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Abstract:Based on the medical data set, the partitioning clustering algorithm K — medoids is studied. A variance — based density
optimization algorithm is proposed to solve the problems of random selection of initial clustering center, slow convergence speed and
unstable clustering results in K—medoids algorithm. Based on the mean square deviation and distance mean of the sample set, the density
radius of the sample set is calculated according to the size of the sample set. Samples in the dense region with the same density radius
have higher density. By dynamically selecting the samples as initial clustering centers from different dense regions,local optimization is
adopted in the clustering process to accelerate the convergence speed, so as to solve the shortcomings of traditional K-medoids. In order
to test the clustering effect, this algorithm is applied to medical data set of UCI machine learning. The experiment shows that the initial
clustering centers selected by the algorithm are located in the dense area of the sample set, which is more in line with the original
distribution of the data set. The algorithm has higher clustering accuracy, more stable clustering results and faster convergence speed on
breast cancer data sets.

Key words : medical data; K—medoids algorithm ; clustering ; density optimization ; variance
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