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ABSTRACT

Unsupervised Quality Prediction Model
Using Clustering Algorithms

Park Mikyeong

Dept. of Computer Science
The Graduate School of
Sungshin Women's University

As the software industry advances, improvement and evaluation
methods of software development process are under the spotlight.
In order to ensure a high quality of software, it is needed to select
the core part in initial process and place the limited resources
properly. Therefore, software quality prediction model is becoming
more important.

Most previous studies of software fault prediction model which
determines the fault—proneness of input modules have focused on
supervised learning model wusing training data set. However,
unsupervised learning model is needed in case supervised learning
model cannot be applied: either past training data set is not present
or even though there exists data set, current project type 1Iis

changed. Building an unsupervised learning model 1s extremely



difficult that is why only a few studies exist. One of the difficulties
i1s to decide the number of clusters. In this paper, we build
unsupervised models using representative clustering algorithms, EM
and DBSCAN, that have not been used in prior studies and compare
these models with the previous model using K—means algorithm.
Also, to solve the problem of selecting the number of clusters, we
build unsupervised models using clustering algorithms, EM and
X—means, which determine the number of clusters automatically and

compare them with results of earlier studies.
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