Benefits of small-sample performance and interpretability using vision transformers for
hydronephrosis prediction in postnatal ultrasound

KIdS Mariia Rizhko'2, Mandy Rickard?, Armando Lorenzo3#, Anna Goldenberg'?, Lauren Erdman?~

THE HOSPITAL FOR SICK CHILDREN
Genetics & Genome Biology Program

UNIVERSITY OF

5 TORONTO

1: Department of Computer Science, University of Toronto, 2: Genetics and Genome Biology, Hospital for Sick Children, 3: Division of Urology, Hospital for Sick Children, 4: Department of Surgery, University of Toronto

Motivation Objective
 Deep learning has assisted with diagnosis and treatment planning for patients with HN by
* Hydronephrosis (HN) is the swelling of a kidney due to urine build-up and a analyzing imaging data and identifying patterns that may not be visible to the human eye
likely blockage of the urinary tract » However, the use of deep learning for this task is limited by small sample sizes and a lack of
* It occursin 5% of infants and requires surgical intervention in 20-30% of cases model interpretability
* Itis difficult to determine which infants would benefit from surgery early on, * |n this study, we propose a combination of self-supervised learning (SSL) and vision transformers
making the accurate prediction of HN a clinical need (ViT) to detect obstructive HN using a single sagittal ultrasound image of the kidney
Data Results
* 2544 sagittal ultrasound images of Model performance comparing random model weight initialization to

kidneys (1253 right/1289 left) from 444
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Methods
* The best results were achieved with ViT using MoCo pre-training (0.87 test AUROC)

1SS Momentum Contrast (MOCO) * The ResNetSQ model with MoCo pre-training shovygd slightly worse rgsglts with O.85§ AUROC
* MoCo pre-training outperforms ImageNet pre-training and no pre-training for both ViT and ResNet50
* Using the ViT model with different weight initializations beats using ResNet50
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2. Vision Transformers (ViT) -
* The results of these experiments showed that AUROC
Vision Transformer Vil o 0.80 decreased only slightly from 0.871 for 100% of labeled
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Architectures: CNN (ResNet50), ViT
Pre-training: no pre-training, ImageNet,
MoCo

Amount of labeled training data:

10%/20%/30%/50%/100%

* The comparison of Grad-CAMs for ResNet50 vs. attention maps for ViT

- ’ Comparison of GradCAM vs. attention mask in sagittal
kidney ultrasound of four patients
showed that GradCAMs tend to highlight areas all over the image,
while attention maps focus on specific regions and areas of clinical

interest, the renal pelvis, and hydronephrosis in particular
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