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Background:

Fetal ventriculomegaly (VM) affects up to 2 in 1000 births and is associated with diverse
neurodevelopmental impacts [1-3]. A significant challenge in healthcare anomaly detection is the
variability and context-specific nature of anomalies, complicating differentiation between normal and
problematic variations [4]. This has led to incorporating gestational age (GA) to improve diagnostic
precision in cases like VM, where early detection in fetuses through MRI is vital [1,5] for analyzing
causes, predicting developmental outcomes [6], and managing neurodevelopmental impairment risks.

Objective:

This study aims to develop a deep generative anomaly detection model in fetal brain MRI for the
diagnosis of VM considering the GA.

Material and Methods:

This study, approved by Boston Children’s Hospital's Institutional Review Board, involved a cohort of
typically developing (TD) fetuses (GA: 30.27±4.0), divided into two groups: 192 for training and 39 for
testing. Included 119 fetuses (GA: 29.13±4.0) diagnosed with VM in the test set.

Using our fetal MRI pipeline [7], which encompasses brain masking, non-uniformity correction, and
slice-to-volume registration [8], we prepared a dataset, resizing the MRI to native size to account for
temporal variation along with GA as input for the model. We processed 30 center slices per view from
each volume, cropped to 158x158, and normalized image intensities. [Figure 1] Our framework [9],
consists of a VAE [10] for anomaly detection and AOT-GAN [11] for refinement. We proposed
Bidirectional Ordinal Encoding (BOE) to include GA as a conditioning covariate [12]. A statistical
analysis using the Mann–Whitney U test compared anomaly scores between TD and VM groups.

Results, Discussion, and/or Key Learning:

Our proposed model distinguished between TD and VM cases with an AUROC of 0.79 along anomaly
scores showing statistical significance (p<0.001). The model showed clear differences in the anomaly
map between TD [Figure 2, a] and VM [Figure 2, b] upon visual inspection.
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[Figure 1. Overview of the proposed anomaly detection framework for fetal brain MRI]

[Figure 2. Visualization of anomaly detection workflow: (a) Example of MRI in axial view from TD; (b)
Example of MRI in axial view from VM. The sequence includes the original MRI input, the VAE
reconstruction, the saliency map obtained from this initial reconstruct for the initial anomaly map and the
mask, the mask for the AOT-GAN inpainting, the AOT-GAN inpainting for anomaly isolation, and final
anomaly mapping for precise localization.]
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