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Abstract

Developing a decision support system to
efficiently and effectively analyze big data is an
important research issue in many applications.
However, most of existing studies did not
integrate  decision  support system  with
in-memory computing technology and use
different types of prediction models to effectively
make prediction. Therefore, they could not
provide users with accurate prediction results in
real time. In view of this, this paper proposes a
novel framework for real-time prediction engine
of decision support services, which allows to
make prediction in real-time with high scalability.
We develop a novel distributed and in-memory
based prediction module, which uses in-memory
computing technology (e.g., Apache Spark) to
enhance the overall performance of the system.
Thus, the proposed framework is able to handle
big data with high scalability and provide more
accurate prediction to users.

Keywords: Big data applications, decision
support system, Apache Spark ~ ensemble
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