Can artificial intelligence derived ultrasound breast density provide comparable
breast cancer risk estimates to density derived from mammograms
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Results (continued)
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compare clinical breast density and Al BUS predicted density to
predict the probability of developing breast cancer in 10 years.
Statistics: To compare the performance of clinical radiologist
breast density and our Al BUS predicted density for risk
assessment we calculated AUC values, 95% confidence intervals,
ROC plots, and Pearson correlation.
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Figure 3. ROC Curves between Clinical and BUS Density
for a logistic regression model that predicts probability
of developing cancer in 10 years.

Table 1. Summary of demographic patient data including
cancer status, age, breast density and total number of
Images.

San Antonio Breast Cancer Symposium- December 6-10, 2022. This presentation is the intellectual property of the author/presenter. Contact them at Dustinkv@hawaii.edu for permission to reprint and/or distribute.



