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Generalization of Finetuned ASCHOPLEX
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e Using the finetuned probabilistic ASCHOPLEX model, we
quantified uncertainty as the standard deviation across model
iterations, averaged across all choroid plexus voxels.

e One method, Automated (Bitanihirwe et al. 2022)

Segmentation of CHoroid PLEXus (ASCHOPLEX) can be
finetuned on new datasets to improve performance.

e ASCHOPLEX shows minimal uncertainty in the local dataset,

Research Questions: demonstrating effective finetuning.

e How do the available automated segmentation methods
compare to manual tracing?

® There is increased uncertainty in the ABIDE dataset overall,

articularly in children.
e Can we finetune ASCHOPLEX to segment the choroid plexus in P Y

a cohort that includes ASD participants?

¢ |n both the local and ABIDE datasets, ASCHOPLEX does not
show bias based on diagnosis.

e How well does ASCHOPLEX generalize to a larger dataset?

Choroid Plexus Segmentation Performance Across Our Cohort

Conclusions & Future Directions

e Finetuned versions of ASCHOPLEX showed the best
performance in segmenting choroid plexus on our dataset.

Publicly Available Segmentation Methods

. Manual Tracing
We traced on T1w MEMPRAGE images; when available, FLAIR
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6. ASCHOPLEX (Visani et al. 2024)
Ensemble of five supervised deep learning models; Trained on
dataset of patients with multiple sclerosis
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6b. ASCHOPLEX - Finetuned on Local Data, Probabilistic
We implemented a probabilistic version of the algorithm by
enabling edge dropout in the neural nets during finetuning.




