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Abstract:  In recent years, statistical methods such as discriminant analysis and machine learning are used in the research of
Big Data analysis and Al In this study, we developed a statistical processing program using GNU R, which aims to perform
discriminant analysis and machine learning efficiently. The program enables us to run classifiers (linear discriminant analysis,
quadratic discriminant analysis, and Random Forest) contained in GNU R quickly with a simple command input. To confirm
the operation of the program, we conducted a classification test of benign/malignant tumors based on the 30 feature values of
images in the breast cancer database which is publicly available online. The test result was obtained within a few seconds, and the
result showed that the percentage of correct discrimination at each classifier was more than 90%. In conclusion, the program was
considered to be useful in various areas which require a significant amount of statistical processing, and as an example, we were

able to demonstrate that this program can be applied as an additional useful tool to pathological diagnosis.
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1. radius (mean of distances from center to points on the

perimeter)
2. texture (standard deviation of gray-scale values)
3. perimeter
4. area
5. smoothness

(local variation in radius lengths)
6. compactness
(perimeter’ / area — 1.0)
7. concavity (severity of concave portions of the contour)
8. concave points (number of concave portions of the contour)
9. symmetry
10. fractal dimension

(“coastline approximation” 1)
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