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Fig. S1: The experimental results are shown in subplots A-D for Resnet+CE,
CL+Attached, CL+Detached, and Ours Light. Each subplot displays latent rep-
resentations of the synthetic training dataset (blue), real-world test set (yellow),
and OOD dataset (red). Below, the left plot shows ECE (green for undercon-
fidence, red for overconfidence), and the right plot shows accuracy and class
distribution across certainty thresholds. A data flow diagram below these plots
illustrates the training methods for each model. The snowflake in C indicates
frozen weights during fine-tuning.
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Fig. S2: A: Configurations Q of synthetic dataset: Classes are MYCN Normal,
MYCN Gain, and MYCN Amplified, with details on spot counts, cluster pres-
ence, and signal sizes to simulate diverse FISH image scenarios. MYCN Amplified
is divided into "Cluster" and "Signals". R.: red, G.: green. B: Specification of
augmentations for the ablation experiment and the two implementations of our
approach, Ours Heavy and Ours Light, along with examples showing the effect
of the augmentations on the same cell.
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Fig. S3: A-B: High Uncertainty Cases for Ours Heavy. A: Images challenging
for both humans and Ours Heavy to classify as MYCN Normal or MYCN Gain.
B: Examples with ambiguous MYCN copy numbers, hard to classify as MYCN
Gain or MYCN Amplified. C: OOD images embedded close to ID samples.


	FISHing in Uncertainty: Synthetic Contrastive Learning for Genetic Aberration Detection - Supplementary Material

