Can Supervised Learning be used to Glassify

Cardiac Rhythms?
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I A convolutional neural network was trained to annotate peaks of an ECG Raw ECC Annotation performance for QTdb

| Labeled ECG segments from PhysioNet! data served as input and data was augmented Challenge records True positive rate and positive predictivity by comparing the re-
sulting annotations with the reference annotations given for 82
records of the QT databaseZ. A strict tolerance level of 25 ms and
50 ms was set for the time difference between both annotations
to count as successful (true positive).
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True  positive  Z2oms 0.981 0.886 0./32
rate (sensitivity)  50ms 0987 0910 0.807
Positive predic- 2oms 0.991 0928 0815
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Noise estimation function

|dentification of extra beats Interval data Shape information
I 174 basic features were extracted from an annotated record Relative RRintervals and clas- Range of RT (left) and PR in- Cross-correlation matrix of heart
| Interval data: absolute values, percentiles, and interquartile ranges for RR, RT, and PR intervals sification rules based on re- tervals (right) in milliseconds: beats to identify classes of beats,
| Extrabeats: absolute counts and percentage of extrasystoles with and without compensatory pause, doublets, triplets lations of successive intervals®: e.2. multifocal PVCs:
I Complexity (entropy) of RR intervals: standard deviation of the shortened relative RR intervals, from which we re-
moved detected extrasystoles
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| Entropy on higher grades: considering a lag when computing relative RR intervals 260 |
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I Normalization: adjusting interval data by heart rate (estimated by the 25% trimmed mean of RR intervals) or using
relative intervals, defined as successive differences divided by their mean® 8 [

| Shape information: basic cluster characteristics like the silhouette score and distance information derived from k- | - ol L el
Means and hierarchical clustering (average linkage, euclidean metric) on the basis of the cross correlation for each | _ | |
pair of heart beat waveforms LN ] 500 L | 1o} L

Variable Importance
Features in ascending order by its overall importance and
differentiated according to rhythm classes.

: . e 10% quantile of RR intervals
I Random Forest was used to build a regression tree for classifying the rhythm of an ECG adjusted by heart rate

| The training dataset of the PhysioNet/GinC Challenge 2017 with 8,528 single lead recordings served as input data

Relative count of triplet extrasystoles- o & H A

Heart rate- o [ ¢ B

90% quantile of RR intervals |
H adjusted by heart rate ¢ mAS
gart rate . .
90% quantile of
RR intervals A /O\ Relative counts of extrasystoles- « & H u A
Entropy /O\ /Q\
Y R . Relative count of doublet extrasystoles- « ¢ H H A
Silhouette I 4
SCOre Doublets Count of compensatory pause- ¢- H Ao
Percentage of extrasystoles with = AR .
compensatory pause
Classification performance Overall NA  Ae be T Entropy of relative RR intervals- He £
The table reports the overall and partial F; scores for the training and hidden test set. Training dataset 083 097 094 093 046 | |
The noisy records are the hardest of all to predict, the partial F, was 0.46 isthe 7o i NA 090 080 067 NA 1D @ EllEEl FELENE IR MIEels —— i a
result of false negative classifications. Of 284 noisy labeled records 99 were falsely - | | | - - - - -
" " . . Complete hidden set 0 25 50 75 100
classified as A and 94 were classified as 0. This affects the partial scores of A and 0. Overall Importance
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