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ABSTRACT

There are many data on stocks in the stock market. They can be characterized by GARCH (p,q) models, specifically in this paper
we assume that each stock data follows GARCH(1,1) model. This paper presents a model-based clustering method of stock data into
several groups where each group has the same model and the same parameters. For the choosing the number of groups, we exploit the
BIC (Bayesian Information Criterion). And the group parameters which present the characteristics of groups are estimated through

Bayesian approach.
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