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Abstract; The existing arrhythmia datasets are suffering from the unbalanced number of training
sample for electrocardiogram ( ECG) data due to the obvious difference among the sample number
of different types. A novel KNN-based classification algorithm, i. e., a modified kernel
difference — weighted KNN classifier( MKDF-WKNN) was proposed, by introducing a correction
factor to restrain the weights of the categories with more samples and increase the weights of the
categories with fewer samples. The experiment was carried on the UCI arrhythmia dataset to
classify the ECG data. The results show that, for unbalanced datasets the proposed algorithm is
better than some other KNN-based algorithms such as KNN, DS-WKNN, DF-WKNN and KDF-
WKNN, in terms of classification accuracy.
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Table 1 Class distribution in UCI cardiac arrhythmia
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Fig. 1 Impact of unbalanced data samples on
classification result
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