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Background: Cardiac function quantification in cardiovascular magnetic
resonance requires precise contouring of the heart chambers. This time-
consuming task is increasingly being addressed by a plethora of ever more
complex deep learning methods. However, only a small fraction of these have
made their way from academia into clinical practice. In the quality assessment
and control of medical artificial intelligence, the opaque reasoning and
associated distinctive errors of neural networks meet an extraordinarily low
tolerance for failure.

Aim: The aim of this study is a multilevel analysis and comparison of the
performance of three popular convolutional neural network (CNN) models for
cardiac function quantification.

Methods: U-Net, FCN, and MultiResUNet were trained for the segmentation of the
left and right ventricles on short-axis cine images of 119 patients from clinical
routine. The training pipeline and hyperparameters were kept constant to isolate
the influence of network architecture. CNN performance was evaluated against
expert segmentations for 29 test cases on contour level and in terms of
quantitative clinical parameters. Multilevel analysis included breakdown of results
by slice position, as well as visualization of segmentation deviations and linkage
of volume differences to segmentation metrics via correlation plots for
qualitative analysis.

Results: All models showed strong correlation to the expert with respect to
quantitative clinical parameters (r,,=0.978, 0.977, 0.978 for U-Net, FCN,
MultiResUNet respectively). The MultiResUNet significantly underestimated
ventricular volumes and left ventricular myocardial mass. Segmentation
difficulties and failures clustered in basal and apical slices for all CNNs, with the
largest volume differences in the basal slices (mean absolute error per slice:
42+45ml for basal, 0.9+13ml for midventricular, 0.9+ 0.9 ml for apical
slices). Results for the right ventricle had higher variance and more outliers
compared to the left ventricle. Intraclass correlation for clinical parameters was
excellent (>0.91) among the CNNs.
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Conclusion: Modifications to CNN architecture were not critical to the quality of error for
our dataset. Despite good overall agreement with the expert, errors accumulated in basal
and apical slices for all models.

KEYWORDS

cardiovascular magnetic resonance, MRI, artificial intelligence, deep learning, cardiac image
segmentation, cardiac function quantification, quality control

1. Introduction

Cardiovascular magnetic resonance (CMR) is considered the
gold standard for an accurate and reproducible assessment of
cardiac anatomy and function (1, 2). Furthermore, CMR is unique
in noninvasive imaging for its capabilities to characterize
myocardial tissue (3) and is increasingly being included in clinical
guidelines (4-6). Quantitative clinical parameters for ventricular
function such as end-diastolic and end-systolic volumes, ejection
fraction and left ventricular myocardial mass are predictive of
patient outcome and relevant for treatment (6). Their calculation
depends on exact contouring of ventricular blood volumes and
myocardium. Manual segmentation is time-consuming and
typically takes trained physicians up to 20 min per subject (7).
(CNN)

semantic

In recent years convolutional neural networks

demonstrated promising results for automating
segmentation tasks in the medical domain (8, 9). Next to a
substantial time advantage, the reproducibility of automatic image
analysis eliminates the interobserver error between different
readers and the intraobserver variability for the same reader at
different times. Deep learning-based methods are easy to deploy to
medical image segmentation tasks as they do not require
geometric a-priori-knowledge or extensive feature engineering.

Automated deep learning approaches match or exceed the
performance of established conventional algorithms, typically
measured by total segmentation overlap and mean differences in
clinical parameters. Despite published overall results in the range
of interobserver errors for cardiac function quantification (7, 10, 11),
however, CNNs continue to make errors that compromise their
acceptance for clinical application (10, 12) as generalizability and
reliability remain challenging (13). Errors are not necessarily reflected
in the overall results of the method, but they violate anatomical
principles and are incomprehensible to human experts. Variations to
the U-Net architecture [e.g., residual connections (14) or inception
modules (15)] intend to improve robustness and accuracy. Yet, it
remains questionable to what extent these modifications offer a
substantial benefit to the segmentation accuracy given the increasing
complexity and computational power requirements.

The aim of this work is to provide a detailed analysis and
comparison of three different CNN architectures for the
quantification of ventricular function in short-axis cine images.

2. Material and methods

Ethical approval for this retrospective study was obtained from
the ethics committee of Charité — Universititsmedizin Berlin
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(approval number EA1/367/20). Part of this work has been
presented at the scientific sessions of the 2022 Joint Annual
Meeting ISMRM-ESMRMB & ISMRT 31st Annual Meeting (16).

2.1. Data

The dataset consists of routine clinical magnetic resonance
studies of 148 patients randomly split into 119 training cases
(1,955 images) and 29 test cases (479 images). Full specification
on the dataset is published by Groschel et al. (17). Seven patients
were excluded due to technical limitations. Indications for CMR
include coronary artery disease, cardiomyopathies, myocarditis,
valvular heart disease, and cardiac mass. As a result, cardiac
function in the study population spans the full clinical range of
left ventricular ejection fraction from 12% to 78%. Short-axis
cine images were acquired on a 1.5 Tesla scanner (MAGNETOM
Avanto Fit, Siemens Healthineers, Erlangen, Germany) using a
prototype 2-shot 2D cine Compressed Sensing balanced steady-
state free precession sequence. Each short-axis stack contains a
series of images sliced from the apex to the atrioventricular
junction (7 mm slice thickness, no gap) over 25 phases in the
cardiac cycle. The 2-shot sequence acquires one slice in two
cardiac cycles (plus one additional cardiac cycle for preparation)
per breath hold, providing an acceleration factor of 5.6.

A trained physician manually segmented the left ventricular
(LV) endocardial and epicardial borders as well as the right
ventricular (RV) endocardial border in end-diastole and end-
systole using dedicated software (cvi42 version 5.6.2, Circle
Cardiovascular Imaging, Calgary, Canada) according to the post-
processing consensus statement by the Society for Cardiovascular
Magnetic Resonance (1). The endocardial contour encloses the
ventricular blood pool for the calculation of volumes and,
together with the epicardial contour, delimits the myocardium.
Papillary muscles and trabeculae were included in blood pool
volumes, and not added to the myocardial mass.

2.2. CNN models

Three different published CNN architectures were compared:
U-Net (18), a variant of Fully Convolutional Network (FCN)
(19) as described by Xie and Tu (20), and MultiResUNet (21).
U-Net has established itself as the reference model for deep
learning in medical image segmentation and is heading the
leaderboards of recent challenges (10, 22). The FCN architecture
was selected due to its popularity (8) and use in major
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publications in the field (7). MultiResUNet is a more recent CNN
variation and was chosen because it promises more stable results
on challenging images (21, 23), which has proven to be a major
problem with other architectures (10, 13). In the convolutional
layers of CNNs the input of each neuron is computed as the dot
product with a small learned convolutional matrix. The input
image is gradually encoded into a low-resolution, feature-rich
latent space, which must then be up-sampled to original
resolution to eventually perform a pixel-wise classification (24).
The U-Net is a special type of FCN that uses a symmetrical
encoder and decoder structure (Figure 1B). Furthermore, spatial
information from the down-sampling pathway is propagated to
the through skip
connections. on the other hand, has only one

up-sampling  part concatenation  via
The FCN,

decoding layer, so that predictions from the different encoding

10.3389/fcvm.2023.1118499

layers are fused and up-sampled to the original resolution in one
step (Figure 1C). The MultiResUNet is based on the U-Net but
uses more complex convolutional layers with the intention of
making segmentation results more robust to outliers. It embraces
the idea of inception modules and residual learning. Each
convolutional layer in the MultiResUNet consists of three
successive convolutional operations (having the same effect as
different kernel sizes) that are concatenated and to which a
residual connection is added (Figure 1D MultiRes Block). The
modified skip connections involve a variable sequence of
convolutional steps, each with a residual connection (Figure 1D
Res Path).

Our implementations of the three network architectures
share a comparable number of trainable parameters and
similar hyperparameters.

Input to the networks was a

Legend: RelU, rectifier linear unit; d, layer depth; N;i_
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FIGURE 1

Convolutional neural network architectures. (A) Network input and output example with corresponding shape. Shared legend for operational blocks. (B)
U-Net with symmetrical encoder and decoder architecture. (C) FCN with one-step decoding by 16-channel up-convolution and concatenation from
each layer. (D) In MultiResUNet, a single MultiRes Block replaces the two convolutional operations in each layer of U-Net, and a Res Path replaces
each skip connection. The number of feature channels varies with the depth of the layer in the CNN and is given in the two tables on the right
s, Number of feature channels according to table.
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normalized image with shape 256 x 256 x 1; the output was a
segmentation map with shape 256 x256x3 for LV blood
pool, RV blood pool and left ventricular myocardium
respectively (Figure 1A). We aimed for a minimum feature
map size of 4x 4 in the deepest layer of the encoding path
to ensure good context aggregation, as suggested by Isensee
et al. (25). The number of filter kernels was doubled for
each convolutional block during encoding, however limited
to a maximum of 512 to counteract the exponential growth
in the number of parameters. Convolutional layers used
leaky rectifier linear unit activation functions followed by
batch normalizations except for the output layer, which
used a sigmoidal activation function. Dropout with a rate
of 0.1 was added to each convolutional block for the U-Net
and FCN.

2.3. Training pipeline

Neural network performance is significantly affected by data
pre-processing and training pipeline design. We used the exact
same framework for all networks to make the architectures
comparable, starting with a conversion of manual contour points
to Shapely (26) polygon objects and mapping them to the
respective images. Images and contours were resized by a factor
of 1.5 before applying extensive random data augmentation using
the imgaug (27) library including affine transformation, zooming,
average pooling, Gaussian noise and blurring as well as contrast
and brightness alterations. Image augmentation parameters were
defined based on published configurations (25) and adjusted to
produce profound but not extreme alterations so that cardiac
structures were not truncated and remained visually delineable.
Only after image augmentation, the ground truth contours were
rasterized to segmentation maps to preserve subpixel information
that would have otherwise been lost in the floating-point
operations during preprocessing. In clinical practice interpolated
images are commonly used for segmentation tasks to draw
contours with subpixel resolution resulting in non-integer
contour definitions.

The segmentation networks and deep learning were
implemented in Python 3.8.10 with TensorFlow 2.8.0 (28).
The CNNs were trained with a batch size of eight images
for a maximum of 700 epochs depending upon an early
stopping mechanism safeguarding an
see 2.3)
Training time per epoch (1,960 images) was 95s for U-Net,
97s for FCN and 161s for MultiResUNet on a workstation
with NVIDIA Tesla P100 16GB and Quadro P4000 GPU,
24-core 3.40 GHz Intel Xeon CPU and 512 GB of RAM.
Adam algorithm was used to optimize a combined binary

increasing Dice

similarity coefficient (Dice, within 50 epochs.

cross-entropy and Dice loss function with polynomial

decaying learning rates starting at 0.01.

t 0.9
—0.01 (1 - —)
m * 700
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Postprocessing was limited to extracting the largest polygon
for each segmentation mask, vectorization to contours and
back-transformation to original resolution.

2.4. Metrics

The evaluation of segmentation quality was based on
quantitative clinical parameters and geometric segmentation
metrics as well as visual inspection for qualitative analysis.
Clinical parameters include end-diastolic and end-systolic
volumes for the left ventricle (LVEDV, LVESV) and right
ventricle (RVEDV, RVESV), the left and right ventricular
ejection fraction (LVEF, RVEF),
myocardium (LVM). For better comparability with other work

and the left ventricular

and in accordance with clinical practice all values for LVM are
given for the end-diastole.

For segmentation metrics, the Dice similarity coefficient and
the Hausdorff distance (Hd) were used to calculate the
percentage overlap and the maximal regional distance
respectively, the combination of which allows for the evaluation
of geometrical differences between two individual segmentations

A and B.

|AN B

Dice (A,B) = 2% —————
|A] + |B|

Hd (A, B) = max (sup ing d(a, b), sup 1n£ d(a, b))

a€A beB €

Average Dice values are significantly influenced by slices not
segmented in A and B resulting in a perfect value of 100%, but
also by slices segmented by only one of the methods resulting in a
value of zero percent. Therefore, two Dice metric averages were
computed, one for all slices and thus considering segmentation
decisions (whether a segmentation is given for the respective
structure in each image) and the other only for images segmented
by both, the expert and neural network. Especially the zero values
distort Dice distribution and complicate the interpretation, which
is why no standard deviation is given for the average Dice metric
for all slices. CNN training required the calculation of a pixel-
based Dice metric in the loss function, while exact Dice scores
based on contours are reported in the analysis.

Binary metrics were used to gauge segmentation decision
accuracy compared to the expert. In this context, precision (in
medical science better known as the positive predictive value)
describes the proportion of correctly considered slices among all
slices segmented by a CNN for a corresponding structure. Recall,
on the other hand, measures the percentage of correctly
considered slices of all slices that should have been segmented
and is commonly referred to in medicine as the sensitivity.

t t,
P__. Recall=—2%

Precision =
o+ fp to +fn

tp: true positive, f;: false positive, f,: false negative.
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2.5. Analysis

Network predictions for the 29 test cases were evaluated against
the expert segmentations using the recently published dedicated
software Lazy Luna (29). Analyses were performed on image
(segmentation metrics) and patient (clinical parameters) levels
for all
Quantitative clinical parameters were automatically calculated

using contours and not pixel-masks calculations.
and linked to segmentation metrics via Lazy Luna, which allowed
for a back-tracing of quantitative errors to segmentation
differences illuminating their volumetric relevance.

Visualizations of segmentation errors facilitated manual
qualitative analysis. Here, interactive correlation plots of Dice on
one axis and volume difference in milliliters on the other
provided an overview of the dataset and easy navigation for
qualitative inspection. This, together with data tables and Bland-
Altman plots in Lazy Luna, allowed difficult cases and outliers to
be identified and the respective segmentation deviations to be
visualized on the CMR images by clicking on the data points.
The scatterplots were designed in such a way that segmentation
decision errors and non-overlapping segmentations accumulate at
the base with a Dice of zero. Slices that were neither segmented
by the network nor the expert as well as perfectly matching
segmentations, both have a Dice of 100 and no volume
difference. These correspond to the top center data points.

To evaluate the origin of quantitative errors, each image stack
was subdivided by slice position in the heart (Figure 2). The most
basal slice segmented by the expert and all slices incorrectly

10.3389/fcvm.2023.1118499

segmented by the respective CNN above it were defined as basal.
Accordingly, the most apical slice segmented by the expert and
all slices incorrectly segmented by the respective CNN below it
were defined as apical. All other slices in between were
designated midventricular. This allowed for a focused assessment
of the typically difficult slices containing heart valves or apical
trabeculation.

2.6. Statistics

Statistical analysis included the calculation of mean differences
+standard deviation for the quantitative clinical parameters and
2-sided paired t-tests to check for significant (significance level o =
0.05) deviations from the expert. The distribution of the errors
for clinical parameters and the distribution of both Dice metrics
were visualized using boxplots. Additionally, Pearson correlation
coefficients were calculated for clinical parameters, and transformed
to normalized values using Fisher’s z’ to form overall correlation
values. Dice and Hd as well as their means and standard deviations
and precision and recall including their means were calculated for
all CNNs compared to the expert segmentations. Segmentation
metrics were additionally performed separately for basal,
midventricular, and apical slices. Intraclass-correlation estimates
among the three tested networks were calculated using R 4.2.2
based on a single-rating, consistency-agreement, 2-way mixed-
effects model.

Short-Axis View

Basal

FIGURE 2
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Method overview. Cardiovascular magnetic resonance cine images in the short axis were annotated by an experienced physician and three convolutional
neural networks to quantify left and right ventricular function. The obtained segmentations and the clinical parameters calculated from them were
compared for each neural network against the expert. In addition, analysis was performed separately by position in the heart. Legend: LV, left
ventricle; RV, right ventricle; red, left ventricular cavity; green, left ventricular myocardium; blue, right ventricular cavity.
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Lazy Luna was used for data preparation and calculation of
segmentation metrics and clinical parameters. Statistical analysis
and graphic creation were carried out in R 4.2.2 (using library
psych 2.2.9), Python 3.8.10 (using packages SciPy 1.7.0,
Matplotlib 3.4.3 and Seaborn 0.11.2) as well as Microsoft Excel
for Mac 16.54.

3. Results

Mean combined processing and prediction time per test case
(full image stack of 325-525 images) was 5.0s for U-Net, 4.6s for
FCN and 7.3s for MultiResUNet.

3.1. Quantitative clinical results and
segmentation accuracy

All three networks showed strong correlations for left and right
ventricular quantitative clinical parameters, as presented in Table 1
(average Pearson correlation via Fisher-z-transformation r,” =
0.978, 0.977, 0.978 for U-Net, FCN, MultiResUNet respectively).
The MultiResUNet significantly underestimated all volumes
(LVEDV: p<0.001; LVESV: p<0.001; RVEDV: p<0.001;
RVESV: p=0.001) and LVM (p=0.02) and overestimated the
LVEF (p<0.001). The U-Net significantly overestimated LVEF
(p=0.05) and RVESV (p=0.03). The distribution of the errors
and the Dice values for the 29 test cases is illustrated in Figure 3
by candlelight boxplots. Dice values were consistently high (LV:
91.7%, 91.1%, 91.0%; LVM: 83.5%, 82.5%, 81.4%; RV: 85.1%,
85.8%, 84.9% for U-Net, FCN, and MultiResUNet respectively)
and Hausdorff distances averaged within 1-2 voxels for LV and

10.3389/fcvm.2023.1118499

three voxels for RV, indicating good agreement between the
segmentations of all three CNNs and the expert. The networks
performed better for the left than for the right ventricle across all
results in Table 1. Dice values were higher in end-diastole than
in end-systole. Among all three CNNs, the right ventricle showed
greater variance in the Dice metric for slices segmented by both
methods (RVEDV: o=15.8% vs. LVEDV: o=8.6%; RVESV: o=
19.7% vs. LVESV: 6=9.2%) and in volume differences (RVEDV:
0=133ml vs. LVEDV: 6=98ml; RVESV: =123 ml vs.
LVESV: 0=6.6 ml), as also demonstrated in Figure 4. Intraclass
correlation (Table 2) was consistently excellent (>0.91) for
clinical parameters among U-Net, FCN and MultiResUNet.
When estimated for all three CNNs and the expert, the intraclass
correlation was good (0.85 for RVEF) to excellent (>0.97 for all
other parameters).

3.2. Multilevel analysis of error

The average Dice similarity coefficients for slices segmented by
both CNN and expert were consistently higher than the ones for all
slices (Figure 3). In Table 3, metrics for segmentation decision and
quality according to slice position in the heart are examined and
compared to the average absolute volume difference per slice.
Here, the CNNs performed similarly, revealing difficulties in
basal and apical slices. The overall results by slice position are
summarized in Table 4 for all networks and across all contour
entities. Dice values were low in basal (51.7%) and apical (43.9%)
slices and segmentation decision errors were more frequent
(mean precision: 80.6%, 99.7%, 72.4%; mean recall: 80.6%,
100.0%, 86.9% for basal, midventricular, apical respectively). The
basal slices of the right ventricle showed exceptionally poor

TABLE 1 Evaluation of CNNs on clinical parameters, segmentation metrics and segmentation decision metrics. Best Results Underlaid in Blue.

Left Ventricle

U-Net FCN

MultiResUNet

Right Ventricle

U-Net FCN MultiResUNet

mean (+0) mean (+0)

mean (+0) mean (+0) mean (+0) mean (+0)

EF (CNN—expert) [%] 1.4+3.7* —0.1£4.1 3.7 £4.0% -1.6+£69 03+64 22+6.2
Correlation 0.969 0.961 0.966 0.751 0.803 0.808
EDV (CNN—expert) [ml] 3.6+95 1.9+10.2 —8.2+9.8% 43+134 09+133 —9.5+13.2*
Correlation 0.994 0.993 0.995 0.962 0.963 0.963

Dice (all slices) [%] 922 91.3 91.8 86.9 86.7 85.8

Dice (slices segmented by both) [%] 954+ 6.4 943+10.2 94187 889+15.3 87.5+16.8 87.4+154

Hd [mm] 19+1.1 22+18 2317 48+59 52+6.6 51+6.1
ESV (CNN—expert) [ml] —0.7+5.3 1.1+538 —10.6 +8.3* 51+12.4* 0.8+125 —82+12.1*

Correlation 0.998 0.997 0.996 0.957 0.955 0.950

Dice (all slices) [%] 91.1 90.9 90.2 83.2 85.0 84.1

Dice (slices segmented by both) [%] 91.5+9.1 91.3+9.1 90.2+9.5 82.6+18.9 82.1+20.4 82.5+19.9

Hd [mm] 25+17 25+13 2.8+2.0 6.0£6.8 59+6.3 6.0£7.1
LVM (CNN—expert, in ED) [g] 0.7+6.8 07+7.6 —32+69*

Correlation 0.988 0.985 0.990

Dice (all slices) [%] 83.5 82.5 81.4

Dice (slices segmented by both) [%] 85.8+9.9 84.0 +13.0 82.5+12.9

Hd [mm] 23+2.1 26+29 27+29

CNN, convolutional neural network; EF, ejection fraction; EDV, end-diastolic volume; ESV, end-systolic volume; LVM, left ventricular myocardial mass; Hd, Hausdorff

distance; ED, end-diastole.
*p <0.05.
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Candlelight plots of errors in clinical parameters and Dice values. Vertical boxplots show quantile one, median and quantile three of mean errors and Dice
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precision (68.4%), low Dice values (33.4%) and large average
Hausdorff distances (19.1 +13.7 mm). In more than 40% of
apical slices, the CNNs predicted LVM segmentations in which
the expert had not segmented the left ventricular myocardium
(average precision = 58.6%). The correlation plots in Figure 4 are
color-coded according to slice position and subdivided by
network and contour entity. Consistent with the results in
Table 3, there is little scatter in the midventricular slices, with
relevant volume differences in the basal slices. Apical slices
showed low Dice values, but at the same time had negligible
volume effects (mean absolute error per slice: 4.2+4.5 ml for
basal, 0.9+1.3ml for midventricular, 0.9+0.9 ml for apical
slices). In challenging test slices, repeated errors were made by all
networks (Figure 5). The network architecture did not affect the
type or quality of the segmentation errors, so it was not possible
to infer a CNN from specific errors during visual inspection.

4. Discussion

To summarize, our results show that none of the CNN
architectures provided a consistent advantage in segmentation
quality across different metrics. Segmentation proved more
difficult for the right ventricle than for the left; and was more
challenging for basal and apical slices than for midventricular
slices. When tested for mean differences in clinical parameters,
we found that both U-Net and FCN were within predefined
published tolerance limits (17, 30) based on intraobserver
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variability and thus did not show greater deviation from the
expert than is acceptable for human readers, whereas the
MultiResUNet showed intolerable mean differences for LVEDV,
LVESV, and RVESV (Figure 6).

4.1. Basal errors cause large volume
differences

All CNNs struggled with segmentation decision errors and
large volume differences in basal slices, which are sometimes
challenging also for experienced physicians. Reasons for this may
be, first, the difficulty of a perfect orthogonal slicing during
acquisition; second, the partial volume effect as each voxel may
contain different structures depending on its slice thickness; and
third, a difficult detection of the atrioventricular or semilunar
valves. Moreover, segmentation decision of the basal slice can be
a matter of definition: a common rule is that at least 50% of the
LV blood pool must be surrounded by myocardium (1), which
highlights the importance of coherent high-quality training data,
The
particularly poor results for the RV can be explained by the fact,

so that neural networks can learn such restrictions.

that it is divided basally by a myocardial invagination into inflow
and outflow tract, so that if the valves are not perfectly sliced in-
plane, only part of the visible lumen may belong to the ventricle.
Basal slices capture large ventricular blood volumes, so errors
here weigh heavily.
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FIGURE 4
Correlation plots of segmentation comparisons according to slice position. Rows identify the network compared to the expert. Columns identify the
considered contour type. Points represent contour comparisons characterized by volume difference and Dice value. Color implies the slice position

4.2. Segmentation difficulties are not always
reflected in clinical parameters

Apical slices showed the lowest Dice values. Reasons for this
could be, first, that contrast is frequently impaired due to
physiologic apical fat, so that the ventricles cannot always be
clearly localized in the short-axis view; and second, that the apex
often shows heavy trabeculation. However, the resulting volume
differences were no worse than in midventricular slices with
excellent segmentation agreement. The simplest explanation is
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that the heart is narrow at the apex and cardiac structures are
small. In addition, for some apical slices at comparable volume,
nonoverlapping or only marginally overlapping segmentations
were observed, resulting in poor segmentation metrics but small
volume differences. Here, segmentation failures also occurred in
terms of confusion of left and right ventricles or segmentation of
extracardiac structures. Performance on apical slices
comparable for all three models and particularly poor for the LVM.

Besides and specifically in the case of thin LV myocardium, all

CNNs predicted displaced segmentations for LVM with little

was
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TABLE 2 Intraclass correlation.

10.3389/fcvm.2023.1118499

TABLE 4 Overall segmentation accuracy by slice position.

CNNs CNNs + Expert Basal Midventricular Apical
ICC(3,1) [95% Cl] ICC(3,1) [95% Cl] mean (+0) mean (+0) mean (+0)
LVEF 0.98 [0.96-0.99] 0.97 [0.95-0.98] Precision [%] 80.6 99.7 724
LVEDV 1.00 [0.99-1.00] 1.00 [0.99-1.00] Recall [%] 80.6 100.0 86.9
LVESV 1.00 [0.99-1.00] 1.00 [0.99-1.00] Dice (all slices) [%)] 51.7 89.6 439
LVM 1.00 [0.99-1.00] 0.99 [0.98-1.00] Dice (segmented by | 757 +24.9 89.8+8.5 67.6+21.5
RVEF 0.91 [0.85-0.95] 0.85 [0.76-0.92] both) [%]
RVEDV 0.98 [0.97-0.99] 0.97 [0.95-0.99] Hd [mm] 9.6+9.5 29+2.6 41+29
RVESV 0.98 [0.96-0.99] 0.97 [0.94-0.98] Abs. vol. diff. (per 42+45 09+13 09+0.9
slice) [ml]

ICC(3,1), 2-way mixed-effects, single-rater intraclass correlation; Cl, confidence
interval; LVEF, left ventricular ejection fraction; LVEDV, left ventricular end-
diastolic volume; LVESV, left ventricular end-systolic volume; LVM, left ventricular
myocardial mass; RVEF, right ventricular ejection fraction; RVEDV, right
ventricular end-diastolic volume; RVESYV, right ventricular end-systolic volume.

overlap but small area deviation or anatomically implausible,
fragmented segmentations. Misinterpretation of large trabeculae
or papillary muscles caused mis-segmentation of the ventricular
lumen, especially in the thin-walled right ventricle but also in the
left ventricle, which in turn led to errors in segmentation of the
myocardium. While most of these errors do not have a large
they do affect the
trustworthiness of AI models, which is why Bernard et al. also
raised a “need for a new metric” (10).

impact on overall clinical results,

4.3. Network architecture may not be the
key to achieve the best results

With respect to quantitative clinical parameters, the
MultiResUNet showed greater bias compared to U-Net and FCN,

Hd, Hausdorff distance; abs. vol. diff., absolute volume difference.

which is surprising as publications introducing modifications to
CNN architectures usually report their superiority to the
unmodified network. However, these findings do not necessarily
generalize to other datasets or replicate with different machine
learning configurations and pipelines. This becomes evident in
the leaderboards of (bio)medical image segmentation challenges,
with a comprehensive survey by Litjens et al. noting that “many
researchers use the exact same architectures, [...] but have widely
varying results” (9). Therefore, this study aims to isolate the
influence of architectural variations, as opposed to segmentation
challenges (10, 22), where complete methodologies with widely
varying hyperparameter and training pipeline configurations
(including data pre- and postprocessing) were benchmarked.
Against the given background, our results suggest that the more
important determinants of network performance are in the
variables that were fixed for this comparison. They comprise
the dataset used, the configuration of most hyperparameters (e.g.,
the loss function, learning rate or batch size), and the training

TABLE 3 Comparison of convolutional neural networks by segmentation metrics subdivided by contour entity and slice position.

LV Endocardial Contour

RV Endocardial Contour

LV Myocardial Contour

U-Net FCN | MultiResUNet | U-Net FCN | MultiResUNet | U-Net FCN | MultiResUNet
mean = mean mean (+0) mean | mean mean (+0) mean | mean mean (+0)
(x0) (+0) (x0) (+0) (+0) (x0)
Basal | Precision [%] 86.2 94.8 84.5 86.2 89.7 79.3 74.1 65.5 65.5
Recall [%] 82.0 78.6 87.5 75.8 743 85.2 76.8 80.9 84.4
Dice (all slices) [%) 67.1 68.7 67.0 55.3 53.1 542 35.2 335 316
Dice (segmented by both) [%] | 92.6+ 912+ 88.9+17.3 81.8+ 77.7 % 77.7 £13.0 58.1+ 59.1 + 54.1+36.5
13.0 15.6 10.0 219 373 37.1
Hd [mm] 34+33 | 38+4.1 46+48 51+62 | 63+9.1 6.1+92 182+ 183+ 207 £132
134 145
Abs. vol. diff. (per slice) [ml] 37+52 | 3.7+55 45+55 28+3.0 | 27+3.1 3.0+3.0 57+50 | 57+48 5.8+43
Mid. | Precision [%] 99.8 99.8 100.0 99.7 100.0 99.7 100.0 99.8 98.8
Recall [%] 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Dice (all slices) [%] 94.5 943 93.4 86.9 86.0 84.0 90.1 89.3 87.8
Dice (segmented by both) [%] | 94.6+5.8 | 94.5+4.7 93.4+72 87.2+7.8 | 86.0+9.3 843+9.8 90.1+9.1 | 89.5+9.8 88.9+10.7
Hd [mm] 20411 | 22+1.0 24+13 20+1.0 | 21409 24+14 42+41 | 45+43 44+42
Abs. vol. diff. (per slice) [ml] | 0.5+0.4 | 0.5+0.5 0.8+0.7 06+05 | 0.6+0.5 0.7 +0.5 13420 | 14420 15422
Apical | Precision [%] 77.6 82.8 75.9 55.2 65.5 55.2 86.2 87.9 65.5
Recall [%] 91.8 85.7 91.7 94.1 90.5 94.1 67.6 82.3 84.4
Dice (all slices) [%] 58.8 54.8 57.1 34.0 356 282 418 44.6 39.8
Dice (segmented by both) [%] | 81.1+ 753 + 804+11.8 63.8 + 58.1+ 52.8£26.2 68.6 + 60.3 + 68.0 £22.8
135 22.6 18.4 21.7 214 293
Hd [mm] 24+13 | 28+20 23+12 38+22 | 49+33 52+34 52431 | 6.1+45 45+34
Abs. vol. diff. (per slice) [ml] | 0.5+0.4 | 05+0.5 0.5+0.5 1.0+£08 | 1.3+1.3 12410 10£1.0 | 1.0£09 11409

Hd, Hausdorff distance; abs. vol. diff., absolute volume difference; Mid., Midventricular.
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Equivalence testing for clinical parameters. The 95% confidence intervals of mean errors in quantitative clinical parameters are plotted against the
tolerance intervals (blue) as defined by Zange et al. (30) and Groschel et al. (17) based on intraobserver variability. Equivalence is assumed if the
respective Cl lies completely within the tolerance range. Legend: Cl, confidence interval; LVEDV, left ventricular end-diastolic volume; LVESV, left
ventricular end-systolic volume; LVEF, left ventricular ejection fraction; LVM, left ventricular myocardial mass; RVEDV, right ventricular end-diastolic
volume; RVESYV, right ventricular end-systolic volume; RVEF, right ventricular ejection fraction; red, outside tolerance range.
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pipeline including data pre- and post-processing. This assumption
is consistent with findings of Isensee et al. who concluded that
“details
performance than do architectural variations” (25); and it is also

in method configuration have more impact on
supported by Baumgartner et al. who found in their comparison
of techniques for CMR image segmentation that “the exact
architecture played a minor role in the accuracy of the system”
(31). The strong influence of data pre-processing and machine
learning configuration is further illustrated when looking at the
in the M&Ms

of a U-Net

disparate results achieved by participants
Challenge despite their
architecture as baseline (22).

near-universal use

4.4. Data inherent problems and possible
solutions

CNN results must be considered in light of human intra- and
interobserver variability including possibly inconsistent definitions
used in segmentation procedures concerning small trabeculae or
basal slices. The fact that most clinical parameters derived from
the three CNNs tested were within their tolerance intervals
(Figure 6) underscores that the main problem is not with mean
deviations but with anatomically implausible segmentation errors,
rare outliers, and large basal differences. In (32), slices were
automatically classified according to their position and processed
by CNNs, which
performance basally and apically. To increase the reliability (13)
of deep
implausible

region-specific  segmentation improved

learning-based models and prevent anatomically

segmentations, constraints to preserve cardiac
geometry could be implemented via a topological loss function
(33), shape prior (34) or by automatic correction during post-

processing (35). Suinesiaputra et al. (36) found that incorporating
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landmark and segmentation information from the short-axis and
2- and 4-chamber long-axis views into a combined shape atlas
increased robustness basally and apically. The inclusion of spatial
and temporal relationships through 3D- or 4D-CNNs using only
short-axis view is theoretically attractive, but has so far mostly
been inferior in direct comparison (10, 31).

Overall, the uncertainty of deep learning models depends
primarily on the data to which they are applied, making
generalizability difficult for data characteristics not seen during
training (11), which also raises issues for underrepresented
entities and complicates a comparison of results outside of
standardized settings. For training and test data, the aim
should be to achieve heterogeneity of disease entities, patients,
scanners, and centers (7, 11), while at the same time ensuring
a homogeneous and coherent ground truth annotation. The
dataset used in this study, although single-center and single-
vendor, comes directly from the clinic and reflects the range of
patient populations and clinical indications for CMR. Data
augmentation, normalization, as well as network parameter
adjustment can help make the best use of limited data to train
models, that still generalize well (37). At the same time, data-
centric AI may be a suitable approach in small-data settings.
However, dealing with outliers against a background of limited
training data and extremely low error tolerance in medical
diagnostics requires continuous quality control and supervision
of all steps in the method pipeline (38, 39).

4.5. Automated quantification will increase
efficiency and reproducibility

Automated function quantification took a fraction of the time
compared to manual analysis and may help address the increasing
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workload (40) in medical imaging. Results are reproducible,
eliminating observer bias, and therefore show promise for
increasing reliability and tracking of even small changes in
patients over time. In addition, the CNN models can segment all
slices of the cardiac cycle to obtain time-volume curves in almost
no additional time, prospectively providing extended information
for diagnosis. Still, the main obstacle to widespread adoption of
automated deep learning based image analysis methods remains
(41),
technical, administrative, and regulatory hurdles have not yet

their implementation in routine clinical practice as
been met by an accessible deployment infrastructure.

Our dataset was acquired using Compressed Sensing as an
acceleration technique to minimize scan time and duration of
breath holds. To date, very limited literature has been published
on deep learning methods for image segmentation applied to
such data. While the sequence used does not significantly affect
diagnostic image quality according to objective criteria, the
images have been considered to be blurrier and prone to
ghosting artifacts (17), which is why the data presents a
particular challenge for image analysis algorithms. Clinical
the

considered equivalent to the standard method in (17). We would

evaluation using Compressed Sensing sequence was
expect similar, arguably slightly improved results on a dataset
acquired using a standard sequence. The merging of the
reconstruction task in Compressed Sensing during image
acquisition and the cardiac segmentation task into a joint
network could prospectively be advantageous for both (42),

which has also been demonstrated for brain MRI (43).

4.6. Outlook

To overcome the scarcity of well-labeled and accessible data for
training, data sharing platforms (44) as well as technical
approaches like multi-view or cross-modal, and semi-, self-, or
unsupervised learning (8, 45) offer great potential to accelerate
the development of AL A deployment infrastructure for image
analysis methods that integrates with existing workflows is
essential to bring AI broadly into the clinic and validate it
prospectively (41). Since small structures (e.g., in apical slices,
papillary muscles, or thin myocardium) are only a few pixels in
size, the training of CNNs is likely to benefit from hyper-
resolution. For a readily available semi-automatic solution,
segmentation agreement could be estimated without ground truth
to flag difficult cases or slices and guide the attention of a
supervising expert. In the future, there will be a shift from slice-
3D CMR
for new automatic quantification techniques.

imaging to volumetric sequences, providing
opportunities
Segmentation-derived features will be useful for radiomics-based

image phenotyping and diagnostic AI (46, 47).

4.7. Conclusions

Multilevel analysis allowed for a detailed comparison of
differences in quantitative clinical parameters among the three
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CNNs and their
problems. All three CNNs demonstrated strong correlation to

attribution to individual segmentation
the expert on our dataset, which is primarily explained by low
errors in midventricular slices. Segmentation errors clustered
in basal and apical slices and are not necessarily reflected in
the overall results usually reported. In summary, modifications
to CNN architecture might not be the decisive factor in
achieving the best results. Our findings further highlight the
need for detailed quality assurance of medical Al, as even rare
errors that violate medical principles or anatomy can severely
undermine confidence in deep learning algorithms. Automatic
segmentation combined with fast acquisition will increase the
efficiency of cardiac MRI, allowing more patients to benefit
from this examination.

4.8. Limitations

The focus in defining the three CNNs was on a mostly
unaltered reproduction of the published architectures, that
all share the same basic network configuration and a
similar number of trainable parameters, in favor of which
The
network

extensive  hyperparameter tuning was omitted.
that the three

architectures are more comparable with similar parameters

underlying assumption was
and network complexity than with individually optimized
configurations. Due to the continuous emergence of new
CNN architectures, this study does not provide a fully
comprehensive comparison of novel architecture variants.
Instead, it focuses on an in-depth analysis of recurring
problems in cardiac image segmentation with the two most
popular and a newer, complex CNN architecture specifically
designed to address their weaknesses. To contextualize the
qualitative and slice-specific evaluation of the CNNs, an
equally nuanced interobserver analysis of human experts
may be necessary.

Data availability statement

The datasets presented in this article are not readily
available because they contain patient data and cannot be
published for legal and privacy reasons. Requests to access
the datasets should be directed to JS-M, jeanette.schulz-
menger@charite.de.

Ethics statement

The studies involving human participants were reviewed and
approved by ethics committee of Charité — Universititsmedizin
Berlin. Written informed consent for participation was not
required for this study in accordance with the national legislation
and the institutional requirements.

frontiersin.org


mailto:jeanette.schulz-menger@charite.de
mailto:jeanette.schulz-menger@charite.de
https://doi.org/10.3389/fcvm.2023.1118499
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Ammann et al.

Author contributions

CA, TH, and JS-M designed the work. JG manually annotated the
dataset. CA and TH trained the deep learning models, performed the
analysis, and drafted the manuscript together. CK, JG and JS-M
contributed substantially during revision of the manuscript. All
authors contributed to the article and approved the submitted version.

Funding

TH receives funding from the German Research Foundation
(GRK2260, BIOQIC).

Acknowledgments

We would like to thank all members of the working group on
CMR from whose expertise this work has benefited greatly.

References

1. Schulz-Menger J, Bluemke DA, Bremerich J, Flamm SD, Fogel MA, Friedrich
MG, et al. Standardized image interpretation and post-processing in cardiovascular
magnetic resonance—2020 update: society for cardiovascular magnetic resonance
(SCMR): board of trustees task force on standardized post-processing. ] Cardiovasc
Magn Reson. (2020) 22:19. doi: 10.1186/s12968-020-00610-6

2. Karamitsos TD, Francis JM, Myerson S, Selvanayagam JB, Neubauer S. The role
of cardiovascular magnetic resonance imaging in heart failure. ] Am Coll Cardiol.
(2009) 54:1407-24. doi: 10.1016/j.jacc.2009.04.094

3. Karamitsos TD, Arvanitaki A, Karvounis H, Neubauer S, Ferreira VM.
Myocardial tissue characterization and fibrosis by imaging. JACC Cardiovasc
Imaging. (2020) 13:1221-34. doi: 10.1016/j.jcmg.2019.06.030

4. von Knobelsdorff-Brenkenhoff F, Pilz G, Schulz-Menger ]. Representation of
cardiovascular magnetic resonance in the AHA/ACC guidelines. ] Cardiovasc Magn
Reson. (2017) 19:70. doi: 10.1186/s12968-017-0385-z

5. Ferreira VM, Schulz-Menger ], Holmvang G, Kramer CM, Carbone I, Sechtem U,
et al. Cardiovascular magnetic resonance in nonischemic myocardial inflammation.
J Am Coll Cardiol. (2018) 72:3158-76. doi: 10.1016/j.jacc.2018.09.072

6. McDonagh TA, Metra M, Adamo M, Gardner RS, Baumbach A, Béhm M, et al.
2021 ESC guidelines for the diagnosis and treatment of acute and chronic heart failure.
Eur Heart J. (2021) 42:3599-726. doi: 10.1093/eurheartj/ehab368

7. Bai W, Sinclair M, Tarroni G, Oktay O, Rajchl M, Vaillant G, et al.
Automated cardiovascular magnetic resonance image analysis with fully
convolutional networks. J Cardiovasc Magn Reson. (2018) 20:65. doi: 10.1186/
512968-018-0471-x

8. Chen C, Qin C, Qiu H, Tarroni G, Duan ], Bai W, et al. Deep learning for cardiac
image segmentation: a review. Front Cardiovasc Med. (2020) 7:25. doi: 10.3389/fcvm.
2020.00025

9. Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, et al. A
survey on deep learning in medical image analysis. Med Image Anal. (2017)
42:60-88. doi: 10.1016/j.media.2017.07.005

10. Bernard O, Lalande A, Zotti C, Cervenansky F, Yang X, Heng P-A, et al. Deep
learning techniques for automatic MRI cardiac multi-structures segmentation and
diagnosis: is the problem solved? IEEE Trans Med Imaging. (2018) 37:2514-25.
doi: 10.1109/TMI.2018.2837502

11. Tao Q, Yan W, Wang Y, Paiman EHM, Shamonin DP, Garg P, et al. Deep
learning-based method for fully automatic quantification of left ventricle function
from cine MR images: a multivendor, multicenter study. Radiology. (2019)
290:81-8. doi: 10.1148/radiol.2018180513

12. Sander J, de Vos BD, Isgum I. Automatic segmentation with detection of local
segmentation failures in cardiac MRI. Sci Rep. (2020) 10:21769. doi: 10.1038/s41598-
020-77733-4

13. Galati F, Ourselin S, Zuluaga MA. From accuracy to reliability and robustness in
cardiac magnetic resonance image segmentation: a review. Appl Sci. (2022) 12:3936.
doi: 10.3390/app12083936

Frontiers in Cardiovascular Medicine

13

10.3389/fcvm.2023.1118499

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest. The handling
editor EW declared a shared affiliation with the authors CA, TH,
JG & JS-M at the time of review.

Publisher’s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those of
their affiliated organizations, or those of the publisher, the
and the
evaluated in this article, or claim that may be made by

editors reviewers. Any product that may be

its manufacturer, is not guaranteed or endorsed by the
publisher.

14. He K, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recognition.
arXiv [Preprint]. (2015). doi: 10.48550/arXiv.1512.03385

15. Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, et al. Going Deeper
with Convolutions. arXiv [Preprint]. (2014). doi: 10.48550/arXiv.1409.4842

16. Hadler T, Ammann C, Gréschel J, Schulz-Menger J. Multilevel comparison of
neural networks for ventricular function quantification in CMR accelerated by
compressed sensing. Joint annual meeting ISMRM-ESMRMB ¢ ISMRT 31st
annual meeting; London, United Kingdom (2022). Available at: https://www.ismrm.
org/22m

17. Gréschel J, Ammann C, Zange L, Viezzer D, Forman C, Schmidt M, et al. Fast
acquisition of left and right ventricular function parameters applying cardiovascular
magnetic resonance in clinical routine—validation of a 2-shot compressed sensing
cine sequence. Scand Cardiovasc J. (2022) 56:266-75. doi: 10.1080/14017431.2022.
2099010

18. Ronneberger O, Fischer P, Brox T. U-Net: convolutional networks for
biomedical image segmentation. In: Navab N, Hornegger J, Wells WM, Frangi AF,
editors. Medical image computing and computer-assisted intervention—MICCAI
2015. Lecture notes in computer science. Cham: Springer International Publishing
(2015). p. 234-41. doi: 10.1007/978-3-319-24574-4_28

19. Long J, Shelhamer E, Darrell T. Fully Convolutional Networks for Semantic
Segmentation. arXiv [Preprint]. (2015). doi: 10.48550/arXiv.1411.4038

20. Xie S, Tu Z. Holistically-Nested edge detection. 2015 IEEE international
conference on computer vision (ICCV); Santiago, Chile: IEEE (2015). p. 1395-403.
doi: 10.1109/ICCV.2015.164

21. Ibtehaz N, Rahman MS. MultiResUNet: rethinking the U-net architecture for
multimodal biomedical image segmentation. Neural Netw. (2020) 121:74-87.
doi: 10.1016/j.neunet.2019.08.025

22. Campello VM, Gkontra P, Izquierdo C, Martin-Isla C, Sojoudi A, Full PM, et al.
Multi-centre, multi-vendor and multi-disease cardiac segmentation: the M&Ms
challenge. IEEE Trans Med Imaging. (2021) 40:3543-54. doi: 10.1109/TMI.2021.
3090082

23. Bard A, Raisi-Estabragh Z, Ardissino M, Lee AM, Pugliese F, Dey D, et al.
Automated quality-controlled cardiovascular magnetic resonance pericardial fat
quantification using a convolutional neural network in the UK biobank. Front
Cardiovasc Med. (2021) 8:677574. doi: 10.3389/fcvm.2021.677574

24. O’Shea K, Nash R. An Introduction to Convolutional Neural Networks. arXiv
[Preprint]. (2015). doi: 10.48550/arXiv.1511.08458

25. Isensee F, Jaeger PF, Kohl SAA, Petersen ], Maier-Hein KH. nnU-Net: a self-
configuring method for deep learning-based biomedical image segmentation. Nat
Methods. (2021) 18:203-11. doi: 10.1038/s41592-020-01008-z

26. Gillies S, van der Wel C, Van den Bossche ], Taves MW, Arnott ], Ward BC.
Shapely. Available at: https://github.com/shapely/shapely

27.Jung AB, Wada K, Crall J, Tanaka S, Graving J, Reinders C, et al. imgaug (2020).
Available at: https://github.com/aleju/imgaug

frontiersin.org


https://doi.org/10.1186/s12968-020-00610-6
https://doi.org/10.1016/j.jacc.2009.04.094
https://doi.org/10.1016/j.jcmg.2019.06.030
https://doi.org/10.1186/s12968-017-0385-z
https://doi.org/10.1016/j.jacc.2018.09.072
https://doi.org/10.1093/eurheartj/ehab368
https://doi.org/10.1186/s12968-018-0471-x
https://doi.org/10.1186/s12968-018-0471-x
https://doi.org/10.3389/fcvm.2020.00025
https://doi.org/10.3389/fcvm.2020.00025
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.1109/TMI.2018.2837502
https://doi.org/10.1148/radiol.2018180513
https://doi.org/10.1038/s41598-020-77733-4
https://doi.org/10.1038/s41598-020-77733-4
https://doi.org/10.3390/app12083936
https://doi.org/10.48550/arXiv.1512.03385
https://doi.org/10.48550/arXiv.1409.4842
https://www.ismrm.org/22m
https://www.ismrm.org/22m
https://doi.org/10.1080/14017431.2022.2099010
https://doi.org/10.1080/14017431.2022.2099010
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.48550/arXiv.1411.4038
https://doi.org/10.1109/ICCV.2015.164
https://doi.org/10.1016/j.neunet.2019.08.025
https://doi.org/10.1109/TMI.2021.3090082
https://doi.org/10.1109/TMI.2021.3090082
https://doi.org/10.3389/fcvm.2021.677574
https://doi.org/10.48550/arXiv.1511.08458
https://doi.org/10.1038/s41592-020-01008-z
https://github.com/shapely/shapely
https://github.com/aleju/imgaug
https://doi.org/10.3389/fcvm.2023.1118499
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Ammann et al.

28. Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C, et al. TensorFlow:
Large-Scale Machine Learning on Heterogeneous Systems (2015). Available at: https://
www.tensorflow.org/

29. Hadler T, Wetzl ], Lange S, Geppert C, Fenski M, Abazi E, et al. Introduction of
lazy luna an automatic software-driven multilevel comparison of ventricular function
quantification in cardiovascular magnetic resonance imaging. Sci Rep. (2022) 12:6629.
doi: 10.1038/541598-022-10464-w

30. Zange L, Muehlberg F, Blaszczyk E, Schwenke S, Traber J, Funk S, et al.
Quantification in cardiovascular magnetic resonance: agreement of software from three
different vendors on assessment of left ventricular function, 2D flow and parametric
mapping. J Cardiovasc Magn Reson. (2019) 21:12. doi: 10.1186/s12968-019-0522-y

31. Baumgartner CF, Koch LM, Pollefeys M, Konukoglu E. An Exploration of 2D
and 3D Deep Learning Techniques for Cardiac MR Image Segmentation. arXiv
[Preprint]. (2017). doi: 10.48550/arXiv.1709.04496

32. Mariscal-Harana J, Kifle N, Razavi R, King AP, Ruijsink B, Puyol-Antén E.
Improved Al-based segmentation of apical and basal slices from clinical cine CMR
(2021). Available at: http://arxiv.org/abs/2109.09421 (Accessed March 2, 2023).

33. Clough JR, Byrne N, Oksuz I, Zimmer VA, Schnabel JA, King AP. A topological
loss function for deep-learning based image segmentation using persistent homology.
IEEE Trans Pattern Anal Mach Intell. (2022) 44:8766-78. doi: 10.1109/TPAMI.2020.
3013679

34. Zotti C, Luo Z, Lalande A, Jodoin P-M. Convolutional neural network with
shape prior applied to cardiac MRI segmentation. IEEE ] Biomed Health Inform.
(2019) 23:1119-28. doi: 10.1109/JBHI.2018.2865450

35. Galati F, Zuluaga MA. Using out-of-distribution detection for model refinement
in cardiac image segmentation. In: Puyol Antén E, Pop M, Martin-Isla C, Sermesant
M, Suinesiaputra A, Camara O, Lekadir K, Young A, editors. Statistical atlases and
computational models of the heart. Multi-disease, multi-view, and multi-center right
ventricular segmentation in cardiac MRI challenge. Lecture notes in computer
science. Cham: Springer International Publishing (2022). p. 374-82. doi: 10.1007/
978-3-030-93722-5_40

36. Suinesiaputra A, Mauger CA, Ambale-Venkatesh B, Bluemke DA, Dam Gade J,
Gilbert K, et al. Deep learning analysis of cardiac MRI in legacy datasets: multi-ethnic
study of atherosclerosis. Front Cardiovasc Med. (2022) 8:807728. doi: 10.3389/fcvm.
2021.807728

37. Chen C, Bai W, Davies RH, Bhuva AN, Manisty CH, Augusto JB, et al.
Improving the generalizability of convolutional neural network-based segmentation
on CMR images. Front Cardiovasc Med. (2020) 7:105. doi: 10.3389/fcvm.2020.00105

Frontiers in Cardiovascular Medicine

14

10.3389/fcvm.2023.1118499

38. Larson DB, Harvey H, Rubin DL, Irani N, Tse JR, Langlotz CP. Regulatory
frameworks for development and evaluation of artificial intelligence-based
diagnostic imaging algorithms: summary and recommendations. ] Am Coll Radiol.
(2021) 18:413-24. doi: 10.1016/j.jacr.2020.09.060

39. Wellnhofer E. Real-world and regulatory perspectives of artificial intelligence in
cardiovascular imaging. Front Cardiovasc Med. (2022) 9:890809. doi: 10.3389/fcvm.
2022.890809

40. McDonald RJ, Schwartz KM, Eckel L], Diehn FE, Hunt CH, Bartholmai BJ, et al.
The effects of changes in utilization and technological advancements of cross-sectional
imaging on radiologist workload. Acad Radiol. (2015) 22:1191-8. doi: 10.1016/j.acra.
2015.05.007

41. Leiner T, Bennink E, Mol CP, Kuijf HJ, Veldhuis WB. Bringing AI to the clinic:
blueprint for a vendor-neutral AI deployment infrastructure. Insights Imaging. (2021)
12:11. doi: 10.1186/513244-020-00931-1

42. Huang Q, Yang D, Yi J, Axel L, Metaxas D. FR-Net: joint reconstruction and
segmentation in compressed sensing cardiac MRI. In: Coudiére Y, Ozenne V,
Vigmond E, Zemzemi N, editors. Functional imaging and modeling of the heart.
Lecture notes in computer science. Cham: Springer International Publishing
(2019). p. 352-60. doi: 10.1007/978-3-030-21949-9_38

43. Fan Z, Sun L, Ding X, Huang Y, Cai C, Paisley J. A Segmentation-aware Deep
Fusion Network for Compressed Sensing MRI. arXiv [Preprint]. (2018). doi: 10.48550/
arXiv.1804.01210

44. Lekadir K, Leiner T, Young AA, Petersen SE. Editorial: current and future role of
artificial intelligence in cardiac imaging. Front Cardiovasc Med. (2020) 7:137. doi: 10.
3389/fcvm.2020.00137

45. Chartsias A, Papanastasiou G, Wang C, Semple S, Newby DE, Dharmakumar R,
et al. Disentangle, align and fuse for multimodal and semi-supervised image
segmentation. IEEE Trans Med Imaging. (2021) 40:781-92. doi: 10.1109/TMI.2020.
3036584

46. Raisi-Estabragh Z, Jaggi A, Gkontra P, McCracken C, Aung N, Munroe PB, et al.
Cardiac magnetic resonance radiomics reveal differential impact of sex, age, and
vascular risk factors on cardiac structure and myocardial tissue. Front Cardiovasc
Med. (2021) 8:763361. doi: 10.3389/fcvim.2021.763361

47. Avard E, Shiri I, Hajianfar G, Abdollahi H, Kalantari KR, Houshmand G, et al.
Non-contrast cine cardiac magnetic resonance image radiomics features and machine
learning algorithms for myocardial infarction detection. Comput Biol Med. (2022)
141:105145. doi: 10.1016/j.compbiomed.2021.105145

frontiersin.org


https://www.tensorflow.org/
https://www.tensorflow.org/
https://doi.org/10.1038/s41598-022-10464-w
https://doi.org/10.1186/s12968-019-0522-y
https://doi.org/10.48550/arXiv.1709.04496
http://arxiv.org/abs/2109.09421
https://doi.org/10.1109/TPAMI.2020.3013679
https://doi.org/10.1109/TPAMI.2020.3013679
https://doi.org/10.1109/JBHI.2018.2865450
https://doi.org/10.1007/978-3-030-93722-5_40
https://doi.org/10.1007/978-3-030-93722-5_40
https://doi.org/10.3389/fcvm.2021.807728
https://doi.org/10.3389/fcvm.2021.807728
https://doi.org/10.3389/fcvm.2020.00105
https://doi.org/10.1016/j.jacr.2020.09.060
https://doi.org/10.3389/fcvm.2022.890809
https://doi.org/10.3389/fcvm.2022.890809
https://doi.org/10.1016/j.acra.2015.05.007
https://doi.org/10.1016/j.acra.2015.05.007
https://doi.org/10.1186/s13244-020-00931-1
https://doi.org/10.1007/978-3-030-21949-9_38
https://doi.org/10.48550/arXiv.1804.01210
https://doi.org/10.48550/arXiv.1804.01210
https://doi.org/10.3389/fcvm.2020.00137
https://doi.org/10.3389/fcvm.2020.00137
https://doi.org/10.1109/TMI.2020.3036584
https://doi.org/10.1109/TMI.2020.3036584
https://doi.org/10.3389/fcvm.2021.763361
https://doi.org/10.1016/j.compbiomed.2021.105145
https://doi.org/10.3389/fcvm.2023.1118499
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Multilevel comparison of deep learning models for function quantification in cardiovascular magnetic resonance: On the redundancy of architectural variations
	Introduction
	Material and methods
	Data
	CNN models
	Training pipeline
	Metrics
	Analysis
	Statistics

	Results
	Quantitative clinical results and segmentation accuracy
	Multilevel analysis of error

	Discussion
	Basal errors cause large volume differences
	Segmentation difficulties are not always reflected in clinical parameters
	Network architecture may not be the key to achieve the best results
	Data inherent problems and possible solutions
	Automated quantification will increase efficiency and reproducibility
	Outlook
	Conclusions
	Limitations

	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	References


