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Abstract

At present, many  patients suffer  from
noncommunicable diseases (NCDs), such as diabetes,
cardiovascular disease and cancer, which for diagnosing
body disorders require a large amount of effort to read
and understand the test results from laboratories. One of
the major NCDs is the diabetes that has been reported to
be the top health problem in many countries. Recognizing
the early signs of diabetes is of importance to reduce the
risk of patients

in exposing to other following

complications, such as kidney failure, stoke,
hypertension, etc. In this paper, we present a study of
using the technique of multi-kernel learning in combining
multiple predictive models in estimating the risk of
diabetes. The experimental results show that our multi-
kernel learning improves the accuracy of five individual
predictive models from 1% - 7%. Our multi-kernel
learning model can be used to assist physicians in
diagnosing the risk of diabetes in patients more precisely.
Keyword: Data Acquisition and Preparation, Data Pre-
Classification and

processing, Clustering,

Modeling and Prediction
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