End-to-end Automated Cardiac Shape
Modeling Pipeline

Towards Fully Automated Cardiac
Statistical Shape Modeling: A Deep-
Learning Based MRI View and Phase

Selection Tool Cardiac MRI

Presenter: Brendan T. Crabbl

. '
Authors: Brendan T. Crabb?, Sachin Govil!, Alistair Young?, M R I VI eW an d h aS e
Sanjeet Hegdel, James Perry?, Jeff Omens?, Albert Hsiao?, Automated View Selection
selection for cardiac '

Andrew D. McCulloch?
1. University of California, San Diego, USA
2.  King's College London, England

INTRODUCTION

2CH, 3CH,

OTHER

. . . . . 4CH, SA

« The manual input and time required to create models has S t at I S t I C aI S h a e

limited the clinical translation of statistical atlases of cardiac

shape and function.
« Manual cardiac view and phase identification are required, .

preventing end-to-end automation and processing times | |

consistent with a clinical workflow. Long-axis Short-axis
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OBJECTIVE

 To developed a fully-automated method for cardiac view and
end-systolic (ES) phase selection.

METHODS

« A multi-institutional dataset of labeled MR images from 1,610
series of 61 patients with tetralogy of Fallot was
retrospectively collected and randomly split at the patient level
Into training, validation, and test sets.

 The convolutional neural networks (CNN) Xception, VGG-19,
and ResNet50 were trained to identify the MRI views
employed in cardiac modeling from T1 MR images.

 The three CNNs above were also combined with a long short-
term memory network (LSTM) and trained to identify the ES
phase from 876 series of four-chamber and short-axis images,
using manual phase annotations from two graduate-level
students as the reference standard.

RESULTS

View Classification: The network ResNet50 achieved the best
performance for MRI view classification with a weighted average
ROC AUC of 0.996 and an F1-score of 0.98 on the test dataset.

Slice and
ED/ES Selection

automated using deep
neural networks.

:

Segmentation and
Localization

RV Insertion Points

Segmentation and
Localization Q
Valve Insertion Points

|
}

e

MRI View Classification Confusion Matrix Guide Point Extraction
-1.0
2CHLT 118
2CHR 08 X |
CRRT > Python Cardiac
§ ACH © > Imaging Modeling
5 3 (CIM) Software
= LvoT 14 0 <
2 A
AVOT o5 IENY c_u"é Different Template Assessment
© |
oA I ]
— Poor High

}

Mechanical and
Quantitative Analysis

ACKNOWLEDGMENTS
frame difference (aaFD) of 1.36 = 1.12 frames. This score IS .
comparable to the inter-observer variation between the two Sa [ I Dle O Supported in part by NIH grant RO1 HL121754, AHA grant
manual annotators in this study (aaFD 1.39 + 1.35; p value = AWS 4.0 DGP, a Saving Tiny Hearts Society grant, and a

0.89). Sarnoff Cardiovascular Research Fellowship.

Predicted Class

Figure 1: MRI View Classification Confusion Matrix for the best performing
model, ResNet50, showing strong agreement between the predicted and
actual MRI view.

Phase Selection: For ES phase selection, the ResNet50-LSTM
network had the best performance with an average absolute




