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Abstract:

Health insurance is one of the ways to reduce the costs imposed on society.
Studying and researching in the field of damages and diseases helps the
stakeholders to easily make policies in this regard. The insurance rate is affected
by some medical issues. Accurate estimation of individual health care and
treatment costs is important for a range of stakeholders and health agencies.
Therefore, by predicting medical expenses, both the insured and the insurer can
predict the future to some extent and have better options for making decisions.
One of the goals of this article is to predict the low, medium or high spending of
people for the treatment of the disease and to identify the effective factors in health
insurance costs. In this article, the data of the US Census Bureau including ) ¥YA
samples with the features of age, gender, body mass index (BMI), smoking,
number of dependents, region and annual cost are used. In the proposed method,
the data set is first analyzed and reviewed in order to get a general view of it and
to identify the influencing factors in the treatment cost. Then, by pre-processing
and categorizing costs into low, medium and high, the data is converted into a
form suitable for classification. In the next step, classification algorithms are used
to learn the category of each of the samples, and by evaluating them, the best
algorithm is selected. In the end, with the method of parameter improvement and
algorithm parameters adjustment, the performance of the algorithm is improved
and the annual cost prediction model is created. Examining the dataset showed
that being a smoking, increasing age and being overweight have an effect on
treatment costs. The classification results also show that the random forest
algorithm has the ability to predict low, medium, and high costs for disease
treatment with 47 accuracy.
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