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A Feasibility Study on the Improvement of Diagnostic Accuracy for Energy-selective
Digital Mammography using Machine Learning

Jisoo Eom"-Seungwan Lee'?-Burnyoung Kim"

Y Department of Medical Science, Konyang University

? Department of Radiological Science, Konyang University

Abstract Although digital mammography is a representative method for breast cancer detection. It has a limitation in de-
tecting and classifying breast tumor due to superimposed structures, Machine learning, which is a part of artificial in-
telligence fields, is a method for analysing a large amount of data using complex algorithms, recognizing patterns and
making prediction, In this study, we proposed a technique to improve the diagnostic accuracy of energy-selective mam-
mography by training data using the machine learning algorithm and using dual-energy measurements, A dual-energy im-
ages obtained from a photon-counting detector were used for the input data of machine learning algorithms, and we ana-
lyzed the accuracy of predicted tumor thickness for verifying the machine learning algorithms. The results showed that
the classification accuracy of tumor thickness was above 95% and was improved with an increase of imput data,
Therefore, we expect that the diagnostic accuracy of energy-selective mammography can be improved by using machine
learning.
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Table 1, Breast densities and compositions for 30-80s women

Ages Glandularity H C N O P
30 72.15 0.105 0.305 0.028 0.558 0.004
40 70.7 0.105 0.311 0.028 0.552 0.004
50 61.10 0.106 0.353 0.026 0.511 0.003
60 47.00 0.107 0.415 0.024 0.451 0.003
70 44.55 0.108 0.425 0.024 0.441 0.003
80 41.65 0.108 0.438 0.023 0.428 0.003
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Fig. 1, Schematic illustration of the breast phantom (1 =
detector, 2 = breast tissue, Inner cylinders = tumors)
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Fig. 5. Relationship between tumor thicknesses, ages, and noises: (a) single-energy mammography, (b) dual-energy mammography
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