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Abstract

Concerning the national health, it is important to develop an accurate prediction method of atmospheric
particulate matter (PM) because being exposed to such fine dust can trigger not only respiratory diseases as
well as dermatoses, ophthalmopathies and cardiovascular diseases. The National Institute of Environmental
Research (NIER) employs a decision tree to predict bad weather days with a high PM concentration.
However, the decision tree method (even with the inherent unstableness) cannot be a suitable model to
predict bad weather days which represent only 4% of the entire data. In this paper, while presenting the
inaccuracy and inappropriateness of the method used by the NIER, we present the utility of a new prediction
model which adopts boosting with quantile loss functions. We evaluate the performance of the new method
over various 7-value’s and justify the proposed method through comparison.
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Table 2.1. Contingency table of predicted and observed values
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Figure 2.1. Decision tree model used in NIER
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Table 3.1. Misclassification rates and sensitivities of decision tree and quantile boosting
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Figure 3.1. Misclassification rates and sensitivities over 7
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Figure 3.2. Comparison between predicted and observed values when 7 = 0.75
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