Automated Segmentation of the Choroid Plexus
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Generalization of Finetuned ASCHOPLEX
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remains the gold standard, several Tracing FreeSurter Model Recurrent Units Probabilistic contain 2,000+ MRI scans from ASD and CON participants

automated methods are available. ages 5 - 65 (DiMartino et al., 2014, 2017).
< One method. Automated (Bitanihirwe et al. 2022) < Using the finetuned probabilistic ASCHOPLEX model, we
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. Manual Tracing Best Model Performance < Finetuned versions of ASCHOPLEX showed the best
performance in segmenting choroid plexus on our dataset.

< Finetuning eliminated ASCHOPLEX’s original bias so that it
now performs equally across both ASD and CON participants.

We traced on Tlw MEMPRAGE images; when avalilable, FLAIR
and/or scans acquired with gadolinium contrast are preferred

. FreeSurfer (Fischl et al. 2012)

. Gaussian Mixed Model (Tadayon et al. 2020)
Unsupervised clustering algorithm; constrained to ventricles

BT W CON (n=23) .
B W ASD (n=30) . |

O
(00)
1

< Additional finetuning is needed to generalize to ABIDE data.
< We are In the process of hand tracing ~80 T1w images from
the ABIDE dataset (using an iPad).

< This will allow us to use new datasets to investigate choroid
plexus development throughout childhood, adolescence, and
adulthood, in ASD and CON participants.
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. Multi-Dimensional Gated Recurrent Units (Muller et al. 2022)
Supervised; deep learning; Trained on dataset of patients with
multiple sclerosis, migraine, and neuromyelitis optica spectrum
disorder
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younger adults; patients with MCI and Alzheimer’s disease Mode|  Recurrent Units

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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Probabilistic

Acknowledgments

_ _ o We are grateful to Ylind Lila who previously conducted the manual segmentation
Calculatlng Dice Coefficient of the choroid plexus used in this work. We would like to thank Chieh-En (Jane)
Tseng and Elisa Guma for helpful discussions on data analysis.

Y B -
@ é Funding Thomas Morin, Ph.D.

Robert E. and Donna Landreth

We finetuned the ASCHOPLEX algorithm using 12 of our
ASD and CON participants, manually traced

*
e + e Fund for the Study of Neuroimmune B tmorin2@mgh.harvard.edu
Interactions in Autism K3 tommorin@brandeis.edu

Dice = 0.0 Dice = 0.5 Dice = 1.0 Intricate Knot Foundation @WWW-tmmOFin-COm

6b. ASCHOPLEX - Finetuned on Local Data, Probabillistic
We implemented a probabilistic version of the algorithm by
enabling edge dropout in the neural nets during finetuning.




