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1. Whole slide image attention visualization
Attention scores can be visualized as heatmaps to highlight
diagnostically informative regions, i.e., areas assigned high
attention, while de-emphasizing regions of low relevance,
such as normal tissue or background artifacts. To interpret
the spatial distribution of model attention across a WSI,
we convert the attention scores corresponding to the pre-
dicted class into percentiles and map these normalized val-
ues back to their original coordinates on the slide. Fine-
grained heatmaps are produced by extracting overlapping

patches and averaging the attention values within the over-
lapping areas. In our workflow, we employ Trident [24]
to generate WSI-level attention visualizations (Supplemen-
tary Figures 1, 2, and 3) and to display the patches with the
highest attention scores. In Supplementary Figure 2, UNI2
features generalize more robustly than Titan, and avoid ar-
tifact patches. We note that a high-attention score in CLL
is given to non-lymphoma areas and in DLBCL to poorly
preserved areas (Supplementary Figure 1). This behavior
might be avoidable when training the algorithm with more
cases.
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Supplementary Figure 1. Attention visualization on IID Munich testset.
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Supplementary Figure 2. Attention visualization of a CLL lymphoma WSI from the OOD Erlangen cohort. UNI2 avoids artifact patches
with the highest attention scores as compared to Titan.
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Supplementary Figure 3. Attention visualization of CLL lymphoma subtype on OOD lymphoma testsets.
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