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Data mining is a new technology in automatic data analysis. It is the search for valuable
information, or knowledge, in large volumes of data. The discovered knowledge can greatly benefit
the organization that owns the data in many ways, for example, to aid decision-making, to reduce
the risk of business planning or to project the revenue in future investment. The common types of
knowledge discovery are prediction, deviation detection, database segmentation, clustering,
association rules and link analysis. Despite the many forms and functions of discovered knowledge,
the most important factors in mining valuable knowledge are the learning algorithm and data. The
practical data mining system needs an efficient algorithm and high quality data. This research
project presents the design and implementation of a complete data mining system, called SUT
Miner. The SUT Miner is a data mining system developed as an intelligent data analysis tool to
discover patterns and extract useful information from facts stored in databases. In addition to the
mining engine, our system incorporates the pre-mining and post-mining parts. In this report, we
describe a framework of SUT Miner and present the implementation scheme on the mining engine
part using a logic programming paradigm, a Prolog language in particular. A high-level declarative
style of Prolog facilitates a clear and concise coding. The language also supports pattern matching,
which is a big advantage for a task of pattern discovery. The success of this project will be the
preliminary step toward the future development of a high-performance data mining system that can

handle very large volume of continuously generated data.
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