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o ABSTRACT O

The massive inflation in the volume of data created a deficit in the traditional
systems responsible for storage and processing, which made these systems useless,
especially as this growth is accelerating. Big data technologies emerged to solve this
problem as they were able to deal with a huge amount of data depending on the distributed
system. The health field has very large volumes of data, which are very important and
reliable in many matters, including diagnosis, as the health records of each patient are
constantly increasing. Exploiting all previous data related to the patient to be relied upon in
building a specific medical decision, is one of the most important points related to health
data processing as it contributes to reducing medical errors and reducing pressure on
Physician. The research focuses on improving the pre-processing of health data that
contains a group of diseases with symptoms associated with each disease based on the
improvement of the use of big data technologies, which had led to an increase in the
accuracy of health prediction. Accordingly, this research presents an improved medical
system capable of diagnosing disease based on specific symptoms, which gives the ability
to deal with health data regardless of its size, and this is what we do not seek in traditional
health systems.
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