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Microblog hot topic detection method
based on meaningful string clustering
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Abstract: Aiming at the properties of sparse feature, content fragmentation for microblog data, a hot topic detection
method was proposed based on meaningful string clustering. The multiple strategies including repeated string detection,
context analysis and language rule filtering were combined to extract meaningful strings. Candidate topics were generated
by clustering with distribution of meaningful strings in documents. The hot topics were detected according to hotness

sorting for candidate topics. As is shown from the experiment results on microblog data, the method achieves good effect

in solving the problem of data sparseness. It is effective and feasible to hot topic detection for microblog.
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Input: Microblog Corpus
SegMent the corpus with ICTCLAS;
Find Repeated Strings of the corpus;
For each Repeated String i{
Comput the minV'N;
if(minVN<Tyy) continue;
if (isStopWord(first word)or isStopWord(last word)) continue;
if(isFuctionWord(middle word)) continue;
put the Repeated String into Meaningful String Set;

}

Output: Meanningful String Set
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Input: Microblog Coupus
Extract meaningful strings of the corpus;
for each document i {
Compute the VF;
if (VF<Typ) delete document from the corpus;
}
for each meaningful string feature j {
Represent the feature with document vector;

Compute the weight on every document dimension ;

Cluster the features with Bisecting K-means;
for each topic k{
compute the the number of relevant domument;

}

Rank topics with the number of relevant document;
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