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BACKGROUND RESULTS CONCLUSIONS

* VIT-MDN consistently produced

* Quantification of brain amyloid-beta (AB) burden is essential for diagnosing and ViT-MDN demonstrated excellent performance in quantifying continuous CL values and CL oredict
monitoring clinical progression in patients with Alzheimer’s disease (AD). binary amyloid classification in ADNI holdout data as well as in SCAN and IDEAS. accurate LL predictions across
tracers and cohorts without the need
» The Centiloid (CL) scale is the gold standard for harmonization, but quantification Figure 1 (below): Predicted _--- for re-training or fine-tuning.
typically relies on multi-step pipelines involving structural MRI co-registration and vs true CL values across . Qualitative analysis of attention maps
ROl extraction. - M lut 10.47 13. 17.17
all datasets with ean absolute error 0 3.68 showed the model prioritizes cortical
corresponding R-squared i K to b iated with
* The vision transformer (ViT) architecture, a recent innovation in computer vision, values. The points are Accuracy 0.94 0.90 0.92 (raejllogsm Tg;’;ndeo OeSi?isosnoma ea Wl
has shown promising results in medical imaging analysis due to its scalability, colored by the MDN PPV 0.98 0.98 0.99 y amy P '
explainability, and capacity to view a whole image in context. component with the N T e 5 + By leveraging the feature extraction
. . . o higher weight, with the o abilities of the ViT and the
* We propose ViT-MDN: a deep learning approach using a 3D (ViT) integrated boint representing that Sensitivity 0.91 0.76 0.88 orobabilistic nature of the mixture
with a Mixture Density Network (MDN) to predict CL values directly from PET component’s mean and Specificity 0.98 0.99 0.99 density head, this approach offers a
scans. .
the error bars as its F1 Score 0.94 0.86 0.93 scalable and MRI-independent
variance. alternative to traditional ROl-based

Table 2: Continuous and binary metrics analysis.

VIT-MDN: Predicted vs True across all datasets.
Centiloid Values

METHODS
I FADNIT ISCANTINIBERSY  patasets. The training anc
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