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Supplementary Methods S1: Main dataset characteristics

The main dataset was assembled by combining short-axis CMR examinations from clinical scans

collected between 2019 and 2020 and research scans from 2004-2020.

The included scans were intended to contain a wide range of pathologies, vendors, and image sizes,
to enable the development of a pipeline that is robust towards these attributes. Only 5 % of the total
number of scans in the main dataset were known to be from healthy subjects. For the subjects that
were from clinical practice, no statistics on underlying pathologies could be made, due to full
anonymization being required before inclusion to the study. As a surrogate, we assessed the
distribution of RVEDV in the training set (Supplementary Fig. S1). This analysis showed that there

were examinations both within and outside the normal ranges for men and women [1].

Many previous cardiac segmentation methods have used data from a subset of the UK Biobank [2]
[3] or the ACDC challenge [4-6] for development and evaluation. Both the UK Biobank and the ACDC

dataset contain single site and single vendor data. Our data were included over a 16-year period



using three different vendors. Our dataset (1693 scans from 1434 subjects) is larger than the ACDC
dataset (150 subjects [7]), but smaller than the UK Biobank dataset (over 5000 subjects [1]). The
ACDC dataset contains five sub-groups of subjects, of which four are pathological [7]. The observed
wide range of RV volumes, and the fact that 81 percent of the examinations in the main dataset
came from the primary cardiac MR facility at a university hospital, indicates that the main dataset

may contain a wider range of pathologies than the ACDC dataset.

The median size of a 3D timeframe in the training set was 200 x 195 x 17 (after re-sampling to the
median pixel spacing of the training set). The size of the first dimension ranged from 102 to 463
pixels, the size of the second dimension ranged from 94 to 468 pixels and the size of the third
dimension ranged from 10 to 30 slices. This indicates that a variety of used scanners, protocols, or
pre-processing techniques (including manual cropping) had been used. All scans were acquired using
bSSFP. In the main dataset, the temporal resolution ranged between 0.0106 and 0.0916 seconds,

and the spatial resolution ranged between 0.5013 and 3.5156 millimeters.
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Supplementary Figure S1: Histogram showing the distribution of right ventricular end-diastolic

volume (RVEDV) in the training set.



Supplementary Methods S2: Network architecture details

All networks were developed using the Deep Learning Toolbox in MATLAB R2019a and R2021a
(Natick, Massachusetts: The MathWorks Inc.; 2019 and 2021). A checklist [8] was used to ensure

sufficient information was presented.

Details on the slice selection network

The used architecture for the slice selection network was the classification architecture (Darknet-19)
presented by Redmon and Farhadi (2016) [9]. This architecture consists of 19 convolutional layers
(with varying amounts of 3 x 3 kernels) and five max-pooling layers [9]. The last convolutional layer
of this architecture was modified to carry two convolutional kernels instead of 1000 (as in the
original architecture), making it eligible for binary classification. The output was given by a softmax
activation function. This exact modification had previously been implemented for the LV

segmentation pipeline in Berggren et al. (2020) [10].

Details on the RV center point detection network

The center point detection network was based on the exact same network architecture as the slice
selection network (i.e. Darknet-19) [9]. The only difference from the slice selection network was the

use of a ReLU function as the output activation function.

Details on the segmentation network

The segmentation network architecture was a 2D U-Net [11]. The implementation of this
architecture was generated by using the MATLAB R2019a function unetLayers with the input
parameters 'imageSize' = 256, 'EndoderDepth' = 4 and 'numClasses' = 2. The input image size 256 x
256 was chosen to be able to contain the maximum dimensions of the RV found in the training set
with robustness towards possible inaccuracies in the RV center point detection. The output layer
was replaced by a layer generated by the MATLAB function dicePixelClassificationLayer.
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Supplementary Methods S3: CNN training details

Statistical metrics for evaluating individual CNNs

Different metrics were used for the individual performance evaluations of the different CNN models.
For the slice selection network, the classification accuracy was used. For the center point detection
network, the mean squared error (MSE) of the regression output was used. The segmentation

network was evaluated using the Dice score (Sgrensen-Dice coefficient [12]).

General training details

All training procedures were performed on either a single NVIDIA TITAN RTX GPU or a single NVIDIA
GeForce RTX 3090 GPU. During the grid search five-fold cross validation (5-FCV) for hyperparameter
optimization, the best combination of learning rate, batch size, and L2-regularization was sought. For
all hyperparameters not mentioned in the following sections, the preset values in the Deep Learning
Toolbox in MATLAB R2019a were used. For the 5-FCV, the used stopping criteria was a limited
number of epochs (ten). To monitor the training processes during the 5-FCV, the model performance
was evaluated on the test fold for each epoch during training. No overfitting was observed. During
model selection, several types of image augmentation were tested, including rotation, translation,
and Gaussian noise. However, this yielded no apparent effect on the performance of any of the

networks during the 5-FCV. Therefore, no augmentation was applied.

During the final training (after model selection), each network was trained for 100 epochs. In this

case, a small validation set (5 % of the training set) was used to monitor overfitting.

Training the slice selection network

The slice selection network was trained using all slices from each 3D timeframe of the training set.
This implementation took images of 256 x 256 pixels as its input. Thus, images were reshaped using

bilinear interpolation before insertion (for both training and inference). The ground truth training
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labels for binary classification were automatically generated by labeling each slice that had an
existing reference delineation as 1, and the remaining slices as 0. The weights of the trainable filters
of the network were initialized using Glorot initialization [13]. The network was trained using a
Stochastic Gradient Descent with Momentum optimizer and a cross-entropy loss function. The used
hyperparameters (found through grid search 5-FCV) were a learning rate of 0.001, a batch size of 30

and an L2 regularization factor of 0.01.

Training the center point detection network

The center point detection network was trained using all slices in the training set that had an existing
reference delineation. The training data for this network was generated by pairing each such 2D slice
with a ground truth center point that was calculated as the most central pixel of the foreground RV
object in the reference delineation mask. The trainable kernel parameters of this network were
initialized using Glorot initialization [13]. This network was trained using an Adam optimizer [14] and
a mean squared error loss function. The hyperparameters (found during grid search 5-FCV) were a

learning rate of 0.0001, a batch size of 10 and an L2 regularization factor of 0.0001.

Training the segmentation network

This segmentation network was also trained exclusively on slices with existing reference
delineations. For the training, an Adam optimizer [14] and a generalized Dice loss function (suitable
for handling class imbalances between background and foreground pixels [15]) were used. Learnable

parameters were initialized using Glorot initialization [13].

The used hyperparameters (found through Grid search 5-FCV) was a learning rate of 0.0001, a batch

size of 20 and an L2 regularization factor of 0.0001.



Supplementary Results S4: Pipeline performance evaluation on the test set

Separate performance evaluations of each of the final three models were carried out on the
unrefined test set. The slice selection network obtained an accuracy of 0.93 (when tested on the 242
patients from the unrefined test set that had no slices with missing delineations). The RV center
point detection network obtained a mean (across slices) MSE of 25.35. The segmentation network

obtained a mean (across slices) Dice score of 0.90.

Performance evaluations of the full pipeline were carried out on the refined test set (TS). The
quality-controlled TS delineations had a mean EDV of 193.5 + 65.2 ml and ESV of 101.8 £ 53.9 ml.
The bias between volumes from automated and reference delineations (and their percentages of the
mean reference volumes) was -8.8 £ 21.7 ml (-5 + 11 %) for EDV and -8.2 + 16.1 ml (-8 + 16 %) for
ESV. Bland-Altman and correlation plots are provided in Supplementary Figure S2. The pipeline
obtained a mean Dice score (across timeframes) of 0.87 on the TS, with mean Dice scores of 0.89 for
ED and 0.87 for ES. The difference between these results and the results on the CVS may be due to

the varying quality and origin of the reference delineations in the TS.
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Supplementary Figure S2: Bland-Altman and correlation plots between the pipeline’s automated (A)
and the reference (R) RVEDV (left column) and RVESV (right column) on the refined test set (TS). The
Bland-Altman plots contain bias (full lines) and limits of agreement (+ 1.96 SD, dashed lines). The
correlation plots contain identity lines (black, dashed lines), least squares lines (grey, full lines),

Spearman’s rank correlation coefficients (r) and corresponding p-values.
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Supplementary Figure S3: Bland-Altman and correlation plots between the pipeline’s automated (A)
and the ACDC reference RVEDV (left column) and RVESV (right column) on the ACDC test set [7]. The
Bland-Altman plots contain bias (full lines) and limits of agreement (+ 1.96 SD, dashed lines). The
correlation plots contain identity lines (black, dashed lines), least squares lines (grey, full lines),

Spearman’s rank correlation coefficients (r) and corresponding p-values.
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Supplementary Figure S4: Bland-Altman and correlation plots between scan and rescan RVEDV (left
column) and RVESV (right column) on the 10 scan-rescan subjects. The Bland-Altman plots contain
bias (full lines) and limits of agreement (+ 1.96 SD, dashed lines). The correlation plots contain

identity lines (black, dashed lines) and least squares lines (grey, full lines).

Correptions of automated ED delineations Corrections of automated ES delinegtions
350 f ‘ :g ] 350F ' ]
30f o0— o ——— © 300

]
[42]
o
N
w
o

-
4]
o

ED volume (ml)
[~}
o
(=]
x%
ES volume (ml)
[~}
o
o

-
[+
o

2
K
3

50 F

w
o

01 correction Automated 02 correction 01 correction Automated 02 correction




Supplementary Figure S5: The volumetric changes yielded by manual corrections of automated
delineations by Observer 1 (01) and Observer 2 (02). The black markers are the volumes from the
automated delineations, while the blue markers are the volumes from O1’s corrections and the red
markers are the volumes from 02’s corrections. The black lines connect volumes from the same
subject. As expected for minor corrections, corrected volumes changed only slightly compared to the

automated volumes. In most cases, the volumes were similar between observers after correction.

Supplementary Methods S5: Examples of subjective delineation quality ratings

Examples of delineations in end diastole and end systole for the three possible subjective
delineation quality ratings performed by Observer 1 can be seen in Supplementary Videos S6-58
online. Supplementary Video S6 shows an example of rating A, for which the automated delineation
was of sufficient quality for clinical use. Only the automated delineation generated by the pipeline is
shown (magenta). Supplementary Video S7 shows an example of rating B, for which the automated
delineation needed minor corrections. This shows the automated delineation generated by the
pipeline (magenta, dotted) as well as corrections of this delineation by Observer 1 (red, full) and
Observer 2 (green, dashed). Supplementary Video S8 shows an example of rating C, for which the
automated delineation needed major corrections. This shows the automated delineation generated
by the pipeline (magenta, dotted), as well as a delineation noted “Observer” (cyan, dotted), referring

to a quality-controlled delineation from the main dataset performed by an unknown observer.

Supplementary Legends for Supplementary Videos S6, S7 and S8

Supplementary Video S6: An example of rating A, for which the automated delineation was of
sufficient quality for clinical use. This shows the automated delineation generated by the pipeline

(magenta) in end diastole (ED, left) and end systole (ES, right).
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Supplementary Video S7: An example of rating B, for which the automated delineation needed
minor corrections. This shows the automated delineation generated by the pipeline (magenta,
dotted) as well as corrections of this delineation by Observer 1 (red, full) and Observer 2 (green,

dashed) in end diastole (ED, left) and end systole (ES, right).

Supplementary Video S8: An example of rating C, for which the automated delineation needed
major corrections. This shows the automated delineation generated by the pipeline (magenta,
dotted), as well as a delineation denoted “Observer” (cyan, dotted), referring to a quality-controlled
delineation from the main dataset performed by an unknown observer, in end diastole (ED, left) and

end systole (ES, right).
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