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ABSTRACT

This research focuses on the text mining approach of the gold prices
volatility prediction model from the text of economic indicators news articles. The
model is designed and developed to analyze how the news articles influence gold price
volatility. The selected reliable source of news articles is provided by FXStreet, which
offers several economic indicators. The data will be used to build text classifiers and
news group affecting volatility price of gold. According to the fundamentals of the
data mining process, each news article is firstly transformed in to a feature by the
TF-IDF method. Then, a comparative experiment is set up to measure the accuracy of
the combination of two attributes weighting approaches - which are Support Vector
Machine (SVM) and Chi-Squared Statistic - and three classification algorithms -
which are the k-Nearest Neighbors, SVM and Naive Bayes. The results show that the
SVM classification algorithm, weighted by SVM, is the best among all tests with an
accuracy of 87.52%. In the future, it can be developed to improve the classification
system; it may be input to other economic news for more factors to increase the

efficiency of analyzing consequences that affect the volatility of the gold price.
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