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Abstract
ObjectiveThe heartbeat classification of the electrocardiogram is important in cardiac disease diagnosis. For detecting QRS complex, conventional detection algorithmhave been designed to detect P, QRS, Twave, first. However, the detection of the P and T wave is difficult because their amplitudes are relatively low, and occasionally they are included in noise. Furthermore the conventionalmulticlass classificationmethodmay have skewed results to themajority class, because of unbalanced data distribution.

MethodsThe Hermite model of the higher order statistics is good characterization methods for recognizing morphological QRS complex. We applied three morphological feature extraction methods for detecting QRS complex: higher-order statistics, Hermite basis functions andHermitemodel of the higher order statistics.Hierarchical scheme tackle the unbalanced data distribution problem. We also employed a hierarchical classification method using support vector machines.

ResultsWe compared classification methods with feature extraction methods. As a result, our mean values of sensitivity for hierarchical classification method (75.47%, 76.16% and 81.21%) give better performance than the conventionalmulticlass classificationmethod (46.16%). In addition, theHermitemodel of the higher order statistics gave the best results compared to the higher order statistics and the Hermite basis functions in the hierarchical classification method.

ConclusionThis research suggests that the Hermite model of the higher order statistics is feasible for heartbeat feature extraction. The hierarchical classification is also feasible for heartbeat classification tasks that have the unbalanced data distribution.
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  The procedure for classification of heartbeat class from electrocardiogram
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  (a) The N class waveform of ECG beat and its cumulant representations of the (b) second, (c) third, and (d) fourth order
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  (a) The V class waveform of ECG beat and its cumulant representations of the (b) second, (c) third, and (d) fourth order
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  (a) The F class waveform of ECG beat and its cumulant representations of the (b) second, (c) third, and (d) fourth order
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  For σ=0.8, (a) n=1, (b) n=2, (c) n=7, and (d) n=20 Hermite basis function
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  The normal QRS complex of an ECG beat (black solid line) and its estimation using a Hermite polynomial of the 20th order(white dashed line)
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  Hierarchical classification is that the ECG beat classes were combined into two classes based on the morphological similarity at first phase. The second phase classifies individual classes
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  Division of validation set (DS1) into training and testing set for classifier evaluation using 11 fold cross validation. Final performance evaluation is performed to test testing set (DS2).
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  ROC curve of the best classifier. The arrows indicate sensitivity 90% point (Sen_90), specificity 90% point (Spe_90), and minimum distance point (Msp) between ROC curve and (1,0) point
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  Merging the MIT-BIH heartbeat types to the AAMI heartbeat classes
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  Organized Dataset 1(DS1) and Dataset 2(DS2) from MIT-BIH dataset
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  Class ratio of DS1 and sampled DS1
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  Result of DS1 using conventional multiclass classification by linear and RBF kernel
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  Result of testing DS2 using conventional multiclass classification
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  Sensitivity, specificity, accuracy and threshold of each arrow points in NS vs. VF ROC curve
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  AUC value and kernel by feature extraction method
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  Classification performance of hierarchical classification and multiclass classification on DS2
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  Result of decision matrix on DS2 of Hermite model of higher order statistics
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