals as possible to locate
heartbeats as accurately as possible.

The ECG signal is typically the signal used to locate heartbeats. At each
heartbeat location, a low wave (Q), then a very high wave (R), followed by another low
wave (S) makes the distinctive shape of the QRS complex that theoretically should be
simple to find. However, due to variation in this shape depending on age, illness, and
outside influences such as noise from electrode movement, detecting a true QRS
complex becomes a challenge. The noise often features very high wave forms which
can be mistaken for R waves. People with abnormal heart rhythms may not have a
high R wave, but rather a very low Q wave, or even a sort of double beat for each beat,
with a high P wave preceding the QRS complex, making it difficult for a computer to
tell if the P or the R wave is the actual beat. These variants must either be accounted
for in the QRS detector, or made up for with information from other signals that are
frequently monitored in conjunction with the ECG.

Signals such as blood pressure and stroke volume closely correlate with the
ECG. With a short time delay, the blood pressure signal will have a distorted arch type

figure following each heartbeat. Stroke volume produces almost a perfect arch, with
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