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Application of Random Forest Algorithm for the Decision Support System of
Medical Diagnosis with the Selection of Significant Clinical Test

FOERY T E B
(Taegyun Yun - Gwan-Su Yi)

Abstract — In clinical decision support system (CDSS), unlike

rule-based expert method, appropriate data—driven

machine learning method can easily provide the information of individual feature (clinical test) for disease classification.
However, currently developed methods focus on the improvement of the classification accuracy for diagnosis. With the
analysis of feature importance in classification, one may infer the novel clinical test sets which highly differentiate the
specific diseases or disease states. In this background, we introduce a novel CDSS that integrate a classifier and feature
selection module together. Random forest algorithm is applied for the classifier and the feature importance measure. The
system selects the significant clinical tests discriminating the diseases by examining the classification error during
backward elimination of the features. The superior performance of random forest algorithm in clinical classification was
assessed against artificial neural network and decision tree algorithm by using breast cancer, diabetes and heart disease
data in UCI Machine Learning Repository. The test with the same data sets shows that the proposed system can
successfully select the significant clinical test set for each disease.
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Fig. 1 Flow chart of disease classification and important
clinical test selection in the proposed system
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Table 1 Summary statistics for disease data sets selected
from UCI| Machine Learning Repository

k) 9 239 444 683 478 205
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Table 2 Classification accuracy of the proposed method for
three different diseases
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Table 3 Performance of different subsets of feature in the

proposed system
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Cell Shape

Body mass
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Diabetes pedigree
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Age (years)
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Diastolic blood
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Age , pressure
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g Single Epithelial Triceps skin fold
ex

Cell Size

thickness (mm)

Resting blood

pressure

Bland Chromatin

2-Hour serum
insulin (mu
U/ml)

serum cholestoral
in mg/dl

Normal Nucleoli

(fasting blood
sugar > 120
mg/dl)

(1 = true; 0 =
false)

Mitoses

Resting
electrocardiographi
¢ results(0,1,2)

maximum heart

rate achieved

exercise induced
angina
(1 = yes; 0 =

no)

oldpeak= ST
depression
induced by
exercise relative

1o rest

the slope of the
peak exercise ST

segment(1,2,3)
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