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Results and Findings

e Beyond detecting disease: can we predict its future course? We use frozen medical vision foundation models as feature extractors for longitudinal MRIs. EEE uniGradiCON === SAM-Med3D SwinUNETR 90-
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Perform pre-affine alignment to a healthy atlas or

the baseline scan Foundational models beat specialist. Diverse

multi-organ pretraining beats narrow specialist training.

Progression Labels: Any change between the
initial and latest scans.

Registration is robust to spatial misalignment,
segmentation requires affine pre-alignment to compete.
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Affine pre-alignment is a necessity for longitudinal
brain MRI. Without this, models collapse. When
pre-aligned, it heavily boosts all model features.
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A simple linear probe is then trained to test whether these frozen representations encode

disease progression without fine-tuning. Affine alignment + joint cropping massively boosts

segmentation features. Registration stays robust.
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e Pick registration features (uniGradlCON) for robustness on messy / unaligned data
e Pick segmentation features (SAM-Med3D) when it is possible to standardize the data.
— e Future work should develop modular adaptation layers on pretrained models to better
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There is no general registration pair that works best.
For OAl, atlas-registered features give best results.
For ADNI, consecutive pairs of scans work best.
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Temporal context length matters. All models show
improvement when given the full longitudinal trajectory.
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capture high-dimensional clinical features.

Email: bdemir@ucsd.edu
Code & resources: github.com/ucsdbiag
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