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Abstract

In this paper, we consider the mobile medical service from the perspective of diagnosis of elec-
trocardiogram (ECG) signal, and expect to promote the development of mobile medical service
through the implementation of automatic diagnosis of ECG. We focus on the main problem during
the procedure of implementing the automatic diagnosis, which is illustrated with ECG clinical data.
And we propose a hierarchical clustering method based on tree structure to improve the results of
ECG pattern classification. The simulation results on clinical data collected by smart device such as
Holter, reveal that the tree-like hierarchical clustering method can effectively detect abnormal
heart beat from ECG data set.
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Figure 1. The patient behavior chain

1. BERISITAME

\

PACS: RARVTRIFLELE R
Lis: sdeE (RRfh FEAL
EMR: LT

Figure 2. The framework of mobile medical service
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Figure 3. The analytical framework
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Figure 4. The illustration for clustering
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Figure 5. Schematic diagram of convergence for BP neural network
algorithm
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Figure 6. Generalization ability test for classification algorithm
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Figure 7. The abnormal heart beat identified by modified tree-like clustering method
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