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Abstract
Objective  The prospect of being able to gain relevant information from cardiovascular magnetic resonance (CMR) image 
analysis automatically opens up new potential to assist the evaluating physician. For machine-learning-based classification 
of complex congenital heart disease, only few studies have used CMR.
Materials and methods  This study presents a tailor-made neural network architecture for detection of 7 distinctive anatomic 
landmarks in CMR images of patients with hypoplastic left heart syndrome (HLHS) in Fontan circulation or healthy controls 
and demonstrates the potential of the spatial arrangement of the landmarks to identify HLHS. The method was applied to 
the axial SSFP CMR scans of 46 patients with HLHS and 33 healthy controls.
Results  The displacement between predicted and annotated landmark had a standard deviation of 8–17 mm and was larger 
than the interobserver variability by a factor of 1.1–2.0. A high overall classification accuracy of 98.7% was achieved.
Discussion  Decoupling the identification of clinically meaningful anatomic landmarks from the actual classification improved 
transparency of classification results. Information from such automated analysis could be used to quickly jump to anatomic 
positions and guide the physician more efficiently through the analysis depending on the detected condition, which may 
ultimately improve work flow and save analysis time.
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Abbreviations
HLHS	� Hypoplastic left heart syndrome
TCPC	� Total cavopulmonary connexion
SSFP	� Steady-state free precession
CNN	� Convolutional neural network
SVM	� Support vector machine

Introduction

In recent years, the great potential of artificial intelligence to 
support clinical evaluation of cardiovascular magnetic reso-
nance imaging (CMR) data has become increasingly appar-
ent [1, 2]. Several CMR studies applied machine learning to 
congenital heart disease to address specific tasks related to 
segmentation [3], assessment of surgical results [4], predic-
tion of prognosis [5, 6], hierarchical clustering of congeni-
tal heart disease [7] and data augmentation [3, 8]. Machine 
learning classification of complex congenital heart disease 
has been demonstrated using echocardiography [9], but only 
few studies exist that have used CMR for classification of 
complex congenital heart disease using machine learning 
[7].

In this study, a new approach of machine learning for 
CMR diagnostic classification of patients with hypoplastic 
left heart syndrome (HLHS) is presented. HLHS is one of 
the most severe forms of congenital heart disease and is 
characterised by hypoplasia of the left ventricle, stenosis or 
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atresia of the mitral valve and aortic valve as well as hypo-
plasia of the ascending aorta [10]. At many cardiac centres, 
the Norwood operation is the surgical palliation of choice 
followed by creation of an upper cavopulmonary connex-
ion and completion of the Fontan circulation with a total 
cavopulmonary connexion (TCPC) [11]. Due to the underde-
veloped left side of the heart as well as the surgical interven-
tions, the anatomy differs greatly from healthy individuals 
and seems suitable for classification based on the geometric 
arrangement of anatomical landmarks.

This study aims to evaluate and optimise the use of a 
deep convolutional neural network (CNN) for detection of 
anatomical landmarks in the cardiovascular system. Further-
more, it was the goal to quantify the impact of each anatomi-
cal landmark on the classification system and to assess how 
the arrangement of landmarks can be standardised amongst 
datasets. The approach was applied to patients with hypo-
plastic left heart syndrome (HLHS) in Fontan circulation 
and healthy controls.

Materials and methods

Study participants and CMR data acquisition

The study was approved by the local ethics committee. 
Informed consent was provided by all subjects or by their 
legal guardians. 46 patients with HLHS with a median age 
of 9.7 years (y) (range 2.9–22.5 y), studied by CMR at a 
median of 7.2 y (range 0.9–21.4 y) after TCPC completion 
with an intra-atrial lateral tunnel, as well as 33 healthy con-
trols (median age at CMR 13.8 y, range 8.6–17. 5 y) were 
retrospectively included. CMR examinations included a 
stack of axial cine images with coverage of the entire chest 
using an ECG-gated Steady-State Free Precession (SSFP) 
sequence. The resolution of the scans varied and the heart 
was not uniformly centred. The scanning parameters were 

as follows: 17–54 slices, slice thickness 5–8 mm, in-plane-
resolution 1.2 × 1.2–2.3 × 2.3 mm and an acquisition matrix 
of 132 × 192–192 × 256 pixels.

Method overview

Cardiovascular anatomy was classified by the spatial 
arrangement of distinctive anatomical landmarks. The detec-
tion of anatomical landmarks was based on axial cine images 
and accomplished using a tailor-made deep convolutional 
neural network (CNN) for segmentation. The actual clas-
sification was based exclusively on the coordinates of the 
detected landmarks and performed by a linear support vector 
machine (SVM). A flow chart of the method is illustrated 
in Fig. 1.

The neural network implementation was based on Ten-
sorflow (version 2.8.0) using the Keras API [12]. The sup-
port vector machine was implemented using the Scikit-learn 
software library (version 1.0.2).

Splitting of data

For training and evaluation purposes of the CNN, cross-val-
idation was performed with 5-fold. Each fold was composed 
of 63–64 (~ 80%) train and 15–16 (~ 20%) validation data-
sets, which were sampled evenly from patients and controls 
ensuring that the training and the validation datasets of each 
fold contain an equal ratio of patients and controls. Each 
patient or control case was included in exactly one of the 5 
validation datasets.

For each fold, the CNN segmentation network and the 
SVM classifier were trained with randomly initiated weights 
on the training data. Evaluation was performed for each fold 
on the validation data. Evaluation scores were averaged over 
all folds.

The sample sizes in this study appeared too small for 
separating a test set of significant size. We followed the 

Fig. 1   Classification pipeline: A segmentation network detects ana-
tomical landmarks in an axial cine stack. Arranged as a point cloud, 
the landmarks enter a support vector machine (SVM) for classifica-

tion of the landmark arrangement in HLHS patients and controls with 
normal cardiovascular anatomies
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common practice to prevent overfitting by cross-valida-
tion on fixed hyper-parameters [13].

Data pre‑processing

CMR datasets were cropped at slice number 33 which was 
at the lower end of the image stack beyond the diaphragm 
for all datasets. None of the annotated landmarks were 
located outside the cropped image stack. For datasets with 
less than 33 slices, extra slices with black content were 
appended to complete a number of 33 slices. A resam-
pling of slice images to a 256 × 256 resolution was per-
formed. Overall, data pre-processing resulted in an image 
stack of size 33 × 256 × 256.

Data augmentation

CNN

Augmentation of data was tested by adding each data set 
another time with modifications applied using the image 
augmentation Python library Albumentations (https://​
album​entat​ions.​ai, version 1.3.0). Parameters for random 
shift, rotation and scaling were: shift_limit = 0.02, rota-
tion_limit = 4, scale_limit = 0.15, p = 1. Parameters for 
blurring and optical distortion were: blur_limit = 4 and 
distort_limit = 3, p = 1.

SVM

For training of the SVM, augmentation of datasets was 
tested by including each set of landmarks again 400 times, 
with positions of the landmarks shifted by uniformly distrib-
uted random values between -10 and 10 mm in each spatial 
direction.

Landmark definition

Seven anatomical landmarks were used in this study (Figs. 2, 
3).

The landmarks used in this study met three criteria. 
First, the landmarks used could be defined for HLHS 
patients as well as healthy individuals. Second, with the 
inclusion of landmarks in vessels, heart valves, and car-
diac apex, they represented the spatial arrangement of all 
important cardiac structures. And third, the landmarks 
used could be recognised in MRI images with sufficient 
image quality. However, small structures such as the land-
mark for the origin of the left common carotid artery were 
expected to have less uncertainty in defining the landmark 
position than other structures such as the right ventricular 
apex for example. Because the native pulmonary valve in 
HLHS patients in Fontan circulation functions as neo-
aortic valve and has already been functionally assigned 
to the landmark for the aortic/neo-aortic valve, detection 
of the pulmonary valve by a separate landmark was omit-
ted. The origin of the left common carotid artery (land-
mark 1) was defined as the point in the centre of the left 

Fig. 2   Comparison of the car-
diovascular anatomy of HLHS 
in Fontan circulation with 
intra-atrial tunnel (left) and the 
normal cardiovascular anatomy 
(right). Seven landmarks were 
used for classification: (1) ori-
gin of the left common carotid 
artery, (2) aortic isthmus, (3) 
tricuspid valve, (4) neo-aortic 
valve in HLHS patients, aortic 
valve in healthy controls, (5) 
mitral valve, (6) right ventricu-
lar apex, (7) descending aorta at 
diaphragm level

https://albumentations.ai
https://albumentations.ai
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common carotid artery in the first slice superior to the 
aortic arch. The aortic isthmus (landmark 2) was defined 
as the centre point in the aortic constriction distal to the 
origin of the left subclavian artery. Tricuspid valve (land-
mark 3), neo-aortic/aortic valve (landmark 4), and mitral 
valve (landmark 5) were defined as the centre points in 
the corresponding valve annuli. The right ventricular apex 
(landmark 6) was defined in the first slice in the myo-
cardium centred just below the right ventricular cavity. 
The landmark in the descending aorta (landmark 7) was 
defined in the centre of the descending aorta at the level 
of the diaphragm.

Manual landmark annotation and evaluation

Manual annotation served as ground truth for the CNN 
training and was used for evaluation of predicted results. 
Two observers prepared annotations of landmarks in the 
end-diastole of CMR data for patients and healthy con-
trols. Observer 1 was an experienced cardiologist and 
observer 2 was a trained medical student. A landmark 
annotation consisted of the selection of a voxel position 
in the axial cine stack. Annotations of the first observer 
served as ground truth for neural network training. For 
each predicted landmark, we assessed average displace-
ment and standard deviation between predicted and anno-
tated landmarks as well as the interobserver variability for 
healthy controls, patients and the combined group of both. 
Annotation data were prepared using cvi42 (Circle Car-
diovascular Imaging Inc., version 5.13) and were exported 
as xml files.

Landmark detection

Landmark detection by the neural network was realised 
through a heatmap regression such that each landmark has 
a separate volumetric output containing a heatmap centred 
at the landmark position [14–16].

Landmark annotations were converted into 3D heatmaps 
before transferring them to the CNN, Fig. 4, and accord-
ingly, the network predicted heatmaps. The heatmaps had 
the shape of a Gaussian distribution with maximum val-
ues k at the landmark positions and decreasing values with 
increasing distance of the voxel v to the landmark positions 
pi according to

where ti is the temperature of the i th heat map we regress 
against for landmark i, σ is the standard deviation of the 
distribution. The standard deviation σ was chosen to be the 
voxel size in each direction of space. In order to improve 
training stability especially in the early epochs, a high 
parameter k = 103 was chosen in accordance with recom-
mendations [16].

Segmentation model architecture

The architecture of the model was inspired by the U-Net 
[17] and is illustrated in Fig. 5. The network had a max-
imum depth of 7. Here and in the following, we refer to 
‘depth’ as the number of downsampling and hence neces-
sary upsampling steps. The segmentation model consisted 
of a shared U-net-like 3D-convolutional encoder backbone 

(1)ti = ke
−(v−pi)

2

2�2

Fig. 3   Landmark positions in axial slices. For definition of landmarks, see Fig. 2
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Fig. 4   Position of the neo-aortic valve landmark (red circle) in an 8-year-old HLHS patient (top row) and the corresponding heat map (bottom 
row). Three adjacent slices are shown from left to right

Fig. 5   Illustration of the neural network architecture used for the detection of each of the seven landmarks. The network had a U-Net-like back-
bone and a segmentation head for each landmark. In the illustrated setting, splitting into segmentation heads was performed above depth 3
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and 7 segmentation heads, each yielding a 3D-segmentation 
volume predicting the heatmap for one specific landmark, 
Fig. 5. The shared encoder takes the 3D voxel volume of 
size 33 × 256 × 256 as input. With each downsampling 
(upsampling) step, the x and y input resolution was halved 
(doubled) through the use of 3D convolution (transpose con-
volution) with stride 1 × 2 × 2. Furthermore, the number of 
kernels—and hence, resulting feature maps—was increased 
(decreased) in each downsampling (upsampling) step by 4. 
Between each two consecutive down- or upsampling steps, 
a 3D convolution layer without stride was inserted. As in 
U-Net, feature maps of the same size before down- and 
after upsampling were concatenated via skip connexions. 
During upsampling, the network was split into seven sepa-
rate segmentation heads. Upsampling in each segmenta-
tion head functioned exactly the same as mentioned before. 
After upsampling to the original resolution, final MaxPool-
ing and 3D convolution layer with linear activation func-
tion were added to each segmentation head to provide the 
final output of the seven segmentation volumes, each of size 
33 × 64 × 64.

Kernel weights were initialised with He initialisation 
[18]. All convolution layers use the Keras API [12] ‘same’ 
padding, i.e. the input to each layer is padded with zeros if 
necessary. All convolution layers except the aforementioned 
final linear regression layer in each segmentation head use 
the ReLU [19] activation function.

Segmentation network training

The segmentation network was trained on Nvidia GeForce 
GTX 1070 and an Intel Core i7-4790 K CPU with 4.00 GHz 
for 32 epochs, using a learning rate of 5 × 10–4, Adam opti-
mizer [20] and a batch size of 2. Mean Squared Error (MSE) 
was used as the loss function. The number of filters in the 
first layer (between 3 and 9) and the depth of the segmenta-
tion heads (between 2 and 6) were parameters of the hyper-
parameter search. Also, the use of data augmentation was 
tested.

Heatmaps to point cloud conversion and centring

The position of maximum value in the predicted heatmap 
was used as the predicted landmark position. If this maxi-
mum value reached at more than one position, the predicted 
landmark position was determined from the heatmap H(i,j,k) 
as those positions yielding maximum score S with

and spatial coordinates i, j, and k.

S =

x+3∑

i=x−3

y+3∑

j=y−3

z+3∑

k=z−3

H(i, j, k)

Real-world coordinates of the landmark positions (in mm, 
not voxel number index) were combined to a point cloud. 
Point clouds were standardised in preparation for their use 
as input for the SVN by centring the point clouds to the point 
cloud centre position mi which was defined by mi =

∑7

j=1
lji

7
 

with i being the spatial coordinate index, j the landmark 
index and lji the real-world positions of the landmark in mm. 
Relative landmark positions Lji were then represented by 
landmark positions relative to the centre position mi accord-
ing to Lji = lji−mi.

Configuration of the SVM

The SVM used for classifying based on point clouds had a 
linear kernel and was otherwise configured with the default 
values provided by the Scikit-learn software library [29].

Segmentation model metrics

The accuracy error of the predicted landmark positions lji 
was calculated as Euclidian distance to the ground truth 
landmark position gj,i, i. e. E = ‖gji − lji‖ (in mm). This dis-
placement was calculated for each landmark number j and 
for the validation data sets i of each fold. It was presented as 
an average over all n data sets: Ej =

∑n

i=1
Eji

n
 . Interobserver 

variability was represented as Einterj =

∑n

i=1
‖gji−hji‖
n

 , where hji 
is the landmark position annotated by a second observer. The 
comparison between network error and interobserver disa-
greement was quantified as ratio Ej

Einterj

 . Also, standard devia-

tion for all landmarks as well as Bland–Altman Plots for 
each spatial component x,y,z of the landmark prediction was 
determined.

SVM metrics

The performance of the SVM was measured by accuracy 
defined as the fraction of correct classifications.

Training of the SVM

Training of the SVM was based on the centred point clouds 
of the data set using random initial weights. The SVM was 
trained anew on the training data for each cross-validation 
fold with and without preceding data augmentation.

Direct classification

The classification accuracy of the proposed method was 
compared with the accuracy of a direct classification which 
carries the risk of being influenced by technical image 
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features. Splitting of data and cross-validation were per-
formed in the same way as for the proposed method.

Results

Distributions of annotated landmarks after centring are 
depicted in Fig. 6.

Training of one segmentation network took 20 min. The 
final neural network architecture had 6 filters in the first layer 
and applied a splitting into segmentation heads above depth 
3. No augmentation was used for training.

Average displacement and standard deviation between 
predicted and annotated landmarks as well as the inter-
observer variability for healthy controls, patients and the 
combined group are shown in Table 1. The Bland–Altman 
analysis for each spatial component is summarised in Fig. 7.

The following statements and the main findings are valid 
in each of these three groups, whereas numbers given in 
brackets are related to the combined group.

The average displacements were far below the standard 
deviations for all landmarks, which reflects the fact that 
the detected landmarks did not significantly deviate from 
the landmarks set by observer 1 in any particular preferred 
direction. Finding the best slice for setting the landmark was 
often ambiguous according to the observers and contributed 
to corresponding standard deviations.

The largest displacements and the standard deviations 
reached for landmarks 6 (apex, displacement 2.7 mm, stand-
ard deviation 16.7 mm) and 5 (mitral valve, displacement 
2.5 mm, standard deviation 13.5 mm). For other landmarks, 
average displacements were typically in the order of 1 mm 
and standard deviations were below 11 mm. Also, in com-
parison with the interobserver variability, the detection 
of the right ventricular apex (landmark 6) had the highest 
deviations (2.0 times higher than the interobserver variabil-
ity). Deviations of all other landmarks had about the size 
of the interobserver variability (ratios ranging between 1.1 
and 1.6).

It is striking that for landmark 7 (descending aorta at 
the level of the diaphragm), the standard deviation of the 
off-set between prediction and observer 1 was smaller than 
the inter-observer-variability. We would like to point out 

Fig. 6   Distribution of annotated landmarks for patients (X) and 
healthy controls (●) after centring. Coordinates in right–left (RL) 
and foot–head (FH) directions are shown. Landmark numbers and 
their corresponding anatomical structures are defined Fig. 1

Table 1   Evaluation of landmark detection for healthy controls, HLHS patients and combined data

Segmentation results are presented as average displacement from annotated landmark positions, standard deviations in units of mm as well as 
in relative units as ratio to the interobserver variability. Mean and standard deviation of the displacements are listed as average magnitude over 
four cross-validation folds in this table. The average displacement refers to the systematic shift in a certain spatial direction between the detected 
landmark and the landmark set the first observer, whereas the standard deviation refers to the scattering of the displacement. Landmark numbers 
and their corresponding anatomical structures are defined in Fig. 1

Landmark Healthy controls (n = 33) HLHS patients (n = 46) Combined group (n = 79)

Network Network Network

Average displace-
ment ± standard  deviation

Interobserver 
variability

Average displace-
ment ± standard  devia-
tion

Interobserver 
variability

Average displace-
ment ± standard  devia-
tion

Interob-
server vari-
ability

(mm) Relative (mm) (mm) Relative (mm) (mm) Relative (mm)

1 0.6 ±  7.2 0.1 ±  1.0  ± 7.0 2.0 ± 10.6 0.3 ± 1.5  ± 6.5 1.0 ± 9.4 0.1 ± 1.3  ± 7.3
2 1.0 ±  6.9 0.2 ±  1.3  ± 5.4 0.7 ± 8.2 0.1 ± 1.5  ± 4.4 0.8 ± 7.7 0.2 ± 1.4  ± 5.1
3 0.5 ±  9.4 0.1 ±  1.3  ± 7.0 1.5 ± 8.0 0.2 ± 1.1  ± 5.0 0.7 ± 8.7 0.1 ± 1.2  ± 7.0
4 1.5 ±  10.5 0.2 ±  1.0  ± 10.1 1.4 ± 11.1 0.1 ± 1.1  ± 4.2 0.8 ± 10.9 0.1 ± 1.1  ± 8.0
5 2.7 ±  12.2 0.3 ±  1.4  ± 8.8 2.4 ± 14.4 0.3 ± 1.6  ± 7.7 2.5 ± 13.5 0.3 ± 1.5  ± 8.6
6 2.3 ± 15.1 0.3 ± 1.8  ± 8.4 5.7 ± 17.0 0.7 ± 2.0  ± 9.0 2.7 ± 16.7 0.3 ± 2.0  ± 8.7
7 1.1 ± 10.6 0.1 ± 0.7  ± 16.0 1.4 ± 8.1 0.1 ± 0.5  ± 10.4 1.0 ± 9.2 0.1 ± 1.6  ± 16.5
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Fig. 7   Bland–Altman analy-
sis of the detected landmark 
positions in comparison with 
the annotation for the seven 
landmarks (rows: landmarks 
1–7) and three spatial direc-
tions (columns: x, y, z). The 
dashed lines indicate the 95% 
confidence level. The blue line 
indicates the proportional bias 
fit. The standard deviation (SD) 
is stated in each plot. Black 
points represent HLHS patients, 
green points represent healthy 
controls
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that the network was trained with annotations prepared by 
observer 1, such that the network learned from the strategies 
of observer 1, whereas the interobserver variability repre-
sents differences between observer 1 and observer 2.

Training of the classifier on manual annotation training 
data took less than 1 min.

When skipping the landmark detection and using manual 
annotation test data directly as input to classifier prediction, 
the classification accuracy was 100.0%. All datasets were 
correctly classified. After landmark detection using the final 
hyper-parameters, the average classification accuracy was 
98.7%. All but one dataset was correctly classified. Coef-
ficients learned by the SVM are listed in Table 2 in terms of 
maximum and root mean square (RMS) of the three spatial 
coordinates. The coefficients for the aortic valve landmark 
had the largest values followed by the tricuspid valve.

Changing the number of filters in the first layer from 6 to 
3 (9) changed the classification accuracy to 96.2% (89.9%). 
The variation in the depth of the segmentation heads from 
4 down to 2 or up to 6 had no effect on the classification 
accuracy of 98.7%. Using data augmentation for training 
the neural network had no further effect on the classification 
accuracy. Also, augmentation of point clouds used for clas-
sification had no further effect on the accuracy.

The accuracy was about as high as the classification accu-
racy of a direct classification (98.8%) which carries the risk 
of being influenced by technical image features.

Discussion

The prospect of being able to automatically gain information 
relevant for CMR image analysis opens up new potential to 
assist the evaluating physician [21, 22].

At the time of the CMR scan, the diagnosis of HLHS 
is already known. However, automated analysis of the car-
diovascular anatomy can lead to important improvements 
of analysis software. The information from such automated 
analysis could be used to quickly jump to anatomic posi-
tions in the images and guide the physician more efficiently 
through the analysis depending on the detected condition, 
which may ultimately improve work flow and save analysis 
time. This CMR study used a deep neural network to detect 
anatomical landmarks and demonstrated their potential use 
for identification of HLHS. The approach could serve as a 
model for detecting certain cardiac anatomies in complex 
congenital heart defects. For this study, patients with HLHS 
after Fontan completion with a TCPC were included. How-
ever, since TCPC or upper cavopulmonary connexion was 
not a defined landmark, the method could be suitable for all 
HLHS patients after Norwood operation.

Based on the high accuracy of 100.0% for classification 
of manual annotation test data, the concept to classify HLHS 
patients and healthy controls by the spatial arrangement of 
anatomic landmarks was proven to be feasible. The tailor-
made neural network in combination with the use of a linear 
SVM classifier turned out to be suitable to distinguish HLHS 
patients from healthy controls with an excellent overall clas-
sification accuracy of 98.7%.

Regarding the fact that differences in the detected land-
marks had no impact on the classification accuracy for sev-
eral hyper-parameters such as the depth of the segmentation 
heads or the use of augmentation, we conclude that the total 
performance of the method is robust with respect to these 
hyper-parameters.

Training of the SVM determined the largest classifier 
weights for the aortic valve landmark, which is the landmark 
that is shifted between healthy controls (native aortic valve) 
and patients (neo-aortic valve), as reflected by the displace-
ment of red points and crosses in Fig. 6.

The development of a tailor-made neural network with a 
shared U-net-like 3D-convolutional encoder backbone and 
a segmentation head for each landmark was demonstrated 
to be a suitable use case. The backbone was trained with all 
landmarks. This led to improved performance compared to 
preliminary study results which used a separate neural net-
work for each landmark. The reduced number of parameters 
also led to reduced computation cost. The actual classifi-
cation was performed after landmark detection and based 
exclusively on the landmark positions relative to each other.

Using separate decoding heads for the detection of land-
marks instead of a multichannel output has the advantage 
that particular decoding heads can be trained separately 
without affecting the performance for the detection. How-
ever, the use of separate decoding heads is not obligatory.

The challenges regarding explainability and reliability 
of neural networks for medical tasks have been noted in 

Table 2   Classifier weights for the anatomical landmarks

Landmark 4 contributes  to classification with the largest classifier 
coefficients, see values highlighted in bold
Classifier weights are listed as maximum and root mean square 
(RMS) of the three spatial components. Presented results are averages 
obtained with the four cross-validation folds

Landmark Classifier coeffi-
cients

Max RMS

1 Origin of the left common carotid artery 0.003 0.016
2 Aortic isthmus  – 0.008 0.035
3 Tricuspid valve 0.046 0.053
4 Neo-aortic valve / aortic valve 0.053 0.084
5 Mitral valve 0.009 0.023
6 Right ventricular apex 0.006 0.020
7 Desc. aorta at diaphragm level 0.019 0.023
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recent studies [23–25]. Clinical imaging data valuable for 
training neural networks are often available retrospectively. 
Retrospective data carries the risk that classification may be 
influenced by scan parameters, either because the data sets 
for the groups stem from different centres or because in a 
single centre, scan protocols and parameters are specifically 
used for a certain diagnosis or group. In direct classifica-
tion, it often remains unclear which of the features found in 
the neural network represent clinically meaningful proper-
ties [26]. Using deep neural networks for clinical processes 
is therefore controversial [2]. It has been pointed out that 
heatmaps may be used to ensure models are capturing valid 
image signatures to further expand clinical usefulness [2].

As demonstrated in this study, decoupling the identifica-
tion of clinically meaningful anatomic landmarks obtained 
using heatmaps from the actual classification can be valuable 
to improve transparency of classification. Landmarks were 
verified (Fig. 6; Table 1) and the impact of the landmarks on 
the result was analysed (Table 2), whilst a bias of undesired 
decision markers in the classification was prevented. Inap-
propriate decision markers such as CMR scan parameters 
had no direct influence on the classification. Due to the bias 
of inappropriate decision markers, a direct classification can 
achieve increased values for accuracy. Nevertheless, it was 
demonstrated that the classification accuracy of the proposed 
method was even about as high as the classification accuracy 
for direct classification whilst the decision was strictly based 
on clinically meaningful parameters.

Using heatmaps, the network included a larger image con-
text in the identification of landmarks than using a direct 
regression of landmarks. This method has been recom-
mended due to its robustness [14–16].

Different anatomical variations and different surgical 
procedures may increase inhomogeneity of imaging data 
sets from patients with complex congenital heart defects. 
Data inhomogeneity in conjunction with a small number of 
cases makes a classification challenging. Since the proposed 
method allows us to include healthy control data for training, 
it is only weakly limited by the number of patients with con-
genital heart disease and may, for instance, be applicable to 
the classification of HLHS subgroups with relatively small 
sample sizes in the future studies.

A limitation of this study was the small group size of 46 
HLHS patients and 33 healthy controls. However, a high 
classification accuracy of 98.7% was achieved. In order to 
avoid biases in our training and validation data due to the 
small dataset size, we performed k-fold cross-validation [27, 
28] for model selection and evaluation purposes.

Furthermore, in the current approach, neural network 
training applied equally to all heads. The mean squared 
error loss function was found to reach a saturation for the 
landmarks at different epochs. Future work may consider to 

first train the network backbone, freeze it and then train the 
heads separately with variable hyper-parameters.

This study presents an innovative method for machine-
learning-based identification of HLHS patients after TCPC 
completion using CMR datasets based on the geometric 
arrangement of anatomical landmarks. The classification 
accuracy of the full method was 98.7%, whereas the final 
step of classification had an accuracy of 100.0% when 
using manually annotated landmarks. The automatic identi-
fication of the cardiovascular anatomy can be an important 
improvement of analysis software in the future, which may 
ultimately improve work flow and save analysis time.

Acknowledgements  We sincerely thank the graphic designer of our 
trust Mr. Andrei Damian for providing the drawings in Fig. 2.

Author contributions  DDG and MS developed the study design. LP 
implemented the method and performed the main analysis. LP and 
DDG performed statistical analysis of results. DDG, MS, and LP car-
ried out the interpretation of the results. MS, IV, and ASU provided 
professional support that was substantial to the study. IV and SK car-
ried out data collection. SBG, AB provided landmark annotations. 
DDG, MS, IV, LP, AB, SBG, SK, ASU, and RK drafted the manu-
script. All authors read and approved the final manuscript.

Funding  Open Access funding enabled and organized by Projekt 
DEAL.

Data availability  The numerical results of this study are available on 
request from the corresponding author (DDG).

Declarations 

Conflicts of interest  All authors declare no conflicts of interest in this 
paper. The data used to support the findings of this study are available 
from the corresponding author upon request.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

	 1.	 Fotaki A, Puyol-Antón E, Chiribiri A, Botnar R, Pushparajah K, 
Prieto C (2022) Artificial intelligence in cardiac MRI: is clinical 
adoption forthcoming? Front Cardiovasc Med 8:818765

	 2.	 Helman SM, Herrup EA, Christopher AB, Al-Zaiti SS (2021) The 
role of machine learning applications in diagnosing and assessing 
critical and non-critical CHD: a scoping review. Cardiol Young 
31(11):1770–1780

http://creativecommons.org/licenses/by/4.0/


125Magnetic Resonance Materials in Physics, Biology and Medicine (2024) 37:115–125	

1 3

	 3.	 Karimi-Bidhendi S, Arafati A, Cheng AL, Wu Y, Kheradvar A, 
Jafarkhani H (2020) Fully-automated deep-learning segmentation 
of pediatric cardiovascular magnetic resonance of patients with 
complex congenital heart diseases. J Cardiovasc Magn Reson 
22(1):80

	 4.	 Lu Y, Fu X, Li X, Qi Y (2020) Cardiac chamber segmentation 
using deep learning on magnetic resonance images from patients 
before and after atrial septal occlusion surgery. Annu Int Conf 
IEEE Eng Med Biol Soc 2020:1211–1216

	 5.	 Diller GP, Orwat S, Vahle J et al (2020) German competence 
network for congenital heart defects investigators. Prediction of 
prognosis in patients with tetralogy of fallot based on deep learn-
ing imaging analysis. Heart 106(13):1007–1014

	 6.	 Diller GP, Kempny A, Babu-Narayan SV et al (2019) Machine 
learning algorithms estimating prognosis and guiding therapy in 
adult congenital heart disease: data from a single tertiary centre 
including 10 019 patients. Eur Heart J 40(13):1069–1077

	 7.	 Bruse JL, Zuluaga MA, Khushnood A et al (2017) Detecting clini-
cally meaningful shape clusters in medical image data: metrics 
analysis for hierarchical clustering applied to healthy and patho-
logical aortic arches. IEEE Trans Biomed Eng 64(10):2373–2383

	 8.	 Diller GP, Vahle J, Radke R et al (2020) German competence 
network for congenital heart defects investigators. Utility of deep 
learning networks for the generation of artificial cardiac magnetic 
resonance images in congenital heart disease. BMC Med Imag 
20(1):113

	 9.	 Diller GP, Babu-Narayan S, Li W, Radojevic J et al (2019) Utility 
of machine learning algorithms in assessing patients with a sys-
temic right ventricle. Eur Heart J Cardiovasc Imag 20(8):925–931

	10.	 Barron DJ, Kilby MD, Davies B, Wright JG, Jones TJ, 
Brawn WJ (2009) Hypoplastic left heart syndrome. Lancet 
374(9689):551–564

	11.	 Feinstein JA, Benson DW, Dubin AM et al (2012) Hypoplastic left 
heart syndrome: current considerations and expectations. J Am 
Coll Cardiol 59(1 Suppl):S1–42. Erratum in: J Am Coll Cardiol 
59(5):544

	12.	 Chollet F (2018) Deep learning with python, Second Edition. 
Manning

	13.	 Arlot S, Celisse A (2010) A survey of cross-validation procedures 
for model selection. Statist Surv 4:40–79

	14.	 Pfister T, Charles J, Zisserman A (2015) Flowing convnets for 
human pose estimation in videos. IEEE ICCV 1913–1921

	15.	 Payer C, Stern D, Bischof H, Urschler M (2016) Regressing heat-
maps for multiple landmark localization using CNNs. MICCAI 
LNCS 9901:230–238

	16.	 O‘Neil AQ, Kascenas A, Henry J et al (2018) Attaining human-
level performance with atlas location autocontext for anatomical 
landmark detection in 3D CT Data. ECCV Workshops 470–484.

	17.	 Ronneberger O (2015) U-Net: Convolutional networks for bio-
medical image segmentation. Preprint at https://​arxiv.​org/​abs/​
1505.​04597

	18.	 He K, Zhang X, Ren S, Sun J (2015) Delving deep into rectifi-
ers: surpassing human-level performance on imagenet classifica-
tion. Preprint at https://​arxiv.​org/​abs/​1502.​01852

	19.	 Agarap AF (2018) Deep learning using rectified linear units 
(ReLU). Preprint at https://​arxiv.​org/​abs/​1803.​08375​2018

	20.	 Kingma DP, Adam JB (2015) A method for stochastic optimiza-
tion. ICLR

	21.	 Chauhan D, Anyanwu E, Goes J et al (2022) Comparison of 
machine learning and deep learning for view identification from 
cardiac magnetic resonance images. Clin Imag 82:121–126

	22.	 Ho N, Kim YC (2021) Evaluation of transfer learning in deep 
convolutional neural network models for cardiac short axis slice 
classification. Sci Rep 11(1):1839

	23.	 Ribeiro MT, Singh S, Guestrin C (2016) "Why Should I Trust 
You?": Explaining the Predictions of Any Classifier. In Proceed-
ings of the 22nd ACM SIGKDD International Conference on 
Knowledge Discovery and Data Mining (KDD '16). Association 
for Computing Machinery, New York, NY, USA, 1135–1144

	24.	 Holzinger A et al (2019) "Causability and explainability of arti-
ficial intelligence in medicine." Wiley Interdisciplinary Reviews: 
Data Mining and Knowledge Discovery 9.4: e1312

	25.	 Burkart N, Huber MF (2021) A survey on the explainability of 
supervised machine learning. J Artif Intellig Res 70:245–317

	26.	 Tufail AB, Ma YK, Zhang QN (2020) Binary classification of 
alzheimer’s disease using sMRI imaging modality and deep learn-
ing. J Digit Imag 33(5):1073–1090

	27.	 Breiman L (1984) Classification And Regression Trees (1st ed.). 
Routledge 1984; ISBN 9780412048418

	28.	 Burman P (1989) A comparative study of ordinary cross-vali-
dation, v-fold cross-validation and the repeated learning-testing 
methods. Biometrika 76(3):503–514

	29.	 Scikit-learn: Machine learning in Python, Pedregosa et al. (2011) 
JMLR 12, pp. 2825–2830

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://arxiv.org/abs/1505.04597
https://arxiv.org/abs/1505.04597
https://arxiv.org/abs/1502.01852
https://arxiv.org/abs/1803.083752018

	Detection of hypoplastic left heart syndrome anatomy from cardiovascular magnetic resonance images using machine learning
	Abstract
	Objective 
	Materials and methods 
	Results 
	Discussion 

	Introduction
	Materials and methods
	Study participants and CMR data acquisition
	Method overview
	Splitting of data
	Data pre-processing
	Data augmentation
	CNN
	SVM
	Landmark definition

	Manual landmark annotation and evaluation
	Landmark detection
	Segmentation model architecture
	Segmentation network training
	Heatmaps to point cloud conversion and centring
	Configuration of the SVM
	Segmentation model metrics
	SVM metrics
	Training of the SVM
	Direct classification

	Results
	Discussion
	Acknowledgements 
	References




