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Automatic Identification of Database Workloads by using SVM Workload Classifier
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Abstract

DBMS is used for a range of applications from data warehousing through on-line transaction
processing. As a result of this demand, DBMS has continued to grow in terms of its size. This
growth invokes the most important issue of manually tuning the performance of DBMS. The
DBMS tuning should be adaptive to the type of the workload put upon it. But, identifying
workloads in mixed database applications might be quite difficult. Therefore, a method is
necessary for identifying workloads in the mixed database environment. In this paper, we
propose a SVM workload classifier to automatically identify a DBMS workload. Database
workloads are collected in TPC-C and TPC-W benchmark while changing the resource
parameters. Parameters for SVM workload classifier, C and kernel parameter, were chosen
experimentally. The experiments revealed that the accuracy of the proposed SVM workload
classifier is about 9% higher than that of Decision tree, Naive Bayes, Multilayer perceptron and
K-NN classifier.

| keyword : | Workload Classification | Support Vector Machine | Database Management System | Database
Tuning |
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