Do Deep Embedding-Derived Imaging Phenotypes Reveal Breast Cancer
Risk Heterogeneity Beyond Scalar Risk Stratification?
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Background & Purpose Results
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Deep learning (DL) mammography risk models such as Mirai [1] output only
scalar breast cancer (BC) risk estimates, leaving their high-dimensional
representations uninterpreted and obscuring heterogeneity among women with
similar predicted risk.

Table 1. Cohort characteristics for the 26,573 women (79,317
screening examinations) in the HIPIMR analytic cohort, 2010-2020,
stratified by breast cancer status during follow-up.
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Figure 3. Distribution of each racial/ethnic group across the embedding-derived clusters (k=3), shown as
column-normalized percentages with cell counts in parentheses. Racial/ethnic composition varied
significantly across clusters (x> = 2,682; Cramér's V = 0.225; p < 0.001). Asian subgroups (notably Japanese

Follow-up 2 6 months Figure 2. Phenotypic profiles of the embedding-derived clusters (k=3), with columns

! - 1 ordered by mean predicted Mirai 5-year risk (Cluster 1 lowest, Cluster 3 highest). Rows and Chinese American women) were increasingly overrepresented in the higher-risk clusters, while NHOPI,
Age 35-85 at exam 87,387 |-+ - 860 T —— show within-cluster distributions of BMI and age (violin plus box plots), BI-RADS breast White, and Black women concentrated in the lower-risk clusters.
\ ) density categories A-D, and menopausal status. Higher-risk clusters are characterized
l , 1 by progressively lower BMI and higher mammographic density.
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Figure 4. Within-cluster heterogeneity reduction relative to the overall population for embedding-derived clusters versus risk-ordered partitions, across clinical variables (k=3, left; k=6, right). Heterogeneity

was quantified by within-cluster variance reduction (continuous variables) and Gini impurity reduction (categorical variables). Embedding-derived clusters showed only a modest advantage in homogeneity

over the risk-ordered partition for clinical variables (e.g., ~1.3 percentage points for BMI at k=3). As expected, the risk-ordered partition reduced Mirai 5-year-risk heterogeneity substantially more than the
embedding clusters, as it is defined by binning on predicted risk.
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Figure 5. Sankey diagrams of cross-partition flow between embedding-derived clusters (left) and risk-ordered partitions (right), at k=3 and k=6. Ribbon width is proportional to the number of women shared
between a cluster and a risk-ordered group. Concordance was high at k=3 (ARl = 0.860), with predominantly diagonal flow indicating the embedding clusters can be closely reproduced by ordering women on
predicted risk alone; agreement was more moderate at k=6 (ARl = 0.545), reflecting greater cross-partition mixing as the partition is refined. Together these support the conclusion that stable embedding
clusters largely recapitulate a scalar risk ordering rather than encoding additional phenotypic structure.

Conclusions/References

Clustering Mirai’s exam-level embeddings recovered groups that largely correspond to a BMI-density risk continuum rather than qualitatively distinct phenotypes. Despite high
stability (ARI [7] > 0.98) and significant differentiation across all clinical variables, comparison with risk-ordered partitions showed that these groups could be approximately
reproduced by ordering women by predicted risk alone (ARl = 0.86 at k = 3). Racial and ethnic composition varied significantly across clusters (Cramér's V = 0.225), with patterns

not fully explained by BMI and density, and Asian subgroups remained persistently overrepresented in high-risk clusters after clinical adjustment.

Stable clusters are necessary but not sufficient evidence for meaningful substructure; Proposed standard: test clusters against an ordering along the representation’s primary
dimension (predicted risk for DL models) to separate genuine phenotypes from partitions of a gradient.
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