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RESULTS

The system was validated on 3,183 breast specimens (biopsy, 1,934; excision, 1,249)
comprising 11,447 digital slides that were not included in the training of the CNN model.
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CONCLUSIONS

The trained CNN had a high performance in identifying the presence of ADH, ALH, DCIS,
IDC, ILC, LCIS, and, apocrine, micropapillary, mucinous, solid papillary, and tubular
carcinomas. Further studies expanding classes to include all clinically relevant lesions and
morphologies are underway. In addition, the same approach can be used to detect
microinvasions and calcifications in breast tissue.
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