Generalizable Automated Cerebral Microbleed Detection
on SWI Using 3D Attention U-Net with External Cohort Validation
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RESU LTS Table 1. The performance of the CMB detection Case 1--- GI: 15, Predicted: 16, Matched: 14 -—-

, algorithm for internal and external test set.
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DISCUSSION

* Strong generalizability across external datasets with

(41% positive). CMBs in positive (?;ZES,) (?;ng) (9?(23) consistently high case-level sensitivity and specificity despite
cases Median =3 (IQR 1-7) e e o 80.6 81.3 1.7 differing CMB burden distributions.

- An external test set total of 191 SWI  (ACTIVATION+AcT)  (69.1-89.2) (72.0-88.5) (1.0-2.3) * Robust ordinal burden classification (QWK=0.929), supporting
(48% positive). CMBs in positive :EFXAt\%r;alteSt >t (85?02_536,2) (87?507,2) (11,2;516,7) reliable stratification of clinically relevant CMB severity.

cases Median =10 (IQR 2.5-43.5) Quadratic weighted kappa (QWK) = 92.9%

* Underestimation in high-burden cases (>20 CMBs), likely
reflecting a higher proportion of clustered CMB distributions in

the external validation set compared with the training data.

External Validation Results on the FAVR Dataset
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