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TL;DR: We build a breast cancer risk predictor with vision and language interpretability

without compromising performance.

Why interpretable risk?

1. Risk prediction enables personalized screening

2. Risk-stratified screening allows for earlier detection
3. Interpretability increases clinician’s trust

The gap:
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Findings: There are no prior studies for comparison. Both breasts show
scattered fibroglandular densities. No suspicious dominant mass lesions,
clustered microcalcifications or areas of unexplained architectural distortion

Mammo-FM

are seen in the right breast. There is a mass in the lateral left breast that
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‘ needs additional imaging. Impression: BI-RADS: 0. Mass in the left breast
needs additional imaging.
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