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An Efficient and Effective Clustering Algorithm for Time Series of Hot Topics
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Abstract  Hot degree time series clustering is very important for revealing and modeling develop-
ment process of hot topics in Web sites. In 2010, Leskovec and his colleagues proposed a K-Spectral
Centroid (K_SC) time series clustering algorithm, which has higher accuracy and can be used to
better describe the trend of hot topics. But K_SC algorithm is sensitive to the initialization of
cluster centers and has high time complexity. Therefore, it is difficult to directly apply K_SC to
high dimensional data. Based on wavelet transform technology, a new iteration clustering
algorithm —WKSC is proposed in this paper, which has two improvements: (1) the original time
series are compressed by Haar wavelets transform to lower dimensions of the original time series.
WKSC algorithm groups topics based on lower dimensions time series and the time complexity is
reduced; (2) the clustering results from previous iteration of K_SC are used as the initial assign-
ment at the high level, then the high sensitivity to cluster centers is solved. Three datasets from
different sources were selected and comprehensive experiments were conducted. Experimental
results show that WKSC algorithm can significantly reduce time complexity, and improve the
quality of clustering result, which means WKSC algorithm can be used on massive and high

dimension hot topics.

Keywords clustering; time series; hot topics; wavelet
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Background

Hot topics on interactive web such as BBS, Blogger and
Microblogging system enormously affect not only the develop-
ment of the various events in virtual world, but also people’s
perspectives and judgments in real world. It may also affect
the attitude and verdict of government and judicial authorities
towards those issues. Modeling and predicting development
of hot topics is very important, but it is very difficult to mod-
el hot topics because different hot topics share different trend
patterns. Therefore, clustering hot topics is very helpful to
find essential patterns inside hot topics.

Quantity of participance, including post quantity, for-
ward quantity, and comment quantity, is one of the dominant
measurements for popularity of online topics, which change
over time and present as a time-series. Nowadays, there are
two types of clustering methods for hot topics. Contents-
based clustering methods classify topics according to content
similarity. These methods can be used to detect topics but
are poor to depict trend pattern of topics. Time-series based
clustering methods take a metric such as quantity of partici-
pance as a time-series to classify topics. Leskovec and his
colleagues developed a K-Spectral Centroid (K-SC) time
series clustering algorithm. It was testified by a large number
of experiments that K-SC showed high efficiency in clustering
online topics, but its shortcoming of being highly sensitive to

the initialization of cluster centers. Moreover, K-SC algorithm
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has high time complexity and prevents its application on high
dimension data.

In this paper, we improved K-SC algorithm by combi-
ning Haar wavelets transform and K-SC algorithm. A new
iteration Wavelet-Based K-SC algorithm (WKSC for short) is
proposed. In WKSC algorithm, the original time series are
compressed by Haar wavelets transform to lower the dimen-
sions of original time series. Then, we classify topics based
on the lower dimensions time series using K_SC algorithm
and the clustering results are used as the initial assignment at
the high level clustering process.

Comprehensive experiments are conducted on three rep-
resentative datasets. We analyzed and compared the perform-
ance of K-SC and WKSC from different respects. Experimental
results show that WKSC clustering algorithm can significantly
reduce clustering time complexity and save 50% cost of time
averagely, which means that WKSC algorithm can be used on
massive and high dimension hot topics. WKSC algorithm also
can improve the quality of clustering result.
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