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Alarm Rule Mining Method in Telecommunication Network
Based on Weighted Frequent Pattern-tree
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[ Abstract] Traditional communication network alarm correlation rules are often manually done by experts and coded into
network fault management systems. However, the artificial maintenance method is difficult to meet the huge amounts of
data processing requirements of real-time communication alarm rules. To solve this problem, this paper proposes an
automatic alarm rule mining method based on Weighted Frequent Pattern-tree ( WFP-tree ) algorithm. It uses the sliding
window method to convert raw data into alarm transactions, and employs BP neural network, Support Vector Machine
(SVM) and Analytic Hierarchy Process( AHP) methods to generate the weight information of alarm equipment. Finally,
it uses WFP-tree algorithm to automatically generate the weighted frequent itemset. The experimental results show that,
the WFP-tree algorithm performs better in frequent itemset compression and important domain correlation rule finding
compared with Apriori and FP-growth algorithms.

[ Key words] communication network alarm; correlation rule; weighted factor; weighted frequent itemset; FP-growth
algorithm ; Weighted Frequent Pattern-tree ( WFP-tree ) algorithm ; support degree
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