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Abstract

Cardiovascular ultrasound imaging (echocardiography) is the primary imaging
modality used to assess cardiac morphology and function. Real-time feedback,
lack of ionizing radiation, and lower cost make echocardiography ideally suited
for rapid diagnostic use in patients with cardiovascular disease. However, despite
its widespread use, measurements of structural and functional parameters in
echocardiography have high variability. In addition, many clinics are facing
an increased workload due to both increased number of patients from aging
populations, and standard imaging protocols expanding as more imaging and
quantification techniques become mainstream. These factors create a demand
for automated tools that can increase reproducibility and efficiency.

Deep learning is a sub-field of artificial intelligence which can provide
automated sophisticated analysis of natural images, offering the potential to
address these demands. This thesis describes methods for applying deep learning
to enable better workflows in echocardiography. Specifically, four aspects were
investigated.

First, classification techniques can improve the efficiency of workflows by
automatically determining which measurements and analysis should be applied
to a given image. In this thesis, a highly accurate method for classifying spectral
Doppler images is presented. We demonstrated how multi-modal information in
each Doppler recording can be combined using a meta parameter post-processing
scheme and heatmaps to encode coordinate locations. We explored the effects
of various input/output combinations and proposed a confidence metric to
prevent misclassifications in data types that were unseen during training. The
proposed method was shown to be highly accuracy in determining the suitable
measurement(s) to perform on Doppler images.

Second, automated measurements can improve the efficiency and reproducibil-
ity of quantitative analysis. We developed a deep learning method to perform
multiple measurements simultaneously in 2D echocardiography. The proposed
method used anatomically meaningful heatmaps as labels and a multi-component
loss function to achieve high accuracy. Measurement error was comparable to
intra-observer error.

Third, automated analysis techniques open up the possibility for new
measurements that can enhance diagnostic power. We explored the use of
septal curvature as a measure of basal septal hypertrophy, which is an early
marker of remodelling in patients with hypertension. Curvature measurements
led to more reproducible and robust results that better correlated to other
functional parameters of remodelling related to hypertension than traditional
measurements.

Fourth, the expensive nature of acquiring labeled training data and the high
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Abstract

inter-/intra-observer variability of labels slows the development of new automated
tools in echocardiography. To address this we studied methods to automate the
collection of large annotated datasets. Specifically, anatomical models were used
as sources for high-quality ground truth labels and corresponding ultrasound
images were synthesized using generative adversarial networks. Networks trained
with synthetic images showed good performance when tested on real images,
with accuracy scores matching inter-observer error.

Overall, the methods described in this thesis contributes to improved analysis
in echocardiography, adding tools to increase the standard of care.

vi



List of Papers

Paper I

Gilbert, A., Holden, M., Eikvil, L. Rakmail, M., Babić, A., Aaset, S. A., Samset,
E., and McLeod, K. “User-Intended Doppler Measurement Type Prediction
Combining CNNs with Smart Post-Processing”. In: Journal of Biomedical and
Healthcare Informatics. (2020), DOI: 10.1109/JBHI.2020.3029392.

Paper II

Gilbert, A., Holden, M., Eikvil, L., Aase, S. A., Samset, E., and McLeod, K.
“Automated Left Ventricle Dimension Measurement in 2D Cardiac ultrasound via
an Anatomically Meaningful CNN Approach”. In: Lecture Notes in Computer
Science. Vol. 11798, (2019), pp. 29-37. DOI: 10.1007/978-3-030-32875-7_4.

Paper III

Marciniak, M., Gilbert, A., Loncaric, F., Fernandes, J. F., Bijnes, B., Sitges,
M., King, A., Crispi, F., and Lamata, P. “Septal Curvature as a Robust and
Reproducible Marker for Basal Septal Hypertrophy”. In: Journal of Hypertension.
Vol. 38, (2021), DOI: 10.1097/HJH.0000000000002813.

Paper IV

Gilbert, A., Marciniak, M., Rodero, C., Lamata, P., Samset, E., and McLeod,
K. “Generating Synthetic Labeled Data from Existing Anatomical Models: An
Example with Echocardiography Segmentation”. In: Transactions in Medical
Imaging. (2021), DOI: 10.1109/TMI.2021.3051806.

vii

https://doi.org/10.1109/JBHI.2020.3029392
https://doi.org/10.1007/978-3-030-32875-7_4
https://doi.org/10.1097/HJH.0000000000002813
https://doi.org/10.1109/TMI.2021.3051806




Contents

Preface iii

Abstract v

List of Papers vii

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Aims of this project . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Context of the project . . . . . . . . . . . . . . . . . . . . . 2

2 Background 5
2.1 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Convolutional neural networks . . . . . . . . . . 5
2.1.2 Optimization . . . . . . . . . . . . . . . . . . . . 7
2.1.3 State-based networks . . . . . . . . . . . . . . . . 7
2.1.4 Generative adversarial networks . . . . . . . . . . 8
2.1.5 Deep learning workflows . . . . . . . . . . . . . . 8
2.1.6 Challenges for deep learning in medical imaging . 9

2.2 Human heart . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2.1 Anatomy and function . . . . . . . . . . . . . . . 11
2.2.2 Cardiovascular disease . . . . . . . . . . . . . . . 12

2.3 Echocardiography . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.1 Image formation . . . . . . . . . . . . . . . . . . 15
2.3.2 2D imaging . . . . . . . . . . . . . . . . . . . . . 17
2.3.3 3D imaging . . . . . . . . . . . . . . . . . . . . . 17
2.3.4 Doppler imaging . . . . . . . . . . . . . . . . . . 18
2.3.5 Relevant views . . . . . . . . . . . . . . . . . . . 20
2.3.6 Trade-offs . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Echocardiography analysis: workflows and automation . . 24
2.4.1 Acquisition . . . . . . . . . . . . . . . . . . . . . 24
2.4.2 Classification . . . . . . . . . . . . . . . . . . . . 25
2.4.3 Measurement . . . . . . . . . . . . . . . . . . . . 25
2.4.4 Diagnostics . . . . . . . . . . . . . . . . . . . . . 28
2.4.5 Challenges . . . . . . . . . . . . . . . . . . . . . . 28

3 Summary of Contributions 31
3.1 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.2 Innovations . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

ix



Contents

3.2.1 Automatic measurement in clinical software . . . 35
3.2.2 Open source software packages . . . . . . . . . . 35

3.3 Patents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4 Discussion 37
4.1 Automation in clinical workflows: observations from apply-

ing deep learning . . . . . . . . . . . . . . . . . . . . . . . 37
4.1.1 Emphasis should be placed on automating normal

cases with high precision . . . . . . . . . . . . . . 37
4.1.2 Deep learning is a tool rather than a replacement

for cardiologists . . . . . . . . . . . . . . . . . . . 37
4.1.3 Perceived accuracy may be more important than

measured accuracy . . . . . . . . . . . . . . . . . 38
4.1.4 Network architecture does not significantly affect

accuracy . . . . . . . . . . . . . . . . . . . . . . . 38
4.1.5 Domain-specific adaptations are critical for success 39
4.1.6 Measurement automation is more important than

automated diagnostics . . . . . . . . . . . . . . . 39
4.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.2.1 Fully automatic curvature measurements . . . . . 41
4.2.2 New measurements and applications . . . . . . . 41
4.2.3 Adding the temporal dimension . . . . . . . . . . 42

5 Conclusion 45

Bibliography 47

Papers 60

I User-Intended Doppler Measurement Type Prediction
Combining CNNs with Smart Post-Processing 61

II Automated Left Ventricle Dimension Measurement in 2D
Cardiac ultrasound via an Anatomically Meaningful CNN
Approach 77

III Septal Curvature as a Robust and Reproducible Marker
for Basal Septal Hypertrophy 87

IV Generating Synthetic Labeled Data from Existing
Anatomical Models: An Example with Echocardiogra-
phy Segmentation 97

Appendices 125

A The "Digital Twin" to enable the vision of precision
cardiology 127

x



Contents

B Confidence metrics for Paper II and Paper IV 141
B.1 Confidence metrics for Paper II: left ventricle dimension

measurement . . . . . . . . . . . . . . . . . . . . . . . . . . 141
B.2 Confidence metric for Paper IV: left ventricle segmentation 142

xi





Chapter 1

Introduction

1.1 Motivation

Cardiovascular disease can reduce the heart’s ability to distribute blood
throughout the body. It accounts for 20 million deaths every year, making
it the most common cause of death worldwide [1]. Cardiovascular ultrasound,
or echocardiography, uses ultrasound waves to view the structure, motion,
and blood flow of the heart. A fully analyzed echocardiography exam gives a
holistic evaluation of heart health that is valuable when performing diagnosis
and preparing a treatment plan for patients with cardiovascular disease. New
processing techniques in echocardiography bring advanced visualizations of
blood flow and image quality is continually improving with hardware and post-
processing advancements. Given the range of metrics it provides in addition to
the relative accessibility and real-time feedback, echocardiography is the most
widely used imaging modality when evaluating cardiovascular health [2].

However, acquisition, measurement, and evaluation of echocardiography scans
requires precision and training. Moreover, new metrics are continually being
added as new research highlights the potential for improved diagnostics. The
combination of more extensive exam protocols and an aging population places
pressure on already overburdened healthcare systems and raises the need for
automated tools that can simplify clinical workflows.

Deep learning is a sub-field of artificial intelligence which relies on multi-
layered neural networks to automatically process and understand natural inputs.
When given labeled training data, supervised deep learning techniques can match
human performance on common image analysis tasks such as classification,
regression, or semantic segmentation. These tasks map well to the requirements
of automated tools in medical imaging. Initial development of these techniques
within the medical domain has been challenging due to the lack of large open-
source datasets and adoption has been slow due to a hesitancy to rely on black
box methods in patient care settings. However, increasing availability of medical-
specific datasets and techniques to understand how networks make decisions [3]
have led to the move towards clinical adoption of deep learning solutions yielding
high performance [4].

Apart from efficiency improvements, deep learning techniques also offer the
opportunity to increase the accuracy and reproducibility of echo measurements.
Echo images can be more challenging to interpret than other modalities and
there are different opinions on how best to perform measurements, even
on high-quality images. Automated measurement systems can standardize
measurement practices. Standardization leads to more personalized treatment
since decreased variability increases the statistical significance of obtained
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1. Introduction

measurements, increasing the diagnostic value of those measurements.
Despite the positive successes achieved through the application of deep

learning, adapting to new applications remains a challenge. Each new application
requires a new labeled dataset which is expensive and time-consuming to acquire.
Augmentations, transfer learning, and domain adaptation can help reduce this
cost but nonetheless, annotation remains the largest hurdle in deep learning
applications. This is particularly a challenge in medical imaging where accurate
annotations are time-consuming and expensive to obtain due to the high level of
required expertise.

1.2 Aims of this project

The main goal of this thesis is to describe the use of deep learning techniques
in echocardiography. The first two parts of this thesis detail the application
of novel deep learning techniques to automate workflows and measurements in
echocardiography including specific adaptations for medical data. The third
part is a proposed method to unlock novel clinical metrics to improve diagnostic
power by leveraging the processing capacity of deep learning. Finally, in the
fourth part, novel methods are described to automatically generate synthetic
data to facilitate data acquisition for training new deep learning algorithms.

1.3 Context of the project

This thesis project was completed as a part of the Personalized In-silico Cardiology
(PIC) research project. The PIC project is a European Innovative Training
Network; a partnership of academic, industrial, and clinical partners focused
on transforming individualized cardiac care1. As outlined in the Digital Twin
consortium position paper, attached as an appendix to this thesis, the PIC
project aims to optimize diagnostics and therapy through personalized care
[5]. This is accomplished through the use of both mechanistic models that
provide interpretable predictions and statistical models that automatically
extract parameters and find hidden patterns. The first parts of this thesis
are targeted towards statistical methods for the extraction of parameters. The
final part demonstrates the synergies between mechanistic and statistical models
by combining structural understanding with image synthesis.

The work packages (WPs) of the PIC consortium are shown in Figure 1.1.
This thesis project fits within the scope of WP2, WP3, and WP5, as described
below:

• WP2: This thesis contributed to WP2 through the development of models
to automatically extract markers and predictions that enable diagnosis.

• WP3: This thesis proposed methods to use the information encoded
within anatomical models to generate new data sources.

1https://picnet.eu/: Marie Sklodowska-Curie grant agreement No 764738
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Context of the project

Figure 1.1: Work packages (WPs) within the PIC consortium.

• WP5: Several of the methods proposed in this these were integrated into
clinical workflows to improve diagnosis and therapy.

The work for this thesis was primarily conducted at GE Vingmed Ultrasound
(subsidiary of GE Healthcare), world leaders in cardiovascular ultrasound
equipment. Many of the objectives of this project were targeted towards
applications that were directly relevant to Vivid ultrasoud customers. GE
Vingmed provided the opportunity to receive early feedback from key industrial
and clinical leaders and several of the methods developed in this thesis were
tested and integrated within the diagnostic pipeline of GE’s line of Vivid
echocardiography scanners2.

2https://www.gehealthcare.co.uk/products/ultrasound/vivid
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Chapter 2

Background
This section provides necessary background information for presenting the articles
included in this thesis. First, a background on deep learning, the principle
method used in this thesis, is presented. Second, details on the anatomy of
the heart and cardiovascular disease are presented. Third, a brief summary of
echocardiography is provided. Finally, an overview of automation techniques
within echocardiography is presented.

2.1 Deep learning

Deep learning is a sub-field of artificial intelligence in which multi-layered neural
networks are trained from large amounts of data to automatically interpret
features in natural inputs such as images, videos, text, or audio. Powered by
an exponential increase in computing power and parallel training enabled by
graphics processing cards, research in deep learning has exploded in the decade
since it was spearheaded by the introduction of convolutional neural networks
(CNN) in 2012. The first CNNs pioneered the use of deep learning in image
classification and doubled the performance on the popular ImageNet database
[6]. Since then, deep neural networks have revolutionized machine performance
on a number of complex tasks such as object detection [7], translation [8], speech
recognition [9], game play [10], and autonomous vehicles [11].

The proficiency of deep neural networks for automatically processing complex
input features into actionable insights makes deep learning a natural choice for
analyzing medical images. Deep learning has been applied to a variety of tasks
in medical imaging, including measurements, segmentation, object detection,
classification, registration, and risk prediction [4], [12]–[15]. A brief overview of
deep learning techniques relevant to this thesis is presented below.

2.1.1 Convolutional neural networks

Convolutional neural networks (CNNs) consist of a series of layers of filters
where each filter is convolved over the image or the output of the previous set of
filters. More specifically, a layer contains K kernels, W = {W1,W2, ...WK} and
associated biases B = {b1, b2, ...bK}. As shown in (2.1), each filter is used to
generate a new feature map (X l

k) through a convolution with the outputs from
the previous layer (X l−1), as described in (2.1). To model non-linear effects an
element-wise non-linear transform (σ) is typically applied to each map (e.g. a
rectified linear unit [16]).

X l
K = σ(W l−1

K ~X l−1 + bl−1
K ) (2.1)

5



2. Background

This structure makes networks more efficient than fully connected networks
because detectors are learned for similar objects occurring at any point in
image space. Over time, typical architectures of convolutional neural networks
have evolved to achieve high performance for a wide variety of tasks. These
architectures are varied, but typically follow similar patterns: a) the height/width
of feature maps decrease at deeper layers in the network through pooling
operations while the depth increases through the application of more filters, b)
convolutional layers are interspersed with regularization, normalization, and
non-linear layers, and c) skip connections pass features from shallow to deeper
layers and serve as "gradient highways" during back-propagation to speed up
training and enable deeper networks.

Simplified diagrams of two common network architectures, U-Net [17] and
ResNet [18], are shown in Figure 2.1. U-Net is commonly used for segmentation
tasks. It consists of an initial down-sampling path followed by an up-sampling
path to the original input size, with skip connections bridging the two. ResNet
is a common choice for classification or detection tasks. It consists of residual
blocks (groups of convolutions, normalizations, and non-linear layers with skip
connections). The depth of U-Net and the number of residual blocks in ResNet
can be modified depending on the desired performance/speed trade-off and
available data of the chosen task. Bianco et al. give a complete overview of the
trade-offs of common architectures in performance, memory size, and speed [19].

Figure 2.1: Simplified diagrams of two common network architectures a) U-Net
[17] and b) ResNet (in this case ResNet-18) [18].

There are many possible variations on these common architecture structures,
and custom layers have also been developed for specific applications. Two
examples of relevant custom layers include coordinate convolution [20] and
soft-argmax [21], [22]. Coordinate convolution involves appending channels
representing image coordinates in the x and y dimension before the convolution
operation and is typically done at the input to the network. This provides
location information in cases where the location of a feature within an image is
important. A soft-argmax layer consists of an element-wise multiplication with
channels representing the x and y coordinates. This can be used to extract the
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center of mass of a relevant object when the feature map is a heatmap describing
that object’s location. Representations of both layers are shown in Figure 2.2.

Figure 2.2: Two examples of custom neural network layers. a) In coordinate
convolution, channels representing the x− and y−coordinates are appended
before the convolution operator [20]. b) In a soft-argmax layer, the center
of mass of a heatmap is extracted through element-wise multiplication with
coordinate channels [21]. The heatmap should be a probability distribution.

2.1.2 Optimization

Neural networks are optimized through gradient descent. Given a differentiable
objective function and a labeled sample, the difference between the desired
result and calculated result is measured (the loss). The contribution of each
filter to the loss is determined by back-propagating through the network layers
and an update to the kernel weights (W ) and biases (b) is calculated from the
back-propagated loss and a learning rate (α). Specifically, given loss L resulting
from a prediction from a series of convolutional layers (shown in Equation (2.1)),
each filter W l

k will be updated by W l
k = W l

k − α ∗ ∂L
∂W l

K

. The update ∂L
∂W l

K

is
calculated in earlier layers through the application of the chain rule.

This process is repeated for batches of labeled samples to optimize
performance across the entire dataset. Weight updates typically include a
momentum term to overcome local minima and learning rate schedulers which
dynamically update α through the course of training. Techniques such as dropout,
normalization, or regularization are used to prevent over-fitting to the training
data.

2.1.3 State-based networks

It is often advantageous for a network to maintain a state in between successive
predictions. In medical imaging this can be useful when making predictions
between time points (e.g. [23], [24]) or when making predictions for the
same patient given new data. State-based networks such as recursive neural
networks [25], long short-term memory networks [26], gated recurrent units [27],
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2. Background

reinforcement learning [28]–[30], or more recently transformer networks [31] are
useful for accomplishing this task.

2.1.4 Generative adversarial networks

Generative adversarial networks (GANs) were first developed for image
generation, but more broadly offer a different paradigm of training from the
traditional optimization described in Section 2.1.2. In an adversarial setup the
objective function is another network that is also dynamically improving during
training, rather than a static function.

Specifically, GANs consist of two networks, a generator (G(z; θG)) with
parameters θG and and discriminator (D(x; θD) with parameters θD. The
generator seeks to match the distribution of its output (pg) to the distribution
of a sample of real data (pdata) by transforming noise (z). D attempts to
differentiate between real data (x) and the output of the generator (G(z)). As
D learns to better differentiate, G must produce a more realistic output that
better matches pdata. Mathematically, this corresponds to a minimax game over
the objective V [32]:

min
G

max
D

V (D,G) = Ex∼pdata(x)[log D(x)] +Ez∼pz(z)[log (1−D(G(z)))] (2.2)

An overview of the general GAN architecture is shown in Figure 2.3. The
exact architectures and training procedures of the two networks are variable and
can be optimized based on the task. For example, G can be conditioned on a
separate variable [33] and this condition can take the form of another image
[34] to enable image-to-image translation. Other innovations in training and
network architecture have enabled the creation of high-resolution images that
are virtually indistinguishable from real images [35].

A more comprehensive review of state-of-the-art GAN techniques is given by
Wang et al. [36] and detailed specifically for medical imaging by Kazeminia et al.
[37]. One relevant innovation is cycle-consistent GANs (CycleGANs), which rely
on a paired GAN structure to perform unpaired image-to-image translation [38].
As shown in Figure 2.4 CycleGANs combine adversarial training with image
reconstruction losses used in auto-encoders [39] to enable translation between
two imaging domains without a dataset of paired images.

2.1.5 Deep learning workflows

The typical workflow for developing and testing a deep learning tool to be
integrated into clinical practice is shown in Figure 2.5. After the identification of
a relevant problem (see Section 2.4) the first step is the collection of data which
defines the scope of the solution, a trade-off between robustness and resources.
Increasing the variety of input data may help make the final network more
generalizable in practice, but will also exponentially increase the size of the
required dataset as more variations are included. Augmentations during training

8



Deep learning

Figure 2.3: The general architecture of generative adversarial networks (GANs).
A generator converts a noise sample to a fake image while a discriminator
attempts to distinguish between the generated images and real images. The
networks have opposite objectives for the same loss function

may help to reduce some of the required data for training, but all data types
should still be included in the validation datasets. The second step is annotating
the collected data to reflect the task the network should complete. Accuracy
expectations can also be defined in this step by evaluating inter-observer and
intra-observer errors. The third step is the training and validation of the network
where the architectures and modifications described above can be applied. Finally,
the tool is deployed in a clinical workflow.

2.1.6 Challenges for deep learning in medical imaging

There are several critical challenges for applying deep learning in medical imaging
workflows.

First, deep learning models are increasingly data-hungry, while data collection
remains a substantial (albeit sensible) hurdle within medical imaging due to
privacy regulations, which makes automated collection of large datasets such
as ImageNet impossible. Transfer learning from non-medical domains has been
successful in some cases, while providing no benefit in others due to the large
difference in feature appearance [40] 1. The smaller changes in pixel space of
medical images compared to traditional images can be an additional challenge
since the important feature differences between images are subtler and noisier.
Several open-source echocardiography datasets are now available [41]. However,

1Pre-trained models were tested in Paper II and Paper I and did not improve results
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2. Background

Figure 2.4: CycleGANs can be used for unpaired domain adaptation. a)
A CycleGAN consists of two generative networks. One is responsible for
transforming from domain A to domain B and one from B to A. b) During
training an image is passed through both generative networks. The objective is
both the valid reconstruction of the original input (auto-encoder loss) and the
creation of a realistic image in the second domain (adversarial loss). Horse and
zebra example images are from [38].

these datasets don’t cover variations in machines, views, and pathologies, which
can limit the ability to build tools that can be implemented in clinical practice.

Second, obtaining accurate annotations also represents a substantial challenge
for medical imaging. Accurately reading medical images requires expertise and
those with the required skillset are expensive. Augmentations can help in this
area. Some groups have proposed the use of statistical shape modeling to modify
images to include new natural shapes [42], [43] while others have proposed using
GANs to generate new realistic images and labels based on a prior distribution
[44]–[47]. In Paper IV we propose a method to solve this challenge by generating
images from anatomical models. We use both statistical shape models to add
new shape variations and GANs to generate realistic image appearances.

Third, the increase in the number of architectures, custom layers, loss
functions, augmentations, and other possible adaptations has also made training
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Figure 2.5: A simplified deep learning workflow. After determination of the
relevant problem and desired accuracy, data is collected and annotated, the
model is trained and validated, and the tool is deployed

of networks a time-consuming process due to the need to try many configurations.
While some attempts have been made to automate this process [48], creation of
optimal solutions requires a mix of application-specific and technical experience.

Finally, deployment remains a significant challenge as there is a wide range in
the computing power of echocardiography devices. Cloud deployment is possible
in some cases, but many hospitals are reluctant to use cloud-based solutions
and/or don’t have the proper infrastructure. Post-processing measurements
and diagnostics can be shifted to the cloud as regulatory requirements and
infrastructure are established, but real-time feedback applications will likely
continue to require on-device implementations.

While deep learning has the potential to significantly improve echocardio-
graphy workflows, there are a number of remaining challenges in developing
automatic workflows for echocardiography, as described above. As such, this
thesis describes methods to address these challenges to drive forward the use of
deep learning in echocardiography.

2.2 Human heart

The heart is responsible for pumping blood through the cardiovascular system
which distributes oxygen and nutrients throughout the body. The heart functions
through an intricate balance of the forces from electrically induced muscular
contractions and the pressures between different chambers and the circulatory
systems.

2.2.1 Anatomy and function

The heart pumps blood through the body’s two circulatory systems: pulmonary
and systemic. The pulmonary system carries blood to and from the lungs while
the systemic system distributes and returns blood from the rest of the body.
Pumping is controlled by four chambers and valves as shown in Figure 2.6. The
right side of the heart drives deoxygenated blood into the pulmonary system
toward the lungs while the left side propels blood into the systemic system.
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Figure 2.6: a) the basic anatomy and direction of blood flow in the heart. b) A
sliced view from the top of the heart demonstrating the position and anatomy
of the four valves in the heart. Images from [49].

Blood flow is accomplished through the alternating contraction and relaxation
of the heart muscles surrounding the four chambers. A single round of contraction
and relaxation constitutes a cardiac cycle. The cardiac cycle can be further
divided into several phases as shown in Figure 2.7 and described in detail in [50].

On the left side of the heart, ventricular diastole begins with the closure of
the aortic valve. During ventricular diastole, the mitral valve opens and blood
flows into the left ventricle through the left atrium, expanding the size of the
ventricle. At the end of ventricular diastole, atrial systole is initiated, contracting
the atrium and forcing additional blood into the ventricle. Diastole ends with
the closure of the mitral valve and with the left ventricle at maximum volume.
In systole, the left ventricle begins a period of isovolumetric contraction with
the aortic valve still closed. At the point where the pressure in the left ventricle
exceeds the aortic pressure, the aortic valve opens and the blood is forced out
into the aorta. The ventricle rapidly contracts and reaches its smallest volume at
end-systole, when the aortic valve closes and the process begins again. A similar
process occurs on the right side of the heart, although the pressures are lower.

The contraction of cardiac muscles is initiated by the electrical system of the
heart. Electrical impulses originate from the sinoatrial node, which emits a signal
once per cardiac cycle. This activates the contraction of the atrial musculature
and also travels to the atrioventricular node, which subsequently activates the
musculature of the ventricles [51]. Meanwhile, the function of the heart valves is
regulated by the changes in pressure between different chambers.

2.2.2 Cardiovascular disease

Despite its complexity, the heart is generally robust. However, cardiovascular
disease can cause structural or functional impairments that lead to disability,
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Figure 2.7: The cardiac cycle consists of one complete contraction and relaxation
of ventricles and atria as shown above. The contraction is regulated by electrical
impulses and the pressures and volumes in the chambers. Image from [49].

lower quality of life, or mortality. Cardiovascular health is a combination of
genetics and lifestyle factors such as diet, exercise, drug use, and stress.

Cardiovascular disease includes conditions effecting all aspects of structural
and functional heart health. For example, arrhythmias are caused by changes
in function of the electrical system which impede proper contraction of cardiac
muscles [52], [53]. Changes in valve anatomy cause leaks (regurgitation) or nar-
rowing (stenosis) which also inhibits normal blood flow [54]. Additionally, cardiac
muscles can weaken or stiffen and lead to cardiomyopathies. Cardiomyopathies
are typically caused by toxins (alcohol, drugs, chemotherapy, and others) or

13



2. Background

coronary artery disease (a buildup of plaque in the arteries bringing blood to
the muscles).

All of these diseases can lead to a reduced pumping capacity of the heart in
either the left or right side. While new studies have increasingly focused on the
role of the left atrium [55] and the harmful effects of right heart failure [56], [57],
the epidemiology, diagnosis, and treatment of heart failure has primarily focused
on the role of the left ventricle. Heart failure is broadly classified in two types
based on the ejection fraction of the heart, where ejection fraction describes the
percentage of blood pumped out from the left ventricle during each cycle:

• Heart failure with reduced ejection fraction occurs when the heart
pumps out a lower percentage of the blood in the left ventricle than normal.
This may be caused by cardiomyopathy, impairment of the valves due to
regurgitation or stenosis, high blood pressure in the arteries leading from
the heart, or arrhythmias.

• Heart failure with preserved ejection fraction occurs when the heart
still ejects a healthy/normal percentage of blood, but cannot properly relax.
This reduces the volume of blood in the ventricle and thus the total volume
of blood pumped. This may be caused by cardiomyopathy among other
causes.

The literature covering variants, diagnosis, and treatment of heart failure
is too varied to cover in detail here, but is regularly reviewed by clinical task-
forces [57]–[60]. However, one marker that is particularly relevant to this thesis
is hypertrophy, or abnormal thickening of the heart muscle. Left ventricle
hypertrophy can be a marker of several pathologies, including hypertension,
hypertrophic cardiomyopathy (HCM), sigmoid septum, aortic stenosis, or
adaptation to physical training [61], which have varying prospective outcomes.
For example, a sigmoid septum is not significantly correlated with cardiovascular
disease, nor mortality [62]. However, distinguishing between these pathologies is
difficult [63], [64] and hypertrophy itself is a major independent risk factor for
mortality and thus indicates that further investigation is necessary in patients
where hypertrophy is observed [65].

As described in this section, the heart is a complex, multi-faceted organ.
Advanced analysis techniques are required to investigate problems that can arise
due to disease or lifestyle factors. As such, this thesis describes techniques to
better enable imaging and analysis of the heart to support diagnostic workflows.

2.3 Echocardiography

The complicated nature of cardiovascular disease means diagnosis requires
a holistic view of the heart. This includes an analysis of cardiac structure,
hemodynamics, and electrical function. Ultrasound is a method for visualizing
internal structures by emitting high frequency sound waves and measuring the
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strength of the reflected signals. Ultrasound has emerged as the primary method
to provide a real-time imaging of the heart. A suite of analysis tools have been
developed to measure specific aspects of structure, function, and flow.

Ultrasound applied to the heart is known as echocardiography and was
initially developed in the early 1950s [66]. Echocardiography offers several
inherent advantages as a diagnostic tool over other cardiac imaging modalities
such as magnetic resonance imaging (MRI) and computed tomography (CT).
First, it is a real-time imaging method that can be dynamically adjusted to focus
on the relevant features in a given patient. Second, it has a lower cost and higher
accessibility, and unlike CT, has no ionizing radiation. Third, echocardiography
offers an improved temporal dimension compared to other modalities, with
approximately 100 frames per cardiac cycle (depending on resolution and
width of the scan), while MRI typically gives approximately 30 frames per
cycle. Echocardiography has a lower spatial resolution, but this resolution is
continuously improving and volume measurements using echocardiography exams
are shown to correlate closely with those done with CT imaging [67].

Because of these advantages, echocardiography is the most widely used
analysis tool for cardiologists. The community has also developed a set of
standard acquisitions and measurements [68], along with a resulting set of normal
values that allow clinicians to easily compare a variety of patient populations
when making a diagnosis [69]. Moreover, patients will often receive many
echocardiography scans over the course of their treatment, capturing the impact
of the treatment on their health.

2.3.1 Image formation

Ultrasound imaging consists of the emission and reception of high frequency
sounds, as shown in Figure 2.8. These waves are typically between 2-18 megahertz
(MHz) for medical applications [70]. When the emitted wave hits a tissue
boundary, part of the signal continues through the boundary, part is reflected,
and a small part may be absorbed.

Figure 2.8: Ultrasound imaging works by emitting high-frequency sound waves
from a probe and absorbing the corresponding reflected waves.

The strength of the ultrasound waves received back at the probe (echoes) are
measured to form the image. The time at which the signal is received indicates
the depth of the reflection, while the strength indicates the impedance of the
tissue at that depth. Due to reflection, refraction, and absorption, the strength
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(amplitude) of the ultrasound wave will decrease as the wave propagates through
tissue, but this can be automatically compensated for in imaging systems. The
strength of the received signal will also be a function of the angle of the tissue
relative to the probe, and structures oriented perpendicular to the direction of
the ultrasound waves will reflect a much stronger signal.

Figure 2.9: Echocardiography images are generated by emitting ultrasound in
a single scan-line and progressively sweeping this scan-line across a fan-shaped
region over time. The image is formed by measuring the strength and time delay
of received reflections from each scan line.

An image is formed by emitting multiple ultrasound waves across a
sector of scan-lines and measuring the reflected signals from each wave. In
echocardiography, these waves are emitted from a small probe and directed
outwards in a fan-like shape, as shown in Figure 2.9. This allows the ultrasound
probe to fit between small windows (e.g. between ribs) while giving a larger
viewing width at the depth of the heart. However, it also means that the lateral
resolution will be much higher closer to the probe than deeper in the tissue.

While there are strong reflected signals at the boundary between two different
materials, there are many individual scattering particles within tissue which also
reflect some sound. These are known as speckles, and are useful in tracking the
position of tissue over time. There are few scattering particles in blood so these
regions will appear dark in an image.

Ultrasound waves are emitted using piezoelectric crystals. The application
of an electric signal to these crystals causes them to vibrate, emitting a sound
wave. The crystals can be dampened to emit only a short pulse. The same
crystals can be used for recording because a sound wave hitting the crystal
will cause a vibration and elicit an electrical response. Ultrasound probes are
composed of arrays of piezoelectric crystals as well as acoustic focusing materials
and electronics to stimulate and record from the crystals.
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Figure 2.10: Example B-mode (left) and M-mode (right) echocardiography
images. In both cases the y-axis is depth. In B-mode images, the X-axis is width
and time is shown through a video loop. In M-mode images, the X-axis is time
and a small B-mode frame is shown at the to orient the 1D acquisition in space.
Both example images are in the parasternal long axis view (see Section 2.3.5) and
demonstrate common measurements in that view (these are the measurements
automated in Paper II).

2.3.2 2D imaging

There are several different modes of echocardiography imaging. In brightness
mode (B-mode) imaging, ultrasound signals are successively emitted in a
sweeping motion across a 2D plane as described above. For each emission (scan
line) the echoes are recorded to create an image of a sector beneath the probe.
This process is repeated to create a movie showing the motion of the heart.

Alternatively, pulses can be repeatedly emitted and recorded on the same
scan line (M-mode). The signal is recorded in the same way, but each new
pulse is visualized as a new column on the x-axis. Because only a single scan
line is imaged, the temporal resolution of M-mode images is much higher. These
images are used to view movement of high-velocity events, such as valve opening
and closings, more clearly. Example B-mode and M-mode images are shown in
Figure 2.10.

2.3.3 3D imaging

With advances in electronics, computing power, and signal processing, the
same principles used for 2D B-mode imaging can be extended to create 3D
real-time images. Real-time 3D is implemented in many commercial scanners
and is already an important part of many workflows, such as live feedback
during procedures. 3D offers the potential to better visualize complex anatomies
and avoid errors caused by foreshortening (see Section 2.3.5), and will play an
increasingly important role as resolution and visualization techniques improve.
However, much of the analysis of echocardiography images is still based on 2D
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images, where most of the previous data, tools, and guidelines are focused.

Figure 2.11: Example 3D B-mode image.

2.3.4 Doppler imaging

An alternative mode of imaging in echocardiography relies on the Doppler effect
to analyze the velocity of tissue movement and blood flow. As described in
Equation (2.3), the velocity (V ) of a particle can be determined by analyzing
the difference between the transmitted frequency (Ft) and received frequency
(Fs) of a wave. This effect captures only the velocity in the direction of the
transmission (hence the inclusion of cos(θ) in the denominator where θ is the
angle between the wave and the motion of the particle).

V = c ∗ (Fs − Ft)
2 ∗ Ft ∗ cos(θ)

(2.3)

This effect can be harnessed in several ways. In spectral Doppler the
frequency spectrum is analyzed at a single point over time (similar to M-mode
imaging). This is useful for analyzing blood flow or tissue movement at specific
regions of interest, such as valves. In spectral Doppler imaging, a cursor is
positioned over the region of interest and the frequency spectrum at the given
point is displayed over time. Spectral Doppler has two imaging modes: pulsed
wave and continuous wave Doppler. In pulsed wave (PW) Doppler, short
pulses of ultrasound are emitted (similar to above) and the frequency of each
returning echo is recorded. A frequency spectrum from the region of interest is
extracted and displayed as shown in Figure 2.14. However, due to the Nyquist
limit, higher frequencies cannot be measured with PW Doppler. The Nyquist
limit states that a waveform must be measured at least twice per wavelength
to accurately detect the frequency. Otherwise, aliasing may occur, as shown
in Figure 2.13. The frequencies measurable by PW Doppler are limited by the
pulse repetition frequency, which is fundamentally limited by the speed of sound
and depth of the region of interest.
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Figure 2.12: The various modes of Doppler acquisition: pulsed wave Doppler,
continuous wave Doppler, tissue velocity Doppler, and color flow Doppler.

There are several methods to increase the frequency range of PW Doppler.
First, the baseline can be adjusted, which corresponds to a change in the measured
frequency range. This can be useful in cases where the flow is mostly positive or
negative, as shown in Figure 2.14. Another method to increase the frequency
range is high pulse repetition frequency Doppler. In this mode a new pulse is
emitted before the echos from the previous pulse have returned to the probe.
This increases the measurable frequency range at the expense of adding some
depth ambiguity.

Tissue Velocity Doppler is pulsed wave spectral Doppler with the cursor
positioned over tissue rather than a region of blood flow.

Continuous Wave (CW) Doppler is the other mode of spectral Doppler
imaging. In CW Doppler pulses are constantly emitted and received. Since the
sampling rate is much higher, CW Doppler can measure much higher frequencies.
However, there is depth ambiguity since it is unclear to the receiver where the
echo was reflected.

While spectral Doppler shows a frequency spectrum over time at a specific
region of interest, Color Flow Doppler can be used to display velocities across
an area. Color Doppler is a pulsed wave technique where the beam is swept
across the heart (like in B-mode imaging), and the frequency for each returning
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Figure 2.13: Aliasing occurs when the sampling rate is lower than the Nyquist
limit. For example, given the black sampling points, either y0 or y1 would be a
valid measured frequency.

echo is measured. The intensity information from the echo is used to generate the
B-mode, while the frequencies are used to generate a color overlay corresponding
to the velocity. Red is used to indicate flow towards the probe and blue shows
flow away from the probe. The velocities can be filtered so that only those
relevant to blood flow are displayed. Color Flow Doppler can also be applied to
tissue rather than blood (Color Tissue Doppler).

2.3.5 Relevant views

During an echocardiography exam there are a set of standard B-mode views of
the heart that are typically used for analysis. Views are primarily categorized
by a) probe type, b) the location of the probe ("window"), c) the imaging axis of
the heart, and d) the feature focused on in the image.

There are three groupings of probes. Transthoracic echocardiography (TTE)
probes are used to image the heart externally from the surface of the chest
and are the most commonly used probe type in echocardiography, and the
focus of this thesis. TTE probes are smaller with respect to probe footprint
than ultrasound probes from other applications because ultrasound signals must
be sent and received through gaps in the ribs. Alternatively, transesophageal
echocardiography (TEE) probes are long and flexible and made to be inserted into
the patient’s esophagus. TEE provides better image quality in many cases, but
requires an invasive procedure, which may cause some discomfort to the patient.
As such, it is avoided when possible. Finally, in intracardiac echocardiography
(ICE) a miniature probe is inserted within a catheter tip within the heart. This
modality is used to guide surgeons during interventional procedures.
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Figure 2.14: The baseline is shifted higher in this pulsed wave Doppler spectral
image to avoid aliasing in the bottom part of the spectrum which will be measured.
This causes some aliasing to occur in the top part of the spectrum.

There are four primary windows for TTE probes, as shown in Figure 2.15.
An overview of the relevant views from each window is given below, and shown
in Figure 2.16.

2.3.5.1 Apical window

The apical window can be used to analyze the structure and function of all four
chambers. Together the apical views are used for measuring ejection fraction
and advanced functions such as strain.

• Apical four chamber (A4C): The "home" view. The probe is oriented
along the four-chamber plane and the interventricular septum bisects the
image. The probe can also be tilted and the image zoomed to focus on
either the left (A4C - LV)or right ventricle (A4C - RV) for more a
detailed analysis of those chambers.

• Apical two-chamber (A2C): Accessed by rotating the probe 60 degrees
counterclockwise from the A4C view. This view focuses specifically on the
left ventricle and atrium.

• Apical long-axis (A-LAX): Accessed by rotating the probe 60 degrees
counterclockwise from the A2C view. This view gives another view of the
left ventricle and atrium, including the left ventricle outflow tract.
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a) b)

c)LV Left ventricle
RV Right ventricle
LA Left atrium
RA Right atrium
LVOT Left ventricle outflow tract
RVOT Right ventricle outflow tract
AV Aortic valve
MV Mitral Valve
PV Pulmonary Valve
TV Tricuspid Valve

Parasternal probe position
Apical probe position

Key

Figure 2.15: Echocardiography imaging windows and planes. a) The primary
windows for transthoracic echocardiography: suprasternal, parasternal, apical,
and subcostal. b) The imaging planes seen from the parasternal window. c) The
imaging planes seen from the apical window.

• Apical five-chamber (A5C): Accessed by tilting the probe ventrally
from the A4C view to include the aortic valve and left ventricle outflow
tract (the fifth "chamber").

2.3.5.2 Parasternal window

The parasternal window is useful for measuring dimensions since many features
are oriented perpendicular to the direction of the ultrasound waves (and axial
resolution is much higher than lateral resolution). It can also be useful for
analyzing structures in the anterior of the heart such as the mitral and tricuspid
valves.

• Parasternal long-axis (PLAX): A long-axis view from the parasternal
window. Most commonly used to focus on either the left ventricle or the
left atrium/left ventricle outflow tract.

• Parasternal short-axis (PSAX): Accessed by rotating the probe 90
degrees from the PLAX view. A PSAX image can bisect the heart at the
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apex of the left ventricle (PSAX-AP), the middle of the left ventricle
at the level of the papillary muscles (PSAX-Mid), the base of the left
ventricle (PSAX-LV), the mitral valve (PSAX-MV), or the aortic valve
(PSAX-AV).

2.3.5.3 Subcostal window

The subcostal window provides an alternative view of many of the same imaging
planes mentioned above, without the obstruction of bones or lungs. In particular,
the subcostal window provides a better view of the right side of the heart,
including the vena cavae.

2.3.5.4 Suprasternal window

The suprasternal window is less frequently used, but provides a view of the aortic
arch.

Figure 2.16: The most commonly used views in echocardiography.

2.3.6 Trade-offs

The quality of an echocardiography image will depend on several factors. The
lateral resolution (resolution across the width of the image) is based on the
number of scan lines and spacing between each scan line. The lateral resolution
will also vary at different depths due to the widening of the sector, as well as
beam aperture and focusing characteristics. The axial resolution (resolution in
the direction of the beam) depends on the frequency of the ultrasound. Higher
frequencies of transmission will give a better axial resolution, but higher frequency
waves will not be able to penetrate as deeply into tissue.

The temporal resolution (or pulse repetition frequency) is mainly limited
by the speed of sound (1540 m/s in the heart) and the width and depth of the
desired image. This trade-off between spatial and temporal resolution is shown
in Equation (2.4), where t is the time per frame, d is the desired depth, n is the
number of scan-lines, and c is the speed of sound. As an example, to achieve 40
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frames per second with 128 scan lines, the depth should be no greater than 15
cm.

t = 2 ∗ d ∗ n
c

(2.4)

2.4 Echocardiography analysis: workflows and automation

Accurate assessment of cardiac structure, function, and hemodynamics is essential
for accurate diagnosis and treatment of patients suffering from cardiovascular
disease [71]. A thorough assessment requires (a) a large set of images from
various views and modes, (b) measurements of important parameters within
each image, and (c) a diagnosis of the patient’s condition based on the images,
measurements, and other patient characteristics such as age, medical history
and genes.

Current guidelines recommend well over 100 different images and measure-
ments for a basic echocardiography examination, with more required for investi-
gating specific chambers and pathologies [72]. Moreover, new measurements are
continually being developed by the clinical community to better assess patient
health. This extensive protocol requires automated tools to enable a high-quality
assessment of each patient. The advanced interpretation capabilities of deep
learning offer the chance to automate many parts of this workflow and free up
clinicians’ time to focus on interpretation and advanced analyses [73]–[75].

Figure 2.17: The main steps in the echocardiography workflow: acquisition of
the images, classification into different image types, measurement of parameters,
and analysis/diagnostics.

Figure 2.17 provides an overview of the echocardiography workflow and the
following sections review each part, as well as how deep learning can be used
to automatically perform the work. Note that this thesis specifically focuses on
automating the classification (Section 2.4.2) and measurement (Section 2.4.3)
parts of the workflow.

2.4.1 Acquisition

The first step in the echocardiography workflow is acquiring a set of images
to analyze. Guidelines document the set of important views to acquire (see
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Section 2.3.5), although it may vary between clinics and depend on the history
and diagnosis of the patient.

During acquisition, deep learning can provide estimates of image quality
[76], foreshortening detection [77], or guidance [78]. Quality assessments
are useful to ensure that accurate measurements can be obtained from the
acquired images. Foreshortened images will also change the measurements
(see Section 2.4.5), so automated foreshortening detection can prevent these
errors. While foreshortening detection so far has focused on the left ventricle,
foreshortening can also significantly effect measurements of the left atrium [79]
and right ventricle [80]. Guidance can help novice users find the correct view
planes, and speed up the acquisition process.

2.4.2 Classification

The second step in an echocardiography workflow is to categorize each image to
determine which measurements should be applied. An expert user can typically
perform this action quickly, but since classification must be performed for every
image, the time-savings from an automated workflow add up.

Deep learning has primarily been applied to view classification of B-mode
images [73], [81], [82]. B-mode images are prioritized since M-mode images are
no longer recommended for most measurements, and are only used in specialized
cases to evaluate high-velocity tissue movements and volumetric assessments of
flow [83].

Extending classification to include Doppler images was a part of this thesis.
Paper I describes a proposed method to automate classification of Doppler
spectra to enable automated measurement workflows for Doppler imaging.

2.4.3 Measurement

The third step in the echocardiography workflow is measurement of important
parameters from each image. Typically, this consists of structural measurements
and functional measurements. Structural measurements include dimensions,
areas, or volumes, while functional measurements include velocities of wall motion,
assessments of blood flow (from Doppler), or advanced quantification from
speckle tracking. Speckle tracking echocardiography quantifies the movement of
specific tissue regions over time by tracking each region through the distinctive
pattern of speckles. Speckle tracking can be used to quantify the strain (degree
of deformation) and strain rate of different cardiac muscles. As shown in
Figure 2.18, basic structural and functional measurements can be combined to
derive additional parameters [72].

Thus far, measurement automation has primarily focused on area measure-
ments of the left ventricle, because an area estimate can provide a measure of
ejection fraction as well as the initial region of interest necessary for left ventricle
strain quantification. Typically, the methods for area estimates have consisted
of a segmentation of the left ventricle in one or more apical views [73], [77],
[84]–[86]. Automated segmentation methods have been shown to correlate well
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Figure 2.18: The measurement pipeline consists of primary dimension, area,
and Doppler measurements. From these, derivative structural metrics (e.g.
mass/volume) and functional metrics (e.g. blood flow/ejection fraction) are
extrapolated and used to build a diagnosis. Advanced measurements (e.g. strain)
and alternative factors (e.g. age/patient history) also contribute to the diagnosis.

with manual measurements [87]. Some groups have directly estimated ejection
fraction without performing a segmentation to find volumes [75], which reduces
possible sources of error, but operates as a black box for the user.

Other methods have focused on the automation of spectral Doppler
measurements by segmenting the envelope of the spectrum, either through
deep learning [88]–[90] or traditional methods (see [41]). Segmentation of the
mitral and aortic annuli has also been automated with high accuracy for flow
measurements and valve replacement planning [91]–[94].

Although an important part of the analysis workflow, 2D measurements
have been automated to a lesser extent. Three recent review articles on
machine learning in echocardiography did not include a section on 2D dimension
measurements [41], [95], [96], and Zhang et al.’s fully automated echocardiography
pipeline ignored automation of 2D measurements [73].

There are several reasons for this. First, there is a higher inter-observer
error in 2D measurements than most others [97], increasing the difficulty of
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accurate automation. Second, more data is typically required for training a 2D
measurement network since there is less information in each sample. Third, 2D
measurements often have significant variations in the measurement method. 2D
measurements can be performed in B-mode or M-mode depending on operator
preference2 and measurement location can also significantly vary depending
on the presence of pathologies. For example, the presence of basal septal
hypertrophy can significantly effect the measurement process for interventricular
septum measurements of the left ventricle [72].

As shown in Figure 2.19, basal septal hypertrophy (also known as sigmoid
septum) is a localized thickening of the upper septal region. The methodology
for performing intraventricular septum measurements must be adjusted based
on this pathology. While the measurement is typically done at the level of the
mitral valve leaflets, it should be moved more apically given a sigmoid septum.
Encoding this type of pathological knowledge in an automated algorithm is
difficult. Basal septal hypertrophy is relatively common in elderly patients (2-6%
in patients 65-85 and 17% in patients 85+ [98]) so changes in measurement
protocol are relatively common.

Figure 2.19: Measurements of left ventricle dimensions in the parasternal long
axis vary depending on the presence of ventricular septal hypertrophy (also
known as a sigmoid septum). In the normal case (left) the measurements should
be conducted at the level of the mitral valve leaflets. With a sigmoid septum
(right) measurements should be placed more apically. Images from [72].

This thesis focuses on adding automation of 2D measurements to the
echocardiography workflow. Paper II demonstrates a method for measurements
of left ventricle dimension measurements, while Paper III exhibits a new
measurement for diagnosing basal septal hypertrophy.

2Although the guidelines recommend B-mode, many users still perform the measurements
in M-mode because of habit.
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2.4.4 Diagnostics

Automated diagnostics have typically followed a decision-tree approach by
developing machine learning classifiers which can discover patterns between
a wide range of parameters both from the B-mode and Doppler echocardiography
data and patient characteristics [99]–[105]. These techniques are capable of
simultaneous encapsulation of many different types of data to provide pathways
for automatically flagging abnormal cases for additional review.

More recently, unsupervised deep learning has expanded the capabilities of
diagnostics [106]–[111]. One strength of these unsupervised techniques is that
they analyze patients on a spectrum, which better models the continuum of
diseases in real life. In addition, these methods offer better opportunities to
integrate parameters from many different data sources and the discovery of novel
patterns through the analysis of high-dimensional data [112].

2.4.5 Challenges

Numerous challenges hinder the high-quality acquisition and analysis of
echocardiography images as described in the following subsections.

2.4.5.1 Challenges for acquisition

Interference from ribs and dampening from other structures often inhibits proper
visualization. The anatomy and relative positioning of every heart varies. For
example, the heart is oriented more vertically in thinner patients. Additionally,
the heart is beating and aside from the natural expansion/contraction that
composes the beating motion, the heart translates and rotates through the cycle.
These motions mean a 2D ultrasound plane will image different cardiac structures
at different points in the cardiac cycle, and it is very difficult to optimize the view
across the cycle. There is no acquisition protocol that works for all patients and
sonographers often must be creative in probe positioning and angling to acquire
images. Incorporating this knowledge into automated acquisition algorithms
remains a significant challenge.

Foreshortening is also a common problem in echocardiography acqusition,
where the 2D imaging plane does not bisect the largest part of the chamber.
From a 2D acquisition, determining whether foreshortening occurs requires a
careful analysis of the structures and motion. An example foreshoretened image
of a parasternal acquisition is shown in Figure 2.20. A foreshortened image can
lead to errors down the pipeline in measurement and diagnosis.

2.4.5.2 Challenges for automated analysis

Deep learning is notoriously sensitive to variations in the input space that have
not been observed during training [113]. Indeed, some studies have shown neural
networks are significantly more biased by the texture of images than the structure
[114], although this effect varies depending on the dataset and augmentations
used [115]. Changes in the input data that were not observed during training
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Figure 2.20: Foreshortening leads to errors in analysis. The PLAX image (right)
is not positioned to bisect the largest part of the ventricle as demonstrated
by the measurement shown in the bi-plane PSAX image (left). This leads to
measurement errors, as the size of the ventricle is underestimated. Image from
[72].

is referred to as under-specification. Under-specification can cause issues in
medical imaging domain since there is variation in image textures at many levels;
between different vendors, between machines produced by the same vendor, and
between different imaging settings on the same machine. Indeed, significant
performance drops were demonstrated when algorithms trained on one dataset
were tested on a dataset from a different vendor/clinic [116].

The effects of under-specification were demonstrated with several datasets in
Paper IV. Paper I used a test dataset from a separate clinic from the training
set and a small drop in accuracy was observed due to differences in acquisition
practices (see Paper I for details).

Echocardiography can be a powerful imaging and analysis technique, but
there are opportunities to enhance this power by increasing the reproducibility
and efficiency with deep learning.
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Chapter 3

Summary of Contributions

This chapter provides a brief overview of the motivation and outcomes of the
publications included in this thesis. Figure 3.1 shows how each of the papers
fits within the context of the echocardiography and deep learning workflows
described above.

Figure 3.1: The contributions of this thesis within the spectrum of echocardiogra-
phy and deep learning workflows. Paper I demonstrates automated classification
and Paper II shows automated measurements. Paper III focuses on measurements
as well, but from the perspective of the improved diagnostic value of a new mea-
surement. Finally, Paper IV automates part of the data collection and annotation
pipeline for creating new deep learning algorithms within echocardiography

3.1 Publications

Paper I: User-Intended Doppler Measurement Type
Prediction Combining CNNs with Smart Post-Processing

Andrew Gilbert, Marit Holden, Line Eikvil, Mariia Rakmail, Aleksandar Babić,
Svein Arne Aase, Eigil Samset, and Kristin McLeod, Journal of Biomedical and
Healthcare Informatics, 2020.
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As discussed in Section 2.3.4, spectral Doppler measurements are an important
part of the standard echocardiography examination. These measurements
give insight into myocardial motion and blood flow, providing clinicians with
parameters for diagnostic decision making. Many of these measurements are
performed automatically with high accuracy, increasing the efficiency of the
diagnostic pipeline. However, full automation is not yet available because the
user must manually select which measurement should be performed on each
image.

In Paper I, we developed a pipeline based on convolutional neural networks
(CNNs) to automatically classify the measurement type from spectral Doppler
scans. The proposed algorithm enables a fully automatic pipeline from acquisition
to Doppler spectrum measurements. We achieved 96% accuracy classifying
18 measurement types on a test set drawn from separate clinical sites. In
the same way that view recognition enables automatic processing of B-mode
images, Doppler spectrum classification enables automated inference of which
measurements should be applied.

The principle contributions included demonstrating how multi-modal
information in each spectral Doppler recording can be combined using a meta-
parameter post-processing mapping scheme and heatmap-encoding at the input
of the network to include coordinate locations. Additionally, the effects of
network architecture and ensemble networks were explored to examine the
trade-off between accuracy, speed, and memory usage for resource-constrained
environments. Finally, a confidence metric was developed using the values in the
last fully connected layer of the network and we showed the confidence metric
can prevent many misclassifications.

Paper II: Automated Left Ventricle Dimension Measurement
in 2D Cardiac ultrasound via an Anatomically Meaningful
CNN Approach

Andrew Gilbert, Marit Holden, Line Eikvil, Svein Arne Aase, Eigil Samset,
and Kristin McLeod, Smart Ultrasound Imaging workshop at MICCAI 2019.
Lecture Notes in Computer Science.

Two-dimensional echocardiography measurements of the left ventricle are
highly significant markers of several cardiovascular diseases and are often used
in clinical care, despite suffering from large variability between observers. This
variability is due to the challenging nature of accurately finding the correct
temporal and spatial location of measurement endpoints in ultrasound images.
These images often contain blurry boundaries and varying reflection patterns
between frames.

In Paper II, we presented a convolutional neural network-based approach
to automate left ventricle measurements. Treating the problem as a landmark
detection problem, we proposed a modified U-Net CNN architecture to generate
heatmaps of likely coordinate locations. Results showed 13.4%, 6%, and 10.8%
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mean percent error on intra-ventricular septum, left ventricle internal dimension,
and left ventricle posterior wall measurements respectively. These results match,
or approach intra-observer expert error.

While previous works had focused on either septum or internal dimension
measurement, this paper demonstrated accurate measurement of three dimen-
sions. The additional challenge of achieving results that are logical with respect
to the other measurements makes this a more difficult task than independent
measurements. In addition, principle contributions included demonstration of
coordinate convolution to better localize points, the use of anatomically mean-
ingful heatmaps as labels, and a multi-component loss function which optimizes
for landmark location as well as measurement size and visual appearance.

Paper III: Septal Curvature as a Robust and Reproducible
Marker for Basal Septal Hypertrophy

Maciej Marciniak, Andrew Gilbert, Filip Loncaric, Joao F. Fernandes,
Bart Bijnens, Marta Sitges, Andrew P. King, and Pablo Lamata, Journal of
Hypertension, 2021.

Basal septal hypertrophy is an asymmetric, localized thickening of the upper
interventricular septum, and constitutes a marker of an early remodelling in
patients with hypertension. This morphological trait has been extensively
researched because of its prevalence in hypertension, yet its clinical and prognostic
value for individual patients remains undetermined. One of the reasons is the
lack of a reliable and reproducible metric to quantify the presence and the extent
of BSH. Paper III proposed the use of the curvature of the left ventricular
endocardium as a robust feature for basal septal hypertrophy characterization,
and as an objective criterion to quantify the degree of sigmoidal septum which
is currently mostly subjectively analyzed via visual assessment.

Robustness and reproducibility were assessed on a cohort of 220 patients,
including 161 hypertensive patients (32 with BSH) and 59 healthy controls.
Results showed that compared with the conventionally used wall thickness
metrics, the new marker was more reproducible (relative standard deviation
of errors of 7% vs. 13%, and 8 vs. 38% for intra-observer and inter-observer
variability, respectively). The correlation between the new marker and functional
parameters related to basal septal hypertrophy were also better than wall
thickness, with the main difference being in local deformation changes assessed
by longitudinal strain (absolute rank correlation 0.417 vs. 0.341) .

The primary contribution was the demonstration of the proposed marker,
called average septal curvature. Average septal curvature is defined as the inverse
of the radius adjacent to each point of the endocardial contour along the basal
and mid inferoseptal segments of the left ventricle. Average septal curvature is a
more precisely defined and reproducible metric than thickness ratios, it can be
fully automated, and better infers the functional remodelling.
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Paper IV: Generating Synthetic Labeled Data from Existing
Anatomical Models: An Example with Echocardiography
Segmentation

Andrew Gilbert, Maciej Marciniak, Cristobal Rodero, Pablo Lamata, Eigil
Samset, and Kristin McLeod, Transactions on Medical Imaging, 2021.

As demonstrated in Paper I and Paper II, deep learning can bring time savings
and increased reproducibility to medical image analysis. However, acquiring
training data is challenging due to the time-intensive nature of labeling and high
inter-observer variability in annotations.

Rather than labeling images, in Paper IV we proposed an alternative pipeline
where images were generated from existing high-quality annotations using
generative adversarial networks. The annotations were derived automatically
from anatomical models and were transformed into realistic synthetic ultrasound
images with paired labels using a CycleGAN.

We demonstrated the pipeline by generating synthetic 2D echocardiography
images to compare with existing deep learning ultrasound segmentation datasets.
A convolutional neural network was trained to segment the left ventricle and
left atrium using only synthetic images. Networks trained with synthetic images
were extensively tested on four different unseen datasets of real images with
median Dice scores of 91, 90, 88, and 87 for left ventricle segmentation. These
results matched inter-observer results measured on real ultrasound datasets and
are comparable to a network trained and tested on sets of real images from
different datasets. Results demonstrated the images produced can effectively be
used in place of real data for training.

In addition to the proposed pipeline and the demonstration on left ventricle
segmentation, contributions included a thorough analysis of sources of error in
segmentation including differences in shape, texture, and annotator style. The
proposed pipeline opens the door for automatic generation of training data for
many tasks in medical imaging as the same process can be applied to other
segmentation or landmark detection tasks in any modality.

Appendix A: The "Digital Twin" to enable the vision of
precision cardiology

Jorge Corral-Acero, Francesca Margara, Maciej Marciniak, Cristobal Rodero,
Filip Loncaric, Yingjing Feng , Andrew Gilbert, Joao F Fernandes, Hassaan A
Bukhari, Ali Wajdan, Manuel Villegas Martinez, Mariana Sousa Santos, Mehrdad
Shamohammdi, Hongxing Luo , Philip Westphal, Paul Leeson, Paolo DiAchille,
Viatcheslav Gurev, Manuel Mayr, Liesbet Geris, Pras Pathmanathan, Tina
Morrison, Richard Cornel, Frits Prinzen, Tammo Delhaas, Ada Doltra, Marta
Sitges, Edward J Vigmond, Ernesto Zacur, Vicente Grau, Blanca Rodriguez,
Espen W Remme, Steven Niederer, Peter Mortier, Kristin McLeod, Mark
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Potse, Esther Pueyo, Alfonso Bueno-Orovio, and Pablo Lamata, European
Heart Journal, 2020.

Providing therapies tailored to each patient is the vision of precision medicine,
enabled by the increasing ability to capture extensive data about individual
patients. In Appendix A, a position paper from the Personalized In-silico
Cardiology consortium (see Section 1.3), we argued that the second enabling
pillar towards this vision is the increasing power of computers and algorithms to
learn, reason, and build the ‘digital twin’ of a patient. Computational models
are boosting the capacity to draw diagnosis and prognosis, and future treatments
will be tailored not only to current health status and data, but also to an
accurate projection of the pathways to restore health by model predictions.
The early steps of the digital twin in the area of cardiovascular medicine were
reviewed, together with a discussion of the challenges and opportunities ahead.
We emphasized the synergies between mechanistic and statistical models in
accelerating cardiovascular research and enabling the vision of precision medicine.

3.2 Innovations

Work from two of the articles presented in this thesis was integrated into the GE
Healthcare software ecosystem used in echocardiography machines worldwide.
The methods from the other two papers were released as open source software
packages.

3.2.1 Automatic measurement in clinical software

Results from Paper I and Paper II were included as a part of the new Vivid Ultra
Edition software release from GE Healthcare. AI Auto Spectrum Recognition1

was based on the work presented in Paper I. AI Auto Measure 2D2 was based
on the work presented in Paper II with the addition of the confidence metrics
described in Appendix B.

Both of these tools were received positively in early clinical use. Feedback
from customers on AI Auto Spectrum Recognition included: “AI does an amazing
job”, “HUGE TIMESAVER”, “much more accurate and easier to use than any
other vendor” and “[with this tool we] may even have time for lunch”. Feedback
on the AI Auto Measure 2D included: “extremely happy with this new tool”,
“worked extremely well with little need to manipulate measurements”, and “[AI
Auto Measure 2D] will revolutionize [our] workflow”.

3.2.2 Open source software packages

The sources for the methods presented in Paper III and Paper IV were released
as open software packages. The repository for Paper III3 contains tools for

1Demo available: https://gevividultraedition.com/iq/auto-measure-sr
2Demo available: https://gevividultraedition.com/e95/auto-measure-2d#
3https://github.com/MaciejPMarciniak/curvature
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calculating the curvature of a line, surface and 3D mesh. The repository for
Paper IV4 contains tools for extending a set of anatomical models using principle
component analysis, extracting images from the models, transforming to realistic
ultrasound images using GANs, training/testing segmentation networks, and
links to anatomical models that can be used for training.

3.3 Patents

Two patent disclosures were filed as a part of the work in this thesis.

Method of Performing Automated Measurements Over
Multiple Cardiac Cycles

Andrew Gilbert, Gunnar Hansen, Svein Arne Aase, and Andreas Heimdal,
2020.

Automated echocardiography measurement systems enhance measurement
reproducibility by combining measurements across multiple cardiac cycles and
images. This patent disclosure describes a method for using deep learning
confidence metrics and traditional statistical analysis to combine measurements
across cycles into a global result and measure deviation across cycles. It also
describes methods to pick the optimal cycle and measurement to show the user.

Systems and Methods for Adaptive Measurement of Medical
Images

Andrew Gilbert, 2021.

This disclosure presents a method for adapting automated systems to user
input to adapt to variations in user preference. In a measurement with many
degrees of variability, such as a measurement of multiple dimensions or a
segmentation, a user may want to override one part of the measurement. This
disclosure describes approaches to adapt the remaining points to user corrections
using heatmap encoding.

4https://adgilbert.github.io/data-generation/
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Chapter 4

Discussion
In this thesis, methods have been presented to improve workflow and
measurements in echocardiography. Additionally, systems were developed for
simplifying future automation projects through the automated generation of
synthetic training data. In this section we present important takeaways from
this work as well as areas of future improvement.

4.1 Automation in clinical workflows: observations from
applying deep learning

The primary goal of automation is to increase the efficiency and reproducibility
of analyses. Given the broad spectra of potential applications, it is important to
evaluate where the most impact can be obtained in automating clinical workflows.

4.1.1 Emphasis should be placed on automating normal cases
with high precision

Deep learning is fragile and may have unpredictable results on unseen inputs.
Given the large spectrum of potential inputs, it is more important to tackle
the normal cases rather than trying to optimize predictions across a wide range
of pathologies. The diversity of cases makes it impossible to automate across
the disease spectrum [117] and corner cases will need to be manually reviewed
anyway. Focusing on automating the normal cases with high precision will
lead to high-impact tools that can increase the usability and repeatability of
echocardiography examinations.

Rather than trying to handle all corner cases, automated tools can help flag
potentially troublesome cases for manual review. Confidence metrics attached
to the output of a network help achieve this. Sample confidence metric methods
are presented in Paper I and Appendix B. Confidence measurements can help
reduce uncaught errors and highlight improvement areas for automated tools.

4.1.2 Deep learning is a tool rather than a replacement for
cardiologists

The rise of AI and deep learning has caused some prominent experts to claim
that radiologists will be "obsolete" soon. However, as discussed above, deep
learning is still far away from being able to handle the wide variety of cases seen
in real life. While powerful, deep learning cannot replicate the nuanced view a
cardiologist has. Moreover, there are significant practical problems to solve when
implementing an automated system (e.g. [118]). Rather, medical image analysis
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will continue to evolve with deep learning serving primarily as an assistive tool
rather than a replacement for human interpretation. The combination of human
and machine intelligence will enable more advanced analyses.

4.1.3 Perceived accuracy may be more important than measured
accuracy

For clinical acceptance, perceived accuracy is often more important than real
accuracy. For example, the angles and relative positioning of measurement
calipers in Paper II were just as important as the accuracy when judged by
experts. For example, Figure 4.1 demonstrates an example set of measurements
which make sense individually, but not collectively. This means that clinical
experts should be involved throughout the process when determining evaluation
metrics and loss functions for new automated tools.

Figure 4.1: The example interventricular septum (IVS), left ventricle internal
dimension (LVID), and left ventricle posterior wall (LVPW) measurements shown
above are relatively accurate individually, but may be accepted collectively due
to the differences in angle and positioning.

4.1.4 Network architecture does not significantly affect accuracy

One takeaway from the work presented in this thesis is that network architecture
typically does not play a significant role. There are architectures that perform
well for specific tasks (e.g. U-Net [17] for segmentation and ResNet [18] for
classification) but accurate results can be achieved with variations on the broad
themes proposed by these architectures. However, within the field there is often
an over-emphasis on the effects of architecture. Network architecture experiments
were conducted in Paper I and Paper II and showed only minor differences in
performance. Many of the accuracy changes from varying architecture can be
attributed to hyperparameter optimization, and Isensee et al. demonstrated that
architectural hyperparameter optimization could be automated to achieve better
accuracy [48].
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4.1.5 Domain-specific adaptations are critical for success

However, the relative insignificance of network architecture does not mean that
problems in medical imaging can be solved with by simply plugging in pretrained
networks. A detailed understanding of the problem is required for accurate and
robust application of deep learning to medical imaging. This often includes
domain-specific adaptations to the input/output layers of the network, the
structure of the loss function, or the setup of the proposed problem for the
network to solve. For example, many tasks could be framed as either a landmark
detection or a segmentation, and these approaches offer different trade-offs. As
another example, the domain-specific adaptations at the input and the output
of the network presented in Paper I achieved higher accuracy (96.4% vs 91.6%)
with a much larger class set (18 classes vs. 3 classes) than other works which
relied on fine-tuning networks pretrained on ImageNet [89].

4.1.6 Measurement automation is more important than
automated diagnostics

The primary goal of echocardiography analysis is to diagnose a patient and
create a treatment plan. This has traditionally been done by creating a set of
measurements and evaluating those compared to normal ranges of values (an
"evidence-based" diagnosis). However, there are several drawbacks to performing
measurements:

• Measurements introduce a new source of potential error in the diagnostic
pipeline, and as described in Chapter 2 (and demonstrated in Paper II,
Paper III, and Paper IV) the variability in these measurements can be
substantial.

• Some works have also shown high accuracy of direct visual assessment
of parameters such as ejection fraction without needing to measure [119],
[120], although others have found visual assessment to be less reliable [87].
Feedback from clinicians on automated measurement algorithms has also
suggested that automatic direct visual assessment may eliminate the need
for performing the measurements.

• Early work on algorithms that can jump directly from imaging (with or
without other data) to diagnoses has been relatively successful [73], [93],
[121]–[124].

The successes of direct diagnostic prediction and the shortcomings of
measurements (automated or manual) beg the question of whether algorithms
that jump directly to a diagnosis are a more impactful area of research than
focusing on automating measurements. The progress of other deeper and deeper
networks in other fields such as the GPT model in language modeling [125]–[127]
demonstrates that perhaps the only obstacles standing in the way of this vision
are larger datasets and more computing resources. The allure of completely

39



4. Discussion

automated processing from images to a disease classification is appealing both
to the clinicians tasked with performing copious measurements on every exam
and the engineers attempting to automate those measurements.

However, even in this idealized vision of a diagnostic future, traditional
measurements will have a role to play. While informative, advanced deep models
are susceptible to including biases found in the initial data (e.g. racial/gender
biases in [127]). Measurements offer one road for finding these biases and methods
for correcting them.

Additionally, automated detection of low-level parameters is more tedious
to perform than interpretation [128], [129]. Clinical feedback to GE Vingmed
reports decreased variability in measurements and reduction in tedious manual
tasks as the top priorities for future tools. This feedback is reflected in reports
on demand, where quantitative tools make up the majority of the current and
projected market for artificial intelligence tools in echocardiography [130].

Furthermore, as discussed above, deep learning algorithms are still far from
being able to handle all of the corner cases seen in real patient care. Mistakes
from automated diagnostics algorithms have higher consequences for patients
and currently provide limited reasoning for the classifications made. Black-box
solutions such as automated diagnostics also require much more significant
validation trials before widespread use while automated measurements can be
easily visualized and reviewed.

Measurements also offer a method for better understanding the decisions
made by these models. The vision behind the development of this thesis (and
the PIC consortium) is that the future of personalized cardiology relies on the
simultaneous development of both a rich understanding of the mechanisms at play
through mechanistic modeling and the interplay of mechanisms and correlations
to outcomes through statistical modeling [5]. This vision is embodied within
the digital twin where analysis of both the patients position in the population
spectrum and detailed structural/functional analyses can occur. The automation
of measurements increases the reliability of mechanistic modeling and the power
of statistical modeling through increased accuracy and reliability.

Future workflows should rely on a combination of algorithms that can
automatically provide meaningful insights about patients and those that can
add the measurements and reasoning that re-enforce that insight. In this regard,
algorithms that can integrate traditional measurements, markers from varying
sources, and novel parameters interpreted directly from images are essential
[131]. Additionally, rather than binary classifications, future algorithms should
focus on encoding images and other data sources into manifolds which describe
the patient’s position within a spectrum of pathologies [106], [110], [111], [132].
Grading on a continuum offers a more nuanced and realistic view of how different
diseases interact.
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4.2 Future work

This thesis aims to contribute to the automation of measurements and workflow
in echocardiography. The field is continually advancing and there remains
significant new future directions to investigate.

4.2.1 Fully automatic curvature measurements

The curvature measurement approach presented in Paper III was semi-automated.
The curvature measurements are built from a part of the left ventricle endocardial
border, meaning curvature could be fully automated using a endocardial
segmentation algorithm. We initially explored the use of deep learning
segmentation tools to extract this measurement. However, as shown in Figure 4.2,
we found prior segmentation networks (and the thus the training datasets)
ignored basal septal hypertrophy. The networks were optimized for strain
calculation and including a substantially curved endocardial border would change
the longitudinal strain. This is an example of where methods for automatically
adjusting annotations (such as Paper IV) could help adapt datasets to be
problem-specific. Future work will focus on using these tools to fully automate
the extraction of curvature measurements.

Figure 4.2: Segmentation methods trained to optimize strain measurements will
ignore basal septal hypertrophy (red arrow) in the endocardial segmentation.

4.2.2 New measurements and applications

Figure 4.3 shows a current perspective of the impact, difficulty, and automation
level of various aspects of echocardiography workflows. Some tools, such as view
recognition and Doppler spectrum classification, have a low time-savings per use
but are used frequently throughout acquisition. These tools also tend to have a
higher level of current automation (see [73], [81], [82], and Paper I). Others, such
as segmentation and dimension measurement are used less frequently, but have a
higher time-savings per use. These tools have achieved a high level of automation
for the left ventricle (e.g. [24], [45], [73], [85], [133], Paper II, and Paper IV) and
the mitral valve (e.g. [94], [134]), but have not yet been thoroughly applied to
other regions of the heart.

From this perspective, the greatest opportunity for new automated tools
comes in two places. The first comes from automation of new dimension
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Figure 4.3: The tradeoff between the impact and difficulty of automating different
parts of the diagnostic pipeline. The x-axis shows the time-savings for each use
and the y-axis shows the frequency of use (so the highest impact is in the top
right). The circle size shows difficulty of implementation and the shading shows
the current level of automation.

measurements and segmentations for additional chambers. The approach
presented in Paper II can likely be applied with high accuracy to new
measurements while the pipeline presented in Paper IV can be extended to
generate the necessary training data to simplify the process.

The second largest opportunity is acquisition guidance. While the time
savings for expert users will be minimal, guidance can help to increase
accessibility for novice users, increasing reliability and expanding the impact of
echocardiography. However, it is also a difficult problem given the challenges
discussed in Section 2.4.5. Accurate guidance may first require more nuanced
view classification that positions acquired views more specifically within the
global anatomy rather than a broadly defined class.

4.2.3 Adding the temporal dimension

Finally, one major benefit of echocardiography is the high temporal resolution.
Thus far, most algorithms have not taken advantage of this attribute in their
design despite the fact that many clinical observers report relying heavily
on the ability to flip between frames and track structures when performing
measurements. Those works that have taken advantage have relied on a variety
of different approaches, including convolutional neural networks feeding into
recursive networks [23], [24] or use of optical flow networks [86]. Continuing
to integrate these and other new methods for temporal processing (such as
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transformer networks) into the workflow for automated echocardiography will
yield more accurate results and more advanced metrics.
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Chapter 5

Conclusion
In this thesis, four papers have been presented to address the motivations
outlined in Section 1.1, namely, to improve echocardiography workflows through
deep learning-based automation. The papers presented in this thesis advance
both the methodology and practical implementation of automation in clinical
echocardiography. The first goal was to investigate the possibility of improving
workflows in echocardiography analysis. Paper I proposed a method to
automatically classify Doppler spectra to enable fully automated processing of
measurements. The second goal was to increase the reliability of measurements
in echocardiography. Paper II presented a method to automate measurements
in 2D echocardiography while Paper III presented a novel measurement method
to increase the robustness of the diagnosis of basal septal hypertrophy. The final
goal was to simplify the adoption of new automated measurements. Paper IV
proposed a method to automatically generate synthetic data for training new
algorithms. The methods proposed above were thoroughly validated against a
variety of datasets and compared to state-of-the-art techniques.

Several methods were integrated into clinically available echocardiography
software. According to key economic opinion leaders, the world is now entering
the fourth industrial revolution. The fourth revolution is characterized by "a
fusion of technologies that is blurring the lines between the physical, digital,
and biological spheres" [135]. Artificial intelligence (deep learning in particular)
continues to be a key driving factor of this change across many industries,
including medical imaging. However, to date many of the innovations have
been constrained to the lab. This thesis helps drive forward the practical
implementation of artificial intelligence in echocardiography.

The key differentiating factor from previous industrial revolutions is the
exponential rate of disruption [135]. While that exponential growth has been
observed with deep learning, the data requirements for training have also grown
exponentially, a key limiting factor for medical imaging. We demonstrated novel
methods to address this challenge and enable future automation.

Overall, the methods presented in this thesis will help to improve the
standard of patient care in echocardiography through more efficient and reliable
measurements, workflow, and data generation.
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Abstract— Spectral Doppler measurements are an 
important part of the standard echocardiographic 
examination. These measurements give insight into 
myocardial motion and blood flow, providing clinicians with 
parameters for diagnostic decision making. Many of these 
measurements are performed automatically with high 
accuracy, increasing the efficiency of the diagnostic 
pipeline. However, full automation is not yet available 
because the user must manually select which measurement 
should be performed on each image. In this work, we 
develop a pipeline based on convolutional neural networks 
(CNNs) to automatically classify the measurement type 
from cardiac Doppler scans. We show how the multi-modal 
information in each spectral Doppler recording can be 
combined using a meta parameter post-processing 
mapping scheme and heatmaps to encode coordinate 
locations. Additionally, we experiment with several 
architectures to examine the tradeoff between accuracy, 
speed, and memory usage for resource-constrained 
environments. Finally, we propose a confidence metric 
using the values in the last fully connected layer of the 
network and show that our confidence metric can prevent 
many misclassifications. Our algorithm enables a fully 
automatic pipeline from acquisition to Doppler spectrum 
measurements. We achieve 96% accuracy on a test set 
drawn from separate clinical sites, indicating that the 
proposed method is suitable for clinical adoption. 
 

Index Terms— Convolutional neural network (CNN), deep 
learning, classification, ultrasound (US), Doppler 

I.  INTRODUCTION 
CHOCARDIOGRAPHY is the primary method used to 
image the heart due to its portability, affordability, and 

absence of ionizing radiation. The diagnostic power of 

 
 

 

echocardiography is reflected in clinical guidelines. 
Echocardiography indices are included as both minor and major 
clinical diagnostic criteria in many protocols [1]. As 
computational power increases image quality improves. 
Consequently, the theoretical accuracy of clinical 
measurements also increases.  
 In addition to the diagnostic power, there is a growing trend 
to use echocardiography as a therapy guidance tool to support 
interventions and complement other imaging modalities. 
Minimally invasive valve interventions are much less risky than 
full surgery and are becoming the therapy of choice as 
techniques and prosthetics advance. Spectral Doppler imaging 
is the primary method to assess blood flow across valves, a 
crucial step for intervention planning and follow-up [2]. 
Therefore, spectral Doppler imaging has become an integral 
component of the echocardiography exam to provide a means 
to assess hemodynamic function in all four valves of the heart.  

A. Spectral Doppler Measurements  

Fig. 1 shows an example of a spectral Doppler acquisition as 
seen in EchoPAC (GE Healthcare, Horten, NO).  There are 
many important features of the acquisition that are available 
within the raw data of each recording: 

• The Doppler spectrum is displayed over multiple 
cardiac cycles for analysis and measurement.  

• The relative baseline of the Doppler spectrum can be 
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Fig. 1. Example of a Doppler acquisition shown in EchoPAC (GE Healthcare, 
Horten, NO) depicting the relevant information to a spectrum classification 
problem as a clinician would see it. 
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adjusted by the user during acquisition to focus on a 
specific part of the spectrum and prevent aliasing.  

• The mode provides information on how the Doppler 
spectrum was acquired. Spectral Doppler incorporates 
three main imaging modes: Continuous Wave (CW) 
Doppler, Pulsed Wave (PW) Doppler, and Tissue 
Velocity Doppler (TVD). CW is used to measure high 
velocity blood flow across valves, PW provides flow 
analysis at specific spatial points, and TVD provides 
quantifiable myocardial velocities.  

• The 2D B-mode (brightness mode) image shows the 
orientation of the probe with respect to the physical 
anatomy of the heart. Doppler spectra can be obtained 
from a variety of probe positions and angles depending 
on the desired measurement. The scan converted B-
mode image is displayed here to orient the user. 

• The Doppler cursor, visible on top of the B-mode 
image, indicates the spatial location of the spectrum. 
This parameter is interpreted in the context of the B-
mode image. See Fig. 2 for a visual overview of how 
the cursor location corresponds to specific points in 
anatomical space. In the TVD classes the cursor is 
focused directly on the tissue, while in the CW and PW 
classes the cursor is focused on an area of blood flow. 
Exact positioning will depend on the desired 
measurement, operator preference, and individual 
patient anatomy.  

Together, this information identifies the Doppler spectrum and 
therefore which measurements should be performed.  

B. Clinical Need for Measurement Type Classification 

Accurate automatic classification of Doppler measurement 
types can be combined with already available automated 
measurement techniques (e.g. [3], [4]) to provide fully 
automated analysis of Doppler spectra. Specifically, in a fully 
automated workflow, as soon as a Doppler exam is acquired the 

classification system is triggered and determines the 
measurement type. The system then triggers the corresponding 
automated measurement algorithm to display the measurement 
with no additional user interaction. This workflow is more 
efficient, allowing clinicians to spend more time on difficult 
measurements.  

Furthermore, many clinics have petabytes of patient data in 
their archive systems from tracking patients over time. Thus, if 
used in combination with automated measurement techniques, 
one application of automatic Doppler measurement type 
classification is to perform rapid historical analysis on past 
exams in a robust and standardized manner. All information 
used in the proposed classification system is readily available 
in hospital archives if those archives store the raw data for each 
patient. Knowing a patient’s progression from previous 
checkpoints can provide further information to support therapy 
planning. Therefore, historical analysis would provide clinical 
value through objective study of measurements over time. 
Another application is continually performing analysis on 
patients, which could bring statistical power to the development 
and augmentation of clinical guidelines.  

C. Related Work 

1) Ultrasound Classification 

 Doppler measurement type classification is unique because 
of the heterogeneity of data available in each classification 
example. As shown in Fig. 1, each recording contains image 
data, spectral data, modal parameters, a baseline position, and 
Doppler cursor coordinate locations. Previously, many of these 
items have been automatically classified individually, 
borrowing techniques from non-medical domains. Processing 
of spectral data has been a common task for several decades in 
speech recognition [5], and these techniques have been applied 
to Doppler spectra as well. For example, Wright et al. used 
artificial neural networks to classify Doppler spectra from 
arteries [6]. Meanwhile, automatic image classification has also 

 
Fig. 2. Each of the Doppler measurement types sorted by the location of the cursor position. Each color corresponds to a different region in anatomical space. The 
mode of each measurement in shown in front. Apical 5 chamber and parasternal short axis views are shown here for illustrative purposes only, to demonstrate the 
relative positions of the classes. Doppler spectra are typically acquired from a variety of echocardiographic views (see Appendix A for details) and part of the 
challenge of this problem is that the spatial relationship between structures demonstrated above will change depending on the view used for image acquisition. The 
No Organ (NO) class refers to images of air and ultrasound gel.  
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• CW = Continuous Wave
• PW = Pulsed Wave
• TVD = Tissue Velocity Doppler
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become increasingly common as CNNs have surpassed the 
accuracy of humans on many tasks. Recently, these techniques 
were applied to echocardiographic B-mode images to 
automatically classify cardiac views with high accuracy [7], [8].  
2) Multi-modal Learning 

In non-medical fields, several groups have also looked at 
how data from different modalities can be combined. Ngiam et 

al. showed how a deep autoencoder could be trained with both 
video and speech data to generate a shared representation [9]. 
Ephrat et al. demonstrated how video and speech data could be 
encoded separately and then combined in a bidirectional long 
short-term memory network to solve the cocktail party problem 
of singling out a single speaker in a noisy audio track [10].  

While many deep learning techniques have successfully 
made the transition from non-medical to medical applications 
[11], applying multimodal learning techniques remains a 
challenge because there are several orders of magnitude 
difference in the amount of available data. For example, Ephrat 
et al. were able to use >2000 hours of automatically annotated 
data. The annotation of such a volume of data in the context of 
Doppler spectra is challenging due to the lack of available 
simulated data. Transfer learning and fine tuning have 
previously been applied to solve data magnitude problems in 
medical imaging [12]. However, it is of limited use here since 
task objectives are different, and the relationship between the 
modalities (Doppler spectrum to B-mode) varies for each 
Doppler measurement class.  
3) Confidence 

One challenge in ultrasound imaging is that images acquired 
in clinical settings are not necessarily in standard views. During 
training, models are exposed to only a subset of possible views 
that might be seen in a clinical workflow. This is a concern in 
the given classification problem where misclassifications are 
more costly than doing nothing. Therefore, an algorithm to 
classify such images needs a mechanism to handle non-standard 
cases. This can be either collecting large datasets that can cover 
all possible views (even those that are non-standard) or a 
mechanism to bail-out when the image doesn’t fall in the label 
set, such as via confidence metrics with a set threshold for 
acceptance.  

Several groups have looked at how networks can give a 
confidence prediction along with an output label. It is well 
known that CNNs are prone to overfitting and cannot generalize 
well from the training set to unseen inputs [13]. Previously, 
Bayesian models have been used to provide a better estimate of 
model uncertainty by encoding model weights as a probability 
distribution. However, Bayesian techniques often come with 
increased parameter count and a higher computational cost to 
adequately model random distributions [14]. Monte Carlo 
dropout (MC-dropout) uses dropout at test time to approximate 
Bayesian inference with a lower computation cost [15]. Other 
methods such as temperature scaling [16] or histogram binning 
[17] calibrate fully trained network outputs without changing 
inference. Parameters are learned on the validation set to map 
network outputs to a true confidence distribution. These 
methods have the advantage of maintaining inference time and 

increasing the interpretability of the results without sacrificing 
the accuracy of the model. 

D. Contributions  

After an analysis of the data, the spectral information was 
eliminated from the processing pipeline. This reduced the input 
to a B-mode image, Doppler cursor coordinate location, 
baseline position, and mode parameter. Although spectra 
provide useful information (and are used by clinical experts 
when labelling images), there are many variations in the 
collection of spectra that make it difficult to use in a network. 
For example, as shown in Fig. 3, spectral data can have 
discontinuities in the baseline as the user changes the 
parameters during acquisition.  Spectral data is also variable 
length, which effectively shrinks or expands the features in the 
output image. Dealing with variable length would require an 
even larger dataset, since CNNs are not magnitude invariant. To 
avoid adding unnecessary complexity, the method developed 
here does not rely on spectral data. Instead, the method is 
focused on the integration of the latter four parameters. The 
spectra can be eliminated because we develop a novel pipeline 
which breaks the problem into a series of simpler pieces. We 
create an alternate way of uniquely identifying the spectra using 
these pieces. Our pipeline is outlined in Fig. 4 with references 
to the relevant section numbers for each piece.  In brief, the 
principle contributions of this work are four-fold:  

(1) Heatmap encoding: We show how to encode spatial 
features at the input of CNNs when multi-modal data 
includes coordinate locations as features.  
(2) Multi-head output: We borrow techniques from multi-
task learning to develop a multi-head learning strategy that 
integrates mode information to prevent misclassifications 
and reduce network size.  
(3) Decision tree mapping: We use decision trees to 
incorporate user-defined imaging parameters in order to 
simplify the task of the CNN and better predict user 
intentions for the desired measurement type. 
(4) Confidence Thresholds: We demonstrate how neural 
network layers, besides just the final layer, can be used to 
define a confidence metric that will disregard many images 
that differ from the training set. Our method requires no 
extra trained parameters, uses a fully nonlinear mapping 
between the output values and the network confidence 
estimate, and can be dynamically modified at inference time 
depending on the desired tradeoff between ignored and error 
rates.  

To the best of our knowledge, this is the first work to use 
CNNs to classify Doppler measurement types. We achieve high 

 
Fig. 3. Discontinuities arise when the operator shifts the baseline during 
acquisition. This is common practice when acquiring several measurements. 
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accuracy on the task, while maintaining a small memory 
footprint and close to real-time performance. Moreover, several 
of the methods developed in this work may be applicable to 
other classification problems, especially in medical imaging.  

II. METHODS 
 Through conversations with clinical experts, 18 of the 

most common measurement types for adults were identified. 
Three additional types of Doppler measurements were 
identified but were excluded from the current algorithm design 
due to infrequent clinical use. Specifically, among a dataset of 
over 7000 random Doppler images collected from a clinical 
site, just 30 images came from these three classes combined. 
Including these measurement types would be more likely to 
confuse the network and would require a significant effort to 
collect sufficient training data. Additionally, including the 
classes would not result in noticeable clinical time savings after 
algorithm implementation since they are used infrequently. 
Two steps are taken to account for measurement types not 
covered in our label set. First, to avoid making a classification 
on images scanned without a visible B-mode image on screen, 
a no organ (NO) class was added which consisted only of 
images where air and varying amounts of ultrasound gel were 
scanned. The Doppler cursor, baseline, and other parameters 
were chosen to cover a variety of possible inputs for the NO 
images. Second, a confidence metric was designed (Sec. II.C) 
to discard images from other classes. A full discussion of each 
of the measurement types is outside the scope of this work, but 
Fig. 2 shows a diagram of the relative cursor positions as well 
as the abbreviations for each type. An outline of each 
measurement’s use and acquisition is available in [1], and 
reports specific to CW and PW [18], and TVD [19] mode 
measurements are also available. In addition, a further 
description of each measurement type is presented in Appendix 
A of the supplementary material. 

The proposed method performs a classification on these 
Doppler measurement types. The relevant anatomical region is 
determined using a CNN as described in Sec. II.A. Sec. II.A.1 
explains heatmap encoding at the input of the network while 
Sec. II.A.2 describes a multi-head output approach to divide the 
classification according to the imaging mode. A decision tree to 
simplify the network’s classification task is presented in Sec. 
II.B. A confidence metric is defined in Sec. II.C to avoid 
misclassifications for low-confidence cases such as images 
from other measurement types or images with poor quality. 
Finally, the design of the dataset used for training and testing is 
outlined in Sec. II.D.  

A. Determining Cursor Location with CNNs 

As shown in Fig. 1, a single Doppler recording is composed 
of many multi-modal features. Given the information in the 
format of Fig. 1, an expert observer can mentally integrate the 
relevant information and classify the type of measurement that 
should be made. However, it would be unrealistic to expect a 

network to perform a classification given only an image such as 
Fig. 1 because some of the most important pieces of information 
are not emphasized in the image. For example, the Doppler 
cursor is very important to the classification because it indicates 
the location of the Doppler spectrum within the heart, but it is 
only a small marker on the image.  

Instead, all the relevant data is extracted individually from 
each recording. The mode is recorded as either CW, PW, or 
TVD. The relative baseline is extracted as a float in the range 
from 0 to 1, where the default (unchanged) location is 0.5. The 
raw B-mode data is extracted as a 512×256 image, since the 
depth dimension is usually much larger in the raw data. Note 
that the non-scan converted (beam space) data is used directly 
rather than the scan-converted (probe space) data that is shown 
to the user. The added step in the pipeline to scan-convert the 
images yields no gain in this application where the Doppler 
cursor position relative to the heart structures is the key piece 
of information. Scan-converted images could equivalently be 
used.  

As shown by the different colors in Fig. 2, the measurement 
types can be grouped into 9 locations in anatomical space. Since 
the relationship between cursor coordinates and image features 
would be similar for each of these locations, all measurements 
from the same anatomical location are merged into the same 
class for the CNN. Thus, the task of the CNN is only to figure 
out which anatomical location the measurement came from, the 
rest is handled during post-processing as described in Sec. II.B. 
The only inputs into the network are the B-mode image and the 
cursor coordinate.  
1) Heatmap Encoding 

 The position of the cursor is extracted relative to the original 
B-mode image as a coordinate pair. In the proposed approach 
the coordinates are encoded as a heatmap. The coordinates are 
not directly used because Liu et al. showed CNN’s are typically 
poor at learning mapping between coordinates in cartesian 
coordinate space and pixel space [20]. Additionally, in 
landmark detection problems, the current state of the art is to 
extract landmark coordinates from heatmaps of likely locations 
produced by the network [21]. Intuitively, using heatmaps 
works because there is a linear mapping from the coordinate 
space of the input image to the output heatmap. Logically, 
networks should also perform better if landmarks at the input 
are encoded as heatmaps instead of input as coordinates. To 
encode the Doppler cursor location as a heatmap, we generate 
a 2D normal gaussian probability density function with a 
standard deviation of 10 pixels centered at the cursor 
coordinate. The heatmap is generated in 512×256 resolution to 
match the original raw data, and then appended to the input 
image as an additional channel. Image and heatmap are both 
rescaled to 256×256, which has the effect of compressing the 
gaussian vertically. This allows the expected spatial distribution 
of the landmark to more closely match the physical dimensions 
of the raw data. An example heatmap is shown in Fig. 5. Finally, 
both image and heatmap are cropped to 224×224. During 
training, random crops are used for augmentation. Center crops 
are used during validation and testing. 
2) Multi-Head Network 

As shown in Fig. 2, other than Pulmonary Vein, the CW and 
PW mode measurements share the same anatomical locations. 

 
Fig. 4. The pipeline of the proposed method with relevant section numbers. 
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The CW and PW locations are also completely distinct from the 
TVD mode measurements (except for the no-organ synthetic 
class). Because the mode parameter is always set by the user, 
simply training a network to classify all outputs would lead to 
unnecessary errors. The network should never classify a TVD 
mode image into a CW/PW measurement type since the mode 
is known at classification time, but without explicit separation 
this misclassification may occur. To solve this, the set of 
anatomical location classes can be split into unique sets, one for 
CW&PW and one for TVD. One approach would then be to 
train a different network for each mode and call the network for 
the relevant mode during inference. However, this approach 
doubles the memory footprint of any implementation, which is 
a downside for integration into a resource-constrained 
environment. 

An alternative solution is to frame this as a multi-task 
learning problem. Multi-task learning integrates the 
information from several related tasks into a single network by 
implementing a separate network branch for each task. Often in 
multi-task networks, information from one task improves 
performance on another. The approach has proven to be 
successful in a variety of deep learning applications [22]. Our 
method is a slight variant of multi-task learning adapted for this 
problem. In detail, the network presented here has only a single 
branch with multiple classification heads operating on the final 
layer. Only one head is relevant for every given input sample. 
Therefore loss is backpropagated only from the classification 
head with a mode matching that sample whereas in multi-task 
learning loss can be taken from all branches during training. 
Input to each classification head are the values from the last 
fully connected layer for the classes that belong to that mode. 
The total loss for a given minibatch is shown in (1) where 
𝑓(𝑥; 𝜃) is the output of a network with input 𝑥 and parameters 
𝜃,  𝑥𝑇𝑉𝐷 and 𝑥𝐶𝑊𝑃𝑊  are the TVD and CWPW samples in the 
minibatch respectively, and 𝐶𝐸 is cross-entropy loss. The 𝜆 
values control the weighting between heads.  

𝐿 = 𝜆1𝐶𝐸(𝑓(𝑥𝑇𝑉𝐷; 𝜃)) + 𝜆2𝐶𝐸(𝑓(𝑥𝐶𝑊𝑃𝑊; 𝜃)) (1) 
During inference, the CNN yields predictions from both 

heads, but only the value from the relevant mode is read by the 
calling function. Due to these differences we instead call this a 
“multi-head” network. With this design choice, we exploit the 
information about the different modes by including separate 
heads and loss functions for the CW&PW and TVD groupings 
of anatomical locations. The architecture of the multi-head 
network is shown in Fig. 5.  

B. Decision Tree Mapping 

After finding the anatomical location with the CNN, the next 
step in the pipeline is determining the final measurement type. 
The mode and relative baseline position parameters extracted 
from the spectrum linearly separate the measurement types in 
each anatomical region because users change those parameters 
based on which type of measurement they wish to acquire. 
Therefore, decision trees are used for post-processing the output 
of each head as shown in Fig. 6. One possible error is introduced 
in this scheme when a CW image is classified as a Pulmonary 
Vein (PVe). In preliminary experiments this was never an issue, 
but occurrence in a clinical setting would require manual re-
classification.  

Decision trees are a better solution than feeding the 
parameters into the network because it avoids unnecessary 
mistakes and enables the CNN to use classes that are based 
solely on regions in anatomical space. Otherwise, the CNN 
would likely be confused between classes from the same 
anatomical region. Additionally, several of the original smaller 
classes do not have enough images for a network to properly 
converge. Grouping the classes increases performance.  

C. Confidence Metric 

Correct classifications from the network will yield 
significant time savings for clinical users by automatically 
launching the tool associated with that Doppler measurement 
type, where available. However, incorrect classification comes 
with a cost as the user will have to navigate back in the menu 
and select the correct measurement type. As automation 
continues to permeate clinical workflows, this cost may become 
larger. Initial misclassification could trigger unrelated 
measurements and automated tools. Moreover, there may be 
images in a clinical setting that are different from those seen 
during training. Thus, it is important for the network to have a 
bail-out mechanism on images with high uncertainty.  

Our approach relies on the last fully connected layer before 
the softmax classifier, named the “pre-softmax” layer. This 
layer was chosen because raw network estimates for all classes 
are readily available before distortion by the multiple heads. 
The pre-softmax values for each example in the validation set 
are recorded after the network weights are trained and frozen. 
The recorded values are divided into quantiles. That is, rather 
than learning a mapping from outputs to true confidence (as was 
done in [16] and [17]), a series of cutoff values are found for 
each confidence level. During test time, the quantile is set based 

 
Fig. 5. The heatmap of the Doppler cursor location is appended as a channel to the non-scanconverted B-mode image and both are cropped to 224×224 before 
being input to the network. A ResNet18 [28] is presented here, but a variety of network architectures are tested (section III.A.3). For all networks, the last fully 
connected layer (of size 9) is split into two groups (heads). The No Organ (NO) class is input to both heads so the CW&PW head is 6 classes and the TVD node is 
4 classes. During training the loss can be backpropagated from each head individually, or together from all classes (section II.A.2) During inference each head is 
passed to its own classifier and decision tree (see Fig. 6 for decision trees). The mode parameter is used to select between the two outputs to yield a final class. See 
Fig. 2 for class abbreviations.  
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on the desired tradeoff between error rate and ignored rate. The 
maximum output value is found as usual, but if the pre-softmax 
value for that class falls below the given threshold then the 
image is labeled as low confidence and ignored.  

To validate the chosen approach, results were compared to 
several other methods of determining confidence. MC-dropout 
has proven to be one method for approximating Bayesian 
inference in a computationally efficient manner  [15]. An MC-
dropout version of the model is implemented following the 
approach in [23], where 50% of the neurons from the last fully 
connected layer are randomly dropped during each inference 
run. In addition, combining the predictions of ensembles of 
neural networks has given superior classification performance 
[24], [25]. However, ensembled outputs can also be used as a 
measure of algorithm confidence. An ensembled confidence is 
implemented by ignoring cases where networks within the 
ensemble predict differing classes.  

D. Dataset 

The training and validation dataset consisted of exams 
previously collected by GE Healthcare for internal tool 
development. All exams were fully anonymized and came from 
a single clinical site. Exams were collected to try to maintain a 
high number in each class, but more images were available for 
classes that occur more frequently in clinical practice than those 
that occur infrequently. Thus, the dataset is slightly unbalanced 
because it reflects the clinical distribution of the data. Note that 
all classes of the same color in Fig. 2 are grouped together for 
training the network and split later in post-processing as shown 
in Fig. 6. The final set was 7081 images where individual class 
sizes are shown in Fig. 6.  

Exams from seven institutions were used for the test set. The 
test institutions were spread over six different countries and 

three different continents. All test set institutions were different 
from the training set institution. This was done for two reasons. 
First, since images are fully anonymized, it is impossible to 
guarantee that two images from the same institution are not 
from the same patient. It is crucial for accurate test statistics that 
the training and test sets contain unique patients. Second, every 
institution has slightly different acquisition practices and 
patient populations, leading to small differences in the 
distribution of the images. Thus, to get a result that reflects real 
performance “in-the-wild” it is important to test on data from 
separate institutions. The test set contained 1479 images and 
class distributions are also shown in Fig. 6. All images were 
labeled by a clinical expert experienced in Doppler spectrum 
analysis and reviewed for accuracy by two other experts. Roles 
were swapped between sets, so a different expert did the initial 
labeling for the test set.  

While gathering the training and validation sets, there were 
298 images that had insufficient image quality for an expert to 
classify them. These images were categorized as the unknown 
set to analyze the confidence metric. Additionally, 30 images 
were identified that belonged to the three measurement classes 
not included in this network because they appear infrequently 
in clinical practice. These images were put into the extra set to 
analyze the confidence metric. Anonymization procedures 
removed all patient information, so the number of patients in 
the datasets is unknown.  

E. Testing 

To validate reproducibility, the combined training and 
validation set is used to estimate five different models. Each 
model is trained using 90% of the dataset with the remaining 
10% set aside as validation. The model with the best 

 
Fig. 6. Decision trees from the classes output by the network to the final classes determining the measurement type. The network has two heads, the CW&PW head 
and the TVD head. Outputs from each head are mapped to final classes using the mode and baseline parameters. The mode is then used to decide between the 
CW&PW head output and the TVD head output (Fig. 5). For the baseline: (↑) indicates a baseline was moved upwards – towards positive values, exposing a larger 
range of negative velocities, (↔) indicates a baseline is in center position, and (↓) indicates the baseline was moved downwards – towards negative values, exposing 
a larger range of positive velocities. If nothing is indicated for mode or baseline, then those parameters are not used for that mapping (all values map to the same 
class). For example. every image in the TVD head is guaranteed to be mode TVD so the mode is not relevant. Training, validation, and test set sizes are shown 
below each class. See Fig. 2 for locations of each class and acronym definition. ARAVO, MRMVT, and PRPVO are combinations of AR/AVO, MR/MVT, and 
PR/PVO respectively.  
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performance on each validation set during training is saved for 
testing on the independent test set. The train/validation/test split 
as a percentage of the total data is 74%/9%/17%. The five 
different validation sets are non-overlapping. Quantile cutoff 
limits for the confidence metric are extracted by averaging 
results across the five validation sets. This setup is used for all 
presented approaches and metrics are averaged from evaluating 
all five trained models on the unseen test set. Using five 
different models is important to (a) better estimate accuracies 
on the test set, (b) provide more robust quantile cutoff limits 
extracted across a larger set of unseen examples, and (c) obtain 
different models for the ensemble-based confidence method.   

III. RESULTS 
To evaluate the effects of each design decision, a series of 

experiments were constructed with metrics measuring 
accuracy, speed, and memory usage. Classification accuracy 
was measured as defined in (2) where 𝑁𝐼 is the total number of 
images in the test set, C is the set of classes, and 𝑇𝑃i is the 
number of true positives for class 𝑖. The F1 score [26],  was 
measured as a combination of recall and precision (3). The 
recall of class 𝑖, 𝑅i, is given by 𝑅i = 𝑇𝑃i/(𝑇𝑃i + 𝐹𝑁i) where 
𝐹𝑁i is the number of false negatives. The precision of class 𝑖,  
𝑃i, is given by 𝑃i = 𝑇𝑃i/(𝑇𝑃i + 𝐹𝑃i) where 𝐹𝑃i is the number 
of false positives. 𝑁𝑐 is the number of classes. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   1
𝑁𝐼

⁄ ∑ 𝑇𝑃i
𝑖∈𝐶

 (2) 

 
F1 =  

2 ∗ ∑ 𝑅i𝑖∈𝐶 ∗ ∑ 𝑃i𝑖∈𝐶

𝑁𝐶 ∗ (∑ 𝑅i𝑖∈𝐶 + ∑ 𝑃i𝑖∈𝐶 )
 

(3) 

Note that accuracy was obtained by micro-averaging 
(weighting by class frequency), while F1 was obtained by 
macro-averaging (weighting each class equally). Although 
micro-averaging will bias results towards classes with more 
images, it also reflects the clinical reality since classes with 
more images will appear more in clinical use.  The memory size 
and inference time measurements were implemented following 
[27]. We first examine the effect of different input and output 
settings in the experimental setup (Table 1) and then look at the 
performance of various network architectures (Table 2). For the 
first experiments a ResNet18 network (architecture shown in 
Fig. 5) was chosen because the residual connections in ResNet 
speed up training and improve accuracy when training deeper 
networks [28]. Specifically, ResNet18 has a smaller footprint 

than other networks and less parameters, which helps avoid 
overfitting on data-limited tasks.  

 

A. Cursor Location with CNNs 

1) Heatmap Encoding 

First, the effect of adding the cursor heatmap was evaluated. 
A network was trained using only the B-mode image as an input 
(E1 in Table 1), using only the heatmap as an input (E2), and 
then with the cursor heatmap appended to the B-mode image 
(E3). In all three cases, separate networks were trained for each 
mode (CW&PW vs. TVD). As expected, with only a single 
input channel (either image or heatmap) there were low 
classification accuracies. The TVD network in E2 (heatmap 
only) did achieve 84% accuracy which shows the heatmap 
provides quite a bit of information for TVD cases. This is 
intuitive since TVD images are almost always acquired from 
the same echocardiography view (apical four chamber). 
Therefore, the position of the cursor remains relatively constant 
within each class and different between them. Conversely, 
results were worse with only a heatmap for the CW/PW mode. 
In this mode views (and therefore cursor locations) change 
within classes. Results showed a significant improvement with 
both the image and heatmap passed to the network (95.7% 
accuracy). 
2) Multi-head Networks 

Second, the effect of the multi-head approach was tested. As 
a baseline approach one network was trained with a single 
classification head on all 9 classes (E4). There are 9 classes 
instead of 10 here because with a single classification head only 
one NO class is needed. Results showed a 2% drop in accuracy 
compared to E3, indicating that not splitting the classes creates 
a harder task for the network. However, the memory footprint 
was also cut in half. To test whether the multi-head approach 
could achieve the same accuracy as two separate networks (E3) 
with the footprint of a single network, the multi-head 
architecture was applied at test time to the network trained in 
E4 (E5 in Table 1). Next, a single network was trained using the 
multi-head approach during both training and testing (E6). 
Experiments E3 – E6 all used the same input information, but 
with different methods of integrating the mode information.   

Results showed that using a single head at training, but 
multiple heads at test time (E5) resulted in the best performance 

# Architecture Input Networks Classification Heads 
Accuracy 

F1 Score (std) Size (MB) 
Time  
(ms) TVD CWPW Total (std) 

E1 ResNet18  I 2 One head per network 52.5% 70.8% 67.3% (0.4%) 63.1% (0.7%) 1480 3.5 

E2 ResNet18 H 2 One head per network 83.9% 66.2% 68.8% (0.3%) 70.3% (1.3%) 1480 3.5 

E3 ResNet18 I + H 2 One head per network 96.9% 95.3% 95.7% (0.3%) 96.3% (0.2%) 1480 3.5 

E4 ResNet18 I + H 1 One head 90.8% 94.5% 93.7% (0.4%) 94.3% (0.3%) 740 3.5 

E5 ResNet18 I + H 1 Training: one head 
Testing: two heads 98.4% 95.7% 96.4% (0.3%) 97.1% (0.3%) 740 3.5 

E6 ResNet18 I + H 1 Two heads 98.8% 95.0% 95.8% (0.9%) 96.6% (0.7%) 740 3.5 
Table 1. Comparison of experimental results for different input and output settings. In the Input column, I indicates only an image, H indicates only a heatmap, and 
I + H means the image with heatmap concatenated as shown in Fig. 5. In the Classification heads column “one head” refers to a single softmax classifier with all 
classes, and “two heads” refers to the multi-head approach detailed in Fig. 5. Accuracy is total correct images over total images (weighting classes with more 
images more) and F1 score is an average across the individual F1 scores of each class (weighting each class equally).  
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(96.3% accuracy), slightly better than using separate networks 
(E3). This result indicates that the network can use the 
information from other modes to improve performance like 
multi-task learning. It was also better to use the multi-head 
architecture only during testing (E5) than both training and 
testing (E6), possibly because the harder task of training with 
all 9 classes forced the networks to better differentiate between 
classes.  
3) Network Architecture 

Third, the impact of network architecture was tested. The top 
15 architectures in terms of Top-1 accuracy density from the 
benchmark analysis of Bianco et al. [27] were evaluated. Top-
1 accuracy density is classification accuracy (in their work on 
ImageNet) divided by number of parameters and is a measure 
of a network’s performance relative to its size. Details on the 
implementation of all networks are provided in Appendix B. 
The E5 configuration was used for all architecture experiments.  

Results are presented in Table 2. The NasNet-A-Mobile [29] 
(E12) had the best accuracy (96.7%), while ShuffleNet [30] 
(E10) had the smallest size (579 MB), and ResNet18 (E5) had 
the fastest inference time (3.5 ms). All models achieved 
accuracies >94% indicating that our method is resilient to 
changes in architecture. The chosen architecture will depend on 
the desired tradeoff between accuracy, memory size, and speed, 
but we judged the optimal approach considering all factors to 
be the ResNet18 architecture (E5). ResNet18 has just slightly 
lower accuracy (96.3%) than NasNet-A-Mobile but is more 
than 10 times as fast.   
The remainder of the results are presented using the single 
network from E5 with the best performance on its validation 
set. Using validation sets is not a fair comparison since every 

network has a different validation set. However, as shown in 
Table 1, the variance between results is quite low so  the choice 
of network does not significantly affect the results. The 
confusion matrix on the test set for this network is shown in Fig. 
7. Tricuspid Valve (TV) had the lowest accuracy with 93%. 
Despite the uneven distribution of training data between 
classes, the method does not overfit to the classes with more 
images.  

B. Decision Tree Mapping 

Using the decision tree presented in Fig. 6 the output of the 
network was mapped to the final measurement type classes. The 
accuracy for each type is shown in Table 3. To check what kind 
of mistakes were occurring, an error analysis was performed for 
the two measurement types with the lowest accuracy: Aortic 
Regurgitation (AR) and Tricuspid Regurgitation (TR). For AR, 
there were 4 misclassified images. Of these, 3 were acquired 
from the apical parasternal long axis view (A full description of 
echocardiographic views is available in [1]). It is logical the 
network might miss these cases since there were few AR 
images acquired from this view in the training set because AR 
measurements are typically taken from the apical 5 chamber 
view. However, operators at different clinics may have different 
preferences, leading to the discrepancy between training and 
test sets. The last image was judged to have been misclassified 
by the labeler on re-analysis.  

There were 16 misclassified TR images. Of these 
misclassifications 13 images were from the right ventricle 
inflow view. This view was not included in the training set 
because the labeler for the training set did not have experience 
with this view and thus ignored those images. Therefore, the 
network never learned the patterns associated with these 
images. For one of the remaining images the class could not be 
determined during re-analysis, it was initially classified as TR 
because TR measurements were encoded in the file. The 

# Architecture Accuracy  F1 

score 

Size 

(MB) 

Time 

(ms) 

E5 ResNet18  [28] 96.4% 97.1% 740 3.5 

E7 ResNet34  [28] 96.5% 97.1% 911 6.2 

E8 ResNet50  [28] 96.2% 97.0% 966 8.8 

E9 SqueezeNet-v1.1 [31] 94.2% 94.8% 584 3.9 

E10 ShuffleNet [30] 96.0% 96.8% 579 12.0 

E11 MobileNet-v2 [32] 96.0% 96.8% 582 7.4 

E12 NASNet-A-Mobile [29] 96.7% 97.3% 653 46.3 

E13 GoogLeNet [25] 96.1% 96.8% 702 10.0 

E14 DenseNet-121 [33] 96.5% 97.3% 653 22 

E15 DenseNet-169 [33] 96.2% 97.0% 735 30.9 

E16 DenseNet-201 [33] 96.5% 97.3% 828 36.8 

E17 BN-Inception [34] 96.2% 96.8% 697 13.9 

E18 DualPathNet-68 [35] 96.4% 97.2% 735 27.7 

E19 Xception [36] 96.4% 97.2% 891 8.0 

E20 Inception-v3  [37] 96.0% 96.7% 908 15.8 

Table 2. Comparison of experimental results with different network 
architectures. Accuracy and F1 scores are means across five networks trained 
using the setup described in section II.E. All experiments used the same 
input/output configuration as E5 in Table 1. 

 
Fig. 7. Confusion matrix on the final test set using E5 The boxes where no 
number is shown will never be misclassified because separate classification 
heads are used. Colors are normalized to class size (percentages). Abbreviations 
are described in Fig. 2. 
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remaining 2 images were simply missed by the network.  
C. Confidence Metric 

To test the validity of the proposed confidence metric, the 
pre-softmax set of cutoff values were extracted. Quantile cutoff 
limits were extracted for each class from 0%-10% quantiles in 
0.2% step sizes. The quantile is the ignored percentage on the 
validation set: a quantile of 5% indicates that the 5% of images 
with the lowest pre-softmax values would be ignored. Quantiles 
were tested only on the single network  but were obtained by 
averaging across all five networks and validation sets to 
enhance the robustness.  

The test set was split into two pieces, the first containing the 
1431 correctly classified images (correct set) from E5 and the 
second containing the 51 misclassifications (incorrect set). The 
quantiles were used when running inference on these two sets 
of images as well as the full test set and the unknown and extra 
sets put aside during labeling. For each set, the ignored rate was 
recorded while iterating through the quantile values. For the test 
set, the error rate was also recorded. Results are shown in Fig. 
8, with ignored rates on the left axis and error rate (in red) on 
the right axis.  

The confidence metric results may indicate some overfitting, 
as well as that the validation and test sets came from different 
distributions. If the network is not overfit and the images are 
from the same distribution, the quantile should map 1:1 to the 
ignored test percentage. However, results showed at the 0.5% 
quantile 5% of the test images are ignored. A difference in 
distribution is expected since the images came from separate 
clinics and matches what was found in the error analysis.  

Results also demonstrated the confidence metric accurately 
detected which images came from outside our training 
distribution and eliminated misclassified images at a much 
higher rate than correctly classified ones. For example, a user 
setting the confidence threshold at the 8% quantile mark would 
have to manually label 16.5% of their images but would achieve 
an accuracy of 99% on those images automatically classified 
because ~80% of the incorrect images would be ignored.  

Both the unknown and extra image sets were also ignored at 
a much higher rate, confirming that the metric identified out of 
distribution samples. Ignored rates showed an approximately 
logarithmic relationship with increasing quantile values for all 
three of the incorrect, unknown, and extra sets. For all three, 
>20% of images were ignored at the 1% quantile. 

Results were compared to the MC-dropout versions of the 
model. Each MC-dropout model was run 100 times, and 
quantile limits were set for values from the pre-softmax layer 

and softmax layer of the normal model, and from the mean and 
variance of the pre-softmax and softmax layers from the MC-
dropout model. Results were similar for all implementations, 
with a slightly higher ignored rate for all sets when using the 
pre-softmax layer from either model. These results indicate that 
the choice of how to extract quantile values does not play a large 
role in the resulting confidence metric. The advantages of using 
the pre-softmax values are that it is simpler to implement and 
no additional experiments need to be run.  

Metrics from the ensembled approaches were also compared 
to selected quantiles of the proposed confidence metric in 
experiments C1-C5 in Table 4. The ensemble networks 
contained all five originally trained models. The predicted class 
came from either the majority vote (C4) or only images where 
all networks agreed while other images were ignored (C5). 
These ensembled approaches were compared to representative 
quantiles from Fig. 8: the 0% quantile (C1 – the single chosen 
network from E5), the 5.2% quantile (C2 – selected as the 
closest error rate to C5), and the 8% quantile (C3 – first quantile 
with error <1%). Using majority voting (C4) provided a small 
improvement in error rate (3.2%) compared to C1 (3.4%) 
without ignoring any images. Selecting only matching outputs 
(C5) provides a significant decrease in error rate (1.3%) 
although 4.8% of images were ignored. To achieve an 
equivalent error rate with the proposed confidence metric (C2), 
more than twice the number of images were ignored. The 
downside of the ensembled approach is five networks must be 
initialized, significantly increasing the memory consumption.  

D. Implementation Details  

All parameters were extracted automatically from private 
Dicom tags using Python 3.6. Pre-processing, training, and 

 
Table 3. Classification accuracy for the selected network for each measurement 
type sorted by mode. Abbreviations are described in Fig. 2. 

 

 
Fig. 8. Results of confidence metric experiments with ignored rates (green lines) 
on the left axis and error rate of the test set (red line) on the right axis. Ignored 
rate refers to the percentage of images which the network did not label because 
the output was beneath the cutoff for that quantile. Test refers to the test set of 
images. Correct is the subset of test images correctly classified by the network 
in E5 and incorrect is the subset of misclassifications. Unknown is the set of 
images which were unidentified during labeling. Extra is the set of images from 
classes not included in this classification scheme. An ideal confidence metric 
should completely ignore the incorrect and extra sets while ignoring none of 
the correct set. Ignoring the unknown set indicates the network accurately 
reflects expert confidence, but it is possible the network has detected features 
unseen to the observer. Best viewed in color. 
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testing were carried out on an Ubuntu machine with Python 3.6, 
PyTorch 0.4, and an NVIDIA Titan X GPU. All networks were 
trained for 60 epochs. The learning rate was set to 0.1 for all 
experiments other than E9 where it had to be reduced to 0.01 to 
get the network to converge. Learning rates were reduced by a 
factor of 10 every 20 epochs. All experiments used standard 
gradient descent with momentum (coefficient 0.9) and weight 
decay (0.0005). We used normalization to center the dataset 
during training and inference. The B-mode images were 
normalized to [0,1]. The heatmaps were already in the range 
[0,1] because they are probability maps., Both images and 
heatmaps were mean-centered by subtracting the mean value of 
all pixels in all images in the training set. This value was 0.3 for 
the B-mode image and 0.0062 for the heatmap image. Cross-
entropy loss was used for all experiments and the classes were 
not weighted since the results did not suffer from class 
imbalance. Preliminary experiments with a weighted loss 
function did not improve results. While training the multi-head 
network, 𝜆1 and 𝜆2 (loss function hyperparameters from  (1)) 
were set to 0.18 and 0.82 respectively, but results were not 
sensitive to changes of 𝜆’s within normal ranges. TVD 
classification is an easier task (as shown in Table 1)  so 𝜆2 >
 𝜆1 even though there were fewer TVD images.  

IV. DISCUSSION 
Our results indicate that highly accurate Doppler spectrum 

measurement type classification is possible in 
echocardiography without using the spectrum data. Accurate 
classification despite the omission of the Doppler spectra 
proves the network is learning the relationship between user 
input and anatomical structures. The spectrum data can be 
ignored because each class correlates to a unique physical 
location within the heart after using our mapping scheme. Note 
that since each Doppler spectrum can be acquired from a variety 
of different views, this does not imply each class corresponds 
to a unique location in the input image. Accurate classification 
requires understanding of both the B-mode image and the 
cursor location. Highly accurate results have already been 
achieved on view recognition tasks in echocardiography (e.g. 
[7], [8]) indicating effective understanding of the B-mode 
image through CNNs. Our results take this a step further. We 
show heatmaps are an effective way to encode physical location 
information for CNNs, demonstrating the ability to connect 
anatomical structural information (B-mode image) to relevant 
user input (Doppler cursor location) in a classification.  

Since deep-learning algorithms deployed in clinical settings 
must frequently compete for resources, methods for decreasing 
resource utilization were analyzed. Results demonstrated that a 
multi-head classification could reduce the memory footprint 
when the classification task can be split into separate problems 
by external parameters. The multi-head networks (E5/E6) 
maintained similar accuracy levels to those of separate 
networks (E3) and higher accuracy than a single network 
trained with all classes (E4). The final implementation achieved 
sub-4ms inference time, indicating near real-time performance.  

Our approach demonstrated high accuracies across varying 

network architectures. Additionally, training several networks 
from differing dataset splits showed consistent results with low 
variances in F1 scores and accuracies. The repeatability of our 
results across architectures and data splits is another strength of 
the contributions. 

We also conducted an error analysis of the mistakes made by 
the network. Encouragingly, the error analysis showed the 
network is accurately learning the image and heatmap patterns 
included during training. The errors seen were mostly due to 
differences between the training and test sets in echo views or 
mismatch in labeling practices. Because the network accurately 
learned the patterns it was exposed to, accuracy could 
continually be improved by gathering additional training data 
that covers misclassified cases.  

Misclassifications can be costly in a medical setting. They 
can lead to confusion when analyzing patient data and mistrust 
in artificial intelligence-based tools. To attempt to reduce 
misclassifications, several measures were taken. First, a No 
Organ (NO) class was included in the training dataset to avoid 
classifying images of air and gel into another class. Second, 
cutoff limits were set based on output values from the last fully 
connected (“pre-softmax”) layer for each class. Images with a 
score below the cutoff were ignored rather than classified. 
Overall, results indicated that the proposed confidence metric 
can significantly reduce the error rate by ignoring missed 
images in the test set at a much higher rate than correctly 
classified ones. The confidence metric also ignores the 
unknown and extra image sets at an approximately three times 
higher rate than those from the test set. Our method 
demonstrates one way to handle inputs from unseen 
distributions in a classification problem. Moreover, it allows a 
user to easily set the quantile limit depending on the desired 
tradeoff between the error and ignored rates.  

Results testing ensemble networks showed these methods 
ignore fewer images for the same error rate compared to 
quantile cutoffs. Ensemble methods are a more robust 
confidence predictor for environments without resource 
constraints. Moreover, ensemble methods could easily be 
combined with the quantile cutoff approach discussed above to 
provide a robust, tunable ignored vs. error rate tradeoff. 

In future work, we hope to extend this method to public 
Dicom data (and thus multi-vendor). This is much easier 
because we don’t use the Doppler spectra in our pipeline; the 
B-mode image, Doppler cursor location, mode, and baseline are 

# Architecture Error 

rate  

Ignored 

rate 

Size 

(MB) 

Time 

(ms) 

C1 Single ResNet18,  
0% quantile 

3.4% 0% 740 3.5 

C2 Single ResNet18, 
5.2% quantile 

1.2% 11.4% 740 3.5 

C3 Single ResNet18, 
8% quantile 

0.9% 16.5% 740 3.5 

C4 Ensemble ResNet18, 
Majority vote 

3.2% 0% 3700 3.5 

C5 Ensemble ResNet18, 
Matching output 

1.3% 4.8% 3700 3.5 

Table 4. Comparison of selected quantiles to ensemble methods using 5 
networks. Size and time estimates for ensemble approaches assume that 
inference can be run for all networks simultaneously which depends on the 
implementation.  
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the only data needed. Although we extracted this information 
from raw data in the present work, all of it is also available from 
public Dicom tools. The information  could thus be extracted 
from any vendor’s Doppler data. The main difference in using 
publicly available data (and thus scan-converted images) is 
some overlay on the public B-mode image, potentially 
including color-flow. However, with a little effort we anticipate 
the ability to overcome this and make our method fully multi-
vendor. 

V. CONCLUSION 
In this work, we demonstrated a CNN-based method for the 

automated classification of Doppler measurement types. An 
example integration within a clinical workflow is presented in 
Appendix C of the supplementary material. Notable 
performance gains were shown on the task by encoding the 
Doppler cursor as a heatmap and introducing a post-processing 
mapping scheme to simplify the problem. These methods would 
also be applicable to other tasks including location information 
as an input parameter and/or with linearly separable classes. We 
design a confidence metric capable of discarding a large 
proportion of images with high uncertainty to create a more 
reliable classification system. Our method performs fast and 
accurate classification of Doppler measurement types. In the 
same way automatic echocardiographic view recognition 
unlocked fully automated processing of many B-mode images, 
our work unlocks fully automated Doppler spectra analysis, 
bringing increased efficiency and statistical power to clinical 
workflows. 
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Supplementary Materials for User-Intended Doppler
Measurement Type Prediction Combining CNNs

With Smart Post-Processing

APPENDIX A
MEASUREMENT TYPE DESCIPTION

A detailed description of all the Doppler measurement types referenced in the article is provided below. For full information
on the relevant measurements as well as the referenced echocardiography (echo) views the reader is referred to the America
Society of Echocardiography guidelines [1].

Aortic Valve (AV): The aortic valve can be measured from either Apical 5 Chamber (A5C) or Apical Long Axis (APLAX).
There are several measurements in the aortic valve region:

• Aortic Regurgitation (AR): A measure of the severity of the regurgitant flow across the aortic valve measured in
Continuous Wave (CW) Doppler. The regurgitant flow is in the positive part of the spectrum, so the baseline is typically
shifted down.

• Aortic Valve Outflow (AVO): A measure of the outflow through the aortic valve measured with CW Doppler. The outflow
is in the negative part of the spectrum, so the baseline is typically shifted up.

• AR / AVO (ARAVO): If the baseline is unchanged then either AR or AVO can be measured in the image.
• Left Ventricle Outflow Tract (LVOT): A measure of the velocity of blood flow through the LVOT measured with Pulsed

Wave (PW) Doppler. This can be combined with a 2D measurement of LVOT area to give the cardiac output, a common
measure of left heart function.

Mitral Valve (MV): The mitral valve can be measured from either Apical 2 Chamber (A2C), Apical 4 Chamber (A4C)
view, or APLAX. There are several measurements in the mitral valve region:

• Mitral Regurgitation (MR): A measure of the severity of the regurgitant flow across the mitral valve measured with
CW Doppler. Blood flow is in the opposite direction as the aortic valve so regurgitant flow is in the negative part of the
spectrum (baseline shifted up).

• Mitral Valve Trace (MVT): A measure of the inflow through the mitral valve with CW Doppler, called trace because
the measurement consists of tracing the outline of the blood flow. The blood flow is in the positive part of the spectrum
(baseline shifted down).

• MR / MVT (MRMVT): If the baseline is unchanged then either MR or MVT can be measured in the image.
• Mitral Valve E/A (MVEA): A measure of left ventricle function given by the ratio of peak velocity of blood flow

across the mitral valve during the early diastole phase of the heart cycle (E wave) to the peak velocity during the atrial
contraction (A wave). The E/A ratio is measured with PW Doppler.

Pulmonary Valve (PV): The pulmonary valve can be measured from the Parasternal Short Axis (PSAX) view. There are
several measurements taken in the pulmonary valve region:

• Pulmonary Regurgitation (PR): A measure of the severity of the regurgitant flow across the pulmonary valve measured
with CW Doppler. Like the aortic valve measurements, the regurgitant flow is in the positive part of the spectrum so
the baseline is shifted down. Pulmonary Valve Outflow (PVO): A measure of the outflow through the pulmonary valve
measured with CW Doppler. The outflow is in the negative part of the spectrum, so the baseline is typically shifted up.
PR / PVO (PRPVO): If the baseline is unchanged then either PR or PVO can be measured in the image. Right Ventricle
Outflow Tract (RVOT): A measure of the velocity of blood flow through the RVOT measured with PW Doppler. Like
LVOT measurements, this can be combined with 2D measurements of RVOT area to give a metric for right heart function.

Tricuspid Valve (TV): The tricuspid valve can be measured from A4C, PSAX, or Right Ventricle Outflow view which is
similar to Parasternal Long Axis (PLAX). There are several measurements taken in the tricuspid valve region:

• Tricuspid Regurgitation (TR): A measure of the severity of the regurgitant flow across the tricuspid valve measured
with CW Doppler. The regurgitant flow is typically in the positive part of the spectrum so the baseline is shifted down.
However, since this is the only CW measurement for this valve class, the baseline is not considered in our approach.

• Tricuspid Valve Inflow (TVEA): Like MVEA, but for the right side of the heart. TVEA is a measure of the ratio between
peak velocity at the early diastole phase (E wave) to peak velocity during the atrial contraction (A wave) measured with
PW Doppler.

•
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Pulmonary Vein (PVe): The pulmonary vein can be measured from the A4C view and PW Doppler is used to measure
pulmonary venous blood flow velocities.

Septal Tissue Doppler (SEP): The motion of the basal septal wall can be measured from A4C using Tissue Velocity
Doppler (TVD) to assess systolic and diastolic function.

Lateral Tissue Doppler (LAT): The motion of the basal lateral wall can be measured from A4C or A5C using TVD to
assess systolic and diastolic function.

Right Ventricle Tissue Doppler (RV): The motion of the basal right ventricular wall can be measured from A4C or A5C
using TVD to assess systolic and diastolic function.

No Organ (NO): A image containing no tissue information and random Doppler cursor locations (and thus random Doppler
signals) so the network will not misclassify images where the probe has not yet been placed on the body.

Three additional measurement classes were found: Ascending Aorta, Descending Aorta, and Hepatic Vein, but were not
included in this measurement classification problem because they are used infrequently in clinical practice.

APPENDIX B
NETWORK IMPLEMENTATIONS

DenseNet, GoogLeNet, Inception-v3, MobileNet-v2, ResNet, ShuffleNet, and SqueezeNet architectures were implemented
following the architectures available from the PyTorch torchvision library 1. BN-Inception, DualPathNetwork, NasNet-A-Mobile,
and Xception architectures were implemented following the benchmark analysis GitHub repository2 available from Bianco et.
al. [2]. For all networks the first convolutional layer was changed to have 2 input channels instead of 3. All networks were
trained from scratch since preliminary experiments with pretrained networks (excluding the first layer since it is a different
size) yielded worse results. GoogLeNet and Inception-v3 contain auxiliary paths that can be used to speed up training and were
weighted equally in our implementation. The input images for the Inception-v3 network were changed to 299×299 (resized
after 224×224 crop) following the constraints of that architecture.

APPENDIX C
EXAMPLE INTEGRATION OF AUTOMATIC MEASUREMENT TYPE RECOGNITION

Below is an example of how the automatic measurement type recognition introduced in this manuscript can increase
the efficiency of clinical workflows. Fig. 1 shows an example workflow for conducting a Doppler Spectrum measurement
before and after including automatic measurement type recognition. The user must manually click through menus to find
the corresponding measurement without measurement type recognition, while that step is performed automatically once the
algorithm is implemented.

Fig. 1. An example measurement workflow without (above) and with (below) automatic measurement type recognition
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Automated left ventricle dimension measurement
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Abstract. Two-dimensional echocardiography (2DE) measurements of
left ventricle (LV) dimensions are highly significant markers of several
cardiovascular diseases. These measurements are often used in clinical
care despite suffering from large variability between observers. This vari-
ability is due to the challenging nature of accurately finding the correct
temporal and spatial location of measurement endpoints in ultrasound im-
ages. These images often contain fuzzy boundaries and varying reflection
patterns between frames. In this work, we present a convolutional neural
network (CNN) based approach to automate 2DE LV measurements.
Treating the problem as a landmark detection problem, we propose a
modified U-Net CNN architecture to generate heatmaps of likely coordi-
nate locations. To improve the network performance we use anatomically
meaningful heatmaps as labels and train with a multi-component loss
function. Our network achieves 13.4%, 6%, and 10.8% mean percent
error on intraventricular septum (IVS), LV internal dimension (LVID),
and LV posterior wall (LVPW) measurements respectively. The design
outperforms other networks and matches or approaches intra-analyser
expert error.

Keywords: ultrasound, echocardiography, landmark detection, deep learning,
convolutional neural networks

1 Introduction

Ultrasound imaging is the primary imaging modality used to assess cardiac
morphology and function. Compared to other imaging modalities (e.g. MRI
and CT), ultrasound imaging has a lower cost, is easier to perform, and, unlike
CT, does not produce ionizing radiation. This makes it ideally suited for rapid
diagnostic use for patients with cardiovascular disease. A diagnosis is made
by acquiring a set of images from different views of the heart and extracting
measurements of heart function from those images. Some of the most frequent
measurements in patient care settings are measurements of the left ventricle (LV)
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from the parasternal long-axis view. The typical set of measurements consists of
the length of the intraventricular septum (IVS), left ventricular internal dimension
(LVID), and left ventricular posterior wall (LVPW) at both the end-diastole
(ED) and end-systole (ES) phases of the cardiac cycle. Several examples of these
measurements are shown in Fig. 2. Because LV dimension measurements are
performed frequently, automated measurement tools could provide tremendous
time savings for clinical use.

Despite its widespread use, there is a high variability in LV dimension mea-
surements due to variations in training and the difficulty of precisely detecting
relevant structures. The 2010 HUNT study [11] measured inter-analyser (dif-
ference between experts reading the same exam) and intra-analyser (difference
between the same expert reading the same exam several weeks apart) for several
standard echocardiographic measurements. The intra-analyser mean percent error
(MPE) for IVS, LVID, and LVPW measurements was 10%, 4%, and 10% respec-
tively and inter-analyser results were similar. For IVS and LVPW measurements
this corresponds to about half of the standard deviation of normal ranges [3] so
a patient on the borderline could easily be put in a different diagnostic group.
The high variability highlights the difficulty of the task at hand, but effective
automation is one promising approach to reduce this variability and implement a
more reproducible diagnostic pipeline.

Previous work on 2D ultrasound measurements has focused on individual
measurements. Snare et al. used deformable models with Kalman filtering to
outline the septum shape [9], achieving bias and standard deviation of 0.14 ±
1.36 mm for automated IVS measurements compared to manual measurements.
Baracho et al. used perceptron style neural networks and filtering to generate
a septum segmentation [1]. They achieved results of 0.5477mm ± 0.5277mm
for IVS measurements but failed to validate directly against measurements from
an expert cardiologist. Finally, Sofka et al. developed an automated method for
detecting LVID measurements using convolutional neural networks (CNNs) [10].
Sofka et al. introduce a center of mass layer to regress keypoint locations and
achieved a 50th percentile error of 4.9% and a 95th percentile error of 18.3%.We
extend the work of Sofka et al. by targeting the IVS and LVPW measurements in
addition to LVID. Including more measurements increases the difficulty of the task
because the network should not only achieve high accuracy on all measurements
but also find measurement vectors that have a logical relationship to each other
(i.e. all measurement vectors should be parallel to follow clinical guidelines).
Additionally, the upper IVS and lower LVPW endpoints do not fall at distinct
gradient boundaries within the image making them more difficult to find, even
for an expert.

As with Sofka et al., we frame the task as a landmark detection problem,
where the goal is to identify 6 key points (the 2 endpoints of IVS, LVID, and
LVPW measurements) from an input image. A landmark based approach was
chosen to increase user-interpretability and allow editing of the found points by
users in a clinical workflow. Many architecture variants have been applied in
previous work on landmark detection problems, but the most common approach
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Automated left ventricle dimension measurement in 2D cardiac ultrasound 3

is to generate a heatmap of likely locations for each key point of interest [6, 7, 12].
The heatmap is directly compared to a reference heatmap generated from the
key point’s known location, or the coordinates of the key points are regressed
from the heatmap and compared to known coordinates.

We propose several modifications to the general landmark detection strat-
egy above because, in contrast to facial recognition, there is no defined local
appearance of these landmarks. Instead, their location is determined from local
appearance and global structural information. For example, while the septum
typically extends through a large part of the image, ASE guidelines recommend
measuring at the level of the mitral valve leaflets [4] which means an algorithm
needs to be aware of structural information to find the correct IVS endpoints.

The novelty of our approach lies in it’s ability to handle these challenges and
achieve high accuracy. First, we generate anatomically meaningful ground truth
heatmaps which follow the expected spatial distribution of the point. Second,
we propose the integration of coordinate convolution layers [5] within feature
detection networks for medical imaging. Third, we optimize network performance
using a multi-component loss function which provides feedback to the network in
multiple components including measurement endpoint coordinate locations, angle
of measurement, and measurement distances. Including all these terms allows us
to optimize for both measurement accuracy and a logical relationship between
measurement vectors. Finally, we evaluate several different architectures within
the constraints of our first two contributions to show the optimal architecture
for the given task.

2 Methods

2.1 Network

The input to the proposed network is a single 2D frame. The accurate detection
of ES and ED frames from a full cardiac loop is left for future work. The image
is first passed through a CoordConv layer, which adds pixel-wise spatial location
information to allow CNNs to more easily find objects [5]. The core of our
approach is a U-Net [8]. A U-Net is a CNN with a sequence of down and up
sampling paths with skip connections concatenating each down-sampling output
to the corresponding up-sampling level. In each successive down-sampling layer,
the number of filters doubles and the spatial resolution in each dimension is cut
in half, while the reverse is true in up-sampling. We make several modifications
in our implementation. The number of down-sampling levels and the number of
filters are parameterized to tune the network. Padding is added on all layers to
ensure output heatmap resolution matches the input. Batch normalization and
spatial dropout layers are included between convolutional blocks for regularization,
avoiding standard dropout since neighboring pixels are strongly correlated [12].
Each convolutional layer uses a kernel size of 3x3.

Our output is the same size as the original image but contains 6-channels, with
each channel representing a heatmap corresponding to one landmark. Although
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the top and bottom endpoints of LVID typically match the bottom of IVS and
top of LVPW respectively, they can be different for some pathologies which is the
reason they are independent points in our framework. Each channel is normalized
to be a probability map and passed through a differential spatial-numerical
transform block [7] to calculate the center of mass in x and y: the endpoints
of the three measurement vectors. From the coordinate endpoint locations, we
calculate the final distance measurements. The network architecture is shown in
Fig. 1.

Fig. 1. Network architecture. The input image (256x256) is appended with x and y
coordinate channels to create a 3 channel image and passed through a U-Net-based
architecture. The output contains 6 heatmaps (Ĥ), one for each detected landmark.
The center of mass of each heatmap is extracted as the found coordinates (ĉ), and
vectors for each measurement are obtained (d̂). Label distances (d) and heatmaps (H)
are generated from labeled endpoints (c) to compare to the network output.

2.2 Loss Function

Our labels are the coordinate locations of all caliper endpoints. We extrapolated
these to match the network output including heatmaps of coordinate locations,
and distances between coordinate pairs. For the label heatmaps, a 2D gaussian
is centered at the location of the labeled coordinate. The gaussian is elongated
in one dimension with a ratio of 20 to 1 between the variances of the long and
short axes and rotated such that the long axis was orthogonal to the direction
of measurement (see H in Fig. 1 for example). This both followed the expected
spatial distribution of the points and gave the network feedback that a miss
orthogonal to the direction of measurement was more acceptable than one parallel
to the measurement, which would substantially affect measurement results. The
variance of the gaussian in the long axis is 14 pixels (or 5% of the image size).
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L2 loss is used for the six coordinate locations and three distance measure-
ments, although the distance loss was divided by the relative actual distance (d)
to equally weight each measurement. The heatmap loss is the root mean squared
error (RMSE) between the generated and output heatmaps, following Newell
et al. [6]. The heatmap loss helps the network converge to a reasonable result
quickly, because feedback is provided to the network at every pixel in the output,
rather than just a single metric fed back to all pixels such as with the distance
or coordinate measures. The difference in the relative angles of the measurement
vectors is also included in the loss function as the cosine similarity between the
two vector sets. Including the angle loss is critical because even if the network can
correctly find point delineations across the relevant structure (e.g. septum), if the
measurement vector is not orthogonal to that structure then the measurement
will be overestimated. The angle and coordinate loss also help promote a logical
relationship between measurement vectors.

3 Experiments

3.1 Datasets and Pre-processing

LV intraventricular septum (IVS), internal diameter (LVID), and posterior wall
(LVPW) dimensions were annotated in parasternal long axis 2DE scans. To avoid
overfitting to a single acquisition protocol, exams were collected from four sites.
All measurements were performed by a single cardiologist experienced in 2DE
measurements. Diagnostic information was stripped from the images, but a mix of
normal patients and varied pathologies is typical for the chosen sites. Exams were
labeled at ED and ES except for where image quality in one phase prohibited
accurate measurements. A total of 585 images were gathered from 309 unique
patients. To generate a comparison with intra-analyser variability, 32 recordings
(mixed ED and ES) were labeled multiple times by the same expert. These 64
images were set aside to be used as the test set for the network leaving 521 images
for training and validation. The training, validation, and test sets were split such
that images from the same patient would always remain in the same set. The
coordinates and image data from the relevant frames were extracted from the
stored files and converted to 256x256 one-channel images.

During training, random brightness, contrast, and gamma transformations
were applied to each image. Additionally, we used mean normalization and applied
random translations of 0 to 40 pixels in each direction, while ensuring coordinate
locations were never within 16 pixels of the image boundaries.

3.2 Implementation Details

The network was implemented using PyTorch 0.4.1 with Python 3.6 on an Ubuntu
18.04 machine with an NVIDIA Titan X GPU. The batch size was 16 images for
training and 4 images for validation. We trained for 120 epochs and reduced the
learning rate by a factor of 10 every 50 epochs. Using 10% of the training set for
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Fig. 2. Top row: Qualitative results on the best, median and worst images from the
test set showing expert labels and network outputs for each measurement. Bottom
row: Characteristic heatmaps showing how the network learns to prioritize a small
distribution in the direction parallel to the measurement direction. Only four heatmaps
are shown for simplicity since the top and bottom LVID endpoints overlap with the
bottom of IVS and top of LVPW respectively and produce very similar heatmaps.

validation of hyperparameters, we found 4 levels was the optimal network depth
and 26 was the optimal number of filters in the first layer.

The primary metric important for clinical use is the accuracy of the distances
for each of the three measurements. The coordinate locations of the endpoints
and angle of the measurement vectors are secondary metrics that are important
to create a tool that accurately follows clinical guidelines. For clinical use, it
is not important that the generated heatmap matches the artificial heatmap.
However, we found that keeping the relative weighting of the heatmap loss high
compared to the other metrics helped improve network accuracy on all metrics.

3.3 Evaluation and Comparison

The primary metric for evaluation was the mean percent error between the
network output and ground truth distance measurements on IVS, LVID, and
LVPW. The test set was composed of the 32 images that had been labeled
multiple times. The median of the two labels was set as ground truth although
comparing to a randomly chosen label yielded very similar results.

While much of the strategy revolved around pre- and post- processing, we
implemented several other networks in addition to U-Net for comparison. Results
were compared to a stacked hourglass network [6], which currently obtains state
of the art results on the FLIC and MPII human pose estimation metrics as well as
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ResNet18, ResNet34, and ResNet50 networks [2]. We tuned the number of stacks
(4) and blocks (2) of the stacked hourglass network on the validation set. We
implemented the ResNet networks following the strategy proposed by Nibali et
al. [7], reducing the stride in several layers to increase output heatmap resolution,
while using dilated convolutions to maintain receptive field sizes . The output
heatmap size for the ResNet and stacked hourglass networks was 64x64 and we
appended up-sampling layers to achieve 256x256 resolution. A CoordConv layer
was added to the beginning of all networks and the same coordinate regression
method and loss function were used. For a fair comparison to the other networks,
results with default values of an out-of-the-box implementation of U-Net is
included (no batch normalization or dropout, depth and number of filters set to
5 and 26 respectively).

4 Results

The best, median, and worst examples (in terms of RMSE) from the test set are
shown in Fig. 2. The network achieves intra-analyser accuracy on LVPW and
LVID measurements, and slightly worse than intra-analyser on IVS measurements.
The algorithm’s worse performance on IVS measurements possibly occurs because
the upper septum is often not defined as a clear gradient boundary because the
septum blurs together with trabeculae in this region (see median image in Fig. 2,
although the network correctly found the location in this case). Expert labelers
typically rely on scrolling back and forth between several frames to accurately find
these points. In general, intra-analyser error is high on this task since boundaries
are often blurred and lost in the noise (see the upper LVPW boundary in the
worst image in Fig. 2 for example). The network’s ability to approach intra-
analyser error using only a single frame indicates that it is accurately detecting
the important structures despite the high noise level. Full results on the final
test set are summarized in Table 1. The proposed network compares favorably
to the other networks implemented on this task, achieving lower error on most
metrics. We hypothesize that the performance of the other deeper networks would
improve if the training dataset size were increased. However, our network has
fewer parameters (which translates to a smaller memory size) and faster inference
time. It is encouraging that close to expert level performance was achieved with a
small network since efficient and fast implementations are important for clinical
implementations.

5 Conclusion

In this work we present an effective landmark detection network for 2D mea-
surements of the LV. We demonstrate the application of these techniques in
determining LV dimensions. Implementation of this network could reduce high
clinical inter-/intra-analyser variability in these measurements and lead to a
more repeatable diagnostic pipeline. Additionally, it enables rapid historical
analysis of patients to provide robust long-term analysis. We expect that many
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Model Mean Percent Error (%) Params Time (ms)Total IVS LVID LVPW
ResNet18 12.8 12.7 11.7 14.2 1e7 21
ResNet34 13.0 11.2 12.1 15.8 2e7 38
ResNet50 11.6 13.7 8.8 12.3 2e7 43
Stacked Hourglass 11.3 12.1 7.4 14.4 3e7 79
U-Net 13.5 14.0 8.3 18.1 3e7 10
Modified U-Net 10.0 13.4 6.0 10.8 7e6 11
Intra-analyser 8.9 8.0 5.2 13.8 n/a -

Table 1. Comparison of proposed network to implementations of state-of-the-art
networks in landmark detection and intra-analyser results. Inference time is for a single
image.

of the techniques presented here would be applicable to other landmark detection
problems in 2D and 3D ultrasound. In the future we will increase the size of the
datasets, apply cross-validation, automate the detection of ED and ES frames
from a full cardiac cycle, and add a confidence metric for detecting outlier results
to provide a fully automated measurement tool for clinical use.
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Septal curvature as a robust and reproducible marker
for basal septal hypertrophy

Maciej Marciniaka, Andrew Gilbertb, Filip Loncaricc, Joao Filipe Fernandesa, Bart Bijnensc,d,
Marta Sitgese, Andrew Kinga, Fatima Crispic,e,f, and Pablo Lamataa

Background: Basal septal hypertrophy (BSH) is an
asymmetric, localized thickening of the upper
interventricular septum and constitutes a marker of an
early remodelling in patients with hypertension. This
morphological trait has been extensively researched
because of its prevalence in hypertension, yet its clinical
and prognostic value for individual patients remains
undetermined. One of the reasons is the lack of a reliable
and reproducible metric to quantify the presence and the
extent of BSH. This article proposes the use of the
curvature of the left ventricular endocardium as a robust
feature for BSH characterization, and as an objective
criterion to quantify current subjective ‘visual assessment’
of the presence of sigmoidal septum. The proposed
marker, called average septal curvature, is defined as the
inverse of the radius adjacent to each point of the
endocardial contour along the basal and mid inferoseptal
segments of the left ventricle.

Method: Robustness and reproducibility were assessed on
a cohort of 220 patients, including 161 hypertensive
patients (32 with BSH) and 59 healthy controls.

Results: The results show that compared with the
conventionally used wall thickness metrics, the new marker
is more reproducible (relative standard deviation of errors
of 7 vs. 13%, and 8 vs. 38% for intra-observer and inter-
observer variability, respectively) and better correlates to
the functional parameters related to BSH, with main
difference (absolute rank correlation 0.417 vs. 0.341) in
local deformation changes assessed by longitudinal strain.

Conclusion: Average septal curvature is a more precisely
defined and reproducible metric than thickness ratios, it
can be fully automated, and better infers the functional
remodelling related to hypertension.

Keywords: basic research, curvature, diastolic function,
hypertension, hypertrophy, systolic function

Abbreviations: 2D, two-dimensional; ASC, average septal
curvature; BSH, basal septal hypertrophy; IVS,
interventricular septum; WTR, wall thickness ratio

INTRODUCTION

T
he increase in cardiac wall thickness in hypertensive
heart disease is gradual and not uniform [1]. In early
stages of hypertension, some patients demonstrate

localized hypertrophy of the basal septum. The significance
of this finding is not definitive; however, some studies
indicate that it serves as a marker of a more advanced
impact of afterload on cardiac function in patients with
hypertension [2]. If a patient presents with localized thick-
ening, there is reasonable concern that they have hyper-
tension influencing the cardiac function and might benefit
from more stringent blood pressure control and a detailed
follow-up.

The link between this localized thickening and elevated
blood pressure was demonstrated when volunteers with
basal septal hypertrophy (BSH) and no known history of
hypertension were diagnosed with masked hypertension
using 24-h blood pressure monitoring [3]. In the general
population, the Framingham Heart study found the preva-
lence of BSH to be at 1.5%, reaching up to 17.8% in older
patients [4]. A number of other studies investigated the
prevalence of BSH in hypertensive cohorts, finding it to
be around 20% [5,6].

This morphological trait is thus an early sign of structural
and functional remodelling [7], and has been extensively
researched, in spite of a lack of consensus on nomencla-
ture, with the finding being termed septal bulge [1,8,9],
isolated interventricular septum thickening [5,10], discreet
upper septal thickening [4,11,12], and basal septal hyper-
trophy [2,13,14], among others. Beyond the nomenclature,
different criteria exist to define BSH, the majority of which
are based on the myocardial thickness in the basal inter-
ventricular septum (IVS), and its relation to the thickness at
the mid-point of the septum or the deviation from a normal
value. For example, the basal septal wall thickness [10–13],
basal septal and mid-septal wall thickness ratios (WTR)
[1,5], various ratios of the septal thickness and other echo-
cardiography parameters [9,12], or a combination of the
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above-mentioned [4,15] have all been used to define BSH.
The reproducibility of these criteria is often limited as
arbitrary cut-off values are employed by different groups
(given the lack of gold standard), and the fact that the
measurement of the thickness often relies on the M-mode.
Moreover, the discrepancies in the metrics may occur for
several reasons: inconsistency in finding the epicardial
border, IVS measurements not exactly perpendicular to
the septal wall and/or different opinions on the positioning
of the basal and mid segments among the experts.

Apart from the quantitative wall thickness measure-
ments, an equally important diagnostic criterion is the
visual assessment of the septal geometry as the shape of
the BSH is also distinctive. This diagnostic marker was
termed a sigmoidal septum or an upper septal ’knuckle’
[2,4,8,15,16]. The visual determination of the BSH is based
on its location in the basal segment of the IVS, the fact that it
is asymmetric and the visible myocardial thickening is more
abrupt and convex than in the cases of concentric LV
hypertrophy. Given the lack of clear guidelines, this assess-
ment is subjective, and suffers from low reproducibility.

The problem addressed in this article is this lack of a clear
criterion and reproducibility in the assessment of BSH.
Together with the variability in the characteristics of the
examined cohorts, this problem causes current difficulties
in determining the prevalence and the associated risks of
BSH. The solution proposed to distinguish between
patients with and without BSH in a robust and reproducible
manner is a combination of a semiautomatic segmentation
of the left ventricle (LV) and the computation of curvature
along the LV endocardium of the septal wall. The rationale
is that curvature is a metric that objectively quantifies the
subjective visual assessment of the presence of the sigmoi-
dal septum, and thus removes human variability. The
motivation is also based on the hypothesis that the curva-
ture of the endocardial contour is more reproducible than
metrics relying on highly variable thickness measurements.

A retrospective study of hypertensive patients is pre-
sented here in order to evaluate the performance of the
septal curvature compared with the traditional methods.
We analyse the intra-observer and inter-observer variability
of the metrics and validate the hypothesis of the improved
reproducibility of curvature. We then investigate the rela-
tionship of the anatomical BSH metrics with early markers
of functional remodelling associated with hypertension,
finding that curvature is a better descriptor of the deforma-
tion changes. We finally explore the relationship between
thickness and curvature, both by their correlation and by
the diagnostic agreement based on defined thresholds, and
discuss the clinical relevance of our findings.

METHODS
Hypertensive patients (N¼ 161) with well-controlled blood
pressure, treated with antihypertensive drugs for a mini-
mum of 3 years, were included. Patients were recruited
from the outpatient clinic and general practitioner referrals.
Exclusion criteria included history of heart failure or previ-
ously known target organ damage. Volunteers from the
local community (N¼ 59) who were presumed healthy,
without prior history of hypertension, diabetes or other

significant cardiac or noncardiac diseases represented
healthy controls. Full description of the cohorts is included
in the supplementary material, http://links.lww.com/HJH/
B583.

Examinations were performed by qualified sonogra-
phers according to the current recommendations of the
European Association of Cardiovascular Imaging [17] on a
commercially available GE Vivid 9 system equipped with a
M5S transthoracic transducer. Machine settings, including
gain, time gain compensation, and compression, were
adjusted for optimal visualization. Images were analysed
using GE EchoPAC software (v.202.41.0, GE Vingmed,
Horten, Norway).

BSH is defined based on the basal-to-mid septal thick-
ness ratio of at least 1.4 in either the four-chamber (4CH) or
parasternal long-axis (PLAX) view [7]. In order to classify the
cohort, thicknesses in the anteroseptum and inferoseptum
were manually measured during end-diastole at basal-level
and mid-level in PLAX and 4CH views, respectively. The
measurements were obtained perpendicular to the LV long
axis, at the interface between the myocardial wall and cavity
to the transition of the LV to the RV septal myocardium [17].
On the basis of these criteria, 32 (20%) patients were
diagnosed with BSH.

Curvature is the amount by which a line deviates from
being straight; therefore, it is expected to be highest around
the apex, and low at the mid and basal wall segments.
Along a contour, three consecutive points in space define a
circumference, and the smaller the radius of this circumfer-
ence, the larger the curvature. With these intuitive ideas, the
LV endocardial curvature is defined as the inverse of the
radius of the circle that can be defined by triplets of adjacent
points of the contour delineated on the endocardium. We
consider it being concave if the adjacent circle has its centre
outside of the left ventricular cavity and convex otherwise
(see Fig. 1a). The curvature in the LV septum provides
information about the convexity of the hypertrophy directly
quantifying the visual assessment performed by clinicians
(Fig. 1b).

In practice, curvature of a 2D curve is calculated with its
first and second derivatives and is quantified with inverse
length units (dm�1) [18]. Let c(t)¼ (x(t),y(t)) be a represen-
tation of a curve with existing, continuous first and second
derivatives, defined in 2D space. For each point t of the
trace defined on the 2D plane, the curvature k is calculated
as (Eq. 1):

kðtÞ ¼ xðtÞ00yðtÞ0 � xðtÞ0yðtÞ00

ðxðtÞ02 þ yðtÞ02Þ
3=2

where x(t)0, x(t)00 are the first and second derivatives in
point t along one of the spatial directions.

Although the curvature value must always be positive
[i.e. the absolute value of (Eq. 1)], the LV endocardial
contour may contain both convex and concave curvatures,
and to distinguish between the two, we consider the
curvature convex if the calculated value is positive and
concave otherwise.

The curvature indexes are calculated for all contour
points using a semi-automatic pipeline (see Fig. 2). In a
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4CH view, BSH is located within the basal and sometimes
mid inferoseptal segments. In order to create a useful
metric, the calculated curvature indices from these two
segments are aggregated into a single average value, which
we named the average septal curvature (ASC). We hypoth-
esize that the ASC of patients with BSH is far more concave
in these segments than among hypertensive patients with-
out BSH (conf. Fig. 1b).

In order to measure the curvature of the septal wall, the
two-dimensional (2D) LV endocardial contour of the end-
diastolic frame (used in the diagnosis of BSH [14]) is
required. In an attempt to maximize clinical translation,
we use a widely available semi-automatic segmentation
tool (EchoPAC, GE Ultrasound), designed to measure the

longitudinal 2D strain and re-purposed in this work to
extract LV endocardial contours through the entire cardiac
cycle. A similar pipeline could be applied to other modali-
ties, such as cardiac MRI or computed tomography.

Using GE EchoPAC strain module, the operator sets a
number of points on the endocardium of the LV in the end-
systolic phase. Then, the algorithm interpolates the given
set, to create additional points, which resemble a smooth
curve. The operator then adjusts the segmentation shape by
re-positioning the original points. In the next step, the
contours are propagated thorough the entire cardiac cycle
with the speckle-tracking algorithm.

The contours are exported from the module for post-
processing as further interpolation is required to avoid

FIGURE 2 A proposed pipeline to go from ultrasound images to curvature analysis. The images from a full cardiac cycle are semi-automatically segmented with a 2D strain
tool. Then, the contours of the endocardium are extracted, smoothed and interpolated to create a continuous contour from which the curvature is calculated. Finally, the
curvature indexes within the region of interest (30% of the contour) in end-diastole are aggregated to compute the average septal curvature.

FIGURE 1 (a) An intuitive explanation of convex and concave curvature of the left ventricular endocardium, as seen in the four-chamber echocardiography view. The
curvature is a reciprocal of the radius of circle adjacent to the endocardium. (b) The comparison of the septal wall in hypertensive patients with and without the basal
septal hypertrophy (BSH). The visual assessment differentiating the two can be quantitatively compared with the curvature metric.

Curvature in basal septal hypertrophy
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underestimating the curvature in critical points. A radial
basis function interpolator is chosen, with the smoothness
parameter set to the original number of points in the trace as
this algorithm provides smooth first and second spatial
derivative of the interpolated contour (required in Eq. 1).
As a result, each contour is up-sampled to 500 points, a
resolution that was empirically tested to lead to robust and
smooth curvature values (details on the implementation
can be found in [19]). The end-diastolic frame is found
based on the maximum area enclosed by the contour. The
curvature is calculated along the entire contour in that
frame. Finally, the 30% of the curvature indices from the
top of the septal base through basal and mid segments are
aggregated to compute the ASC.

To test the variability of measurements, an inter-
observer/intra-observer analysis was conducted on a group
of 20 patients: 10 healthy controls and 10 hypertensive
patients, including two cases with BSH. The measurements
were performed by clinical experts. The metrics were
compared on the basis of the average absolute difference
between the measurements relative to the range of meas-
urements, to account for different metric units.

First, to evaluate intra-observer variability, the original
observer (O1) remeasured the basal and mid-wall IVS
dimensions in end-diastole and performed segmentation
on all 20 patients at least 2 months after the original
measurement (O1�). Second, to evaluate inter-observer
variability, a different observer (O2) measured the same
patients using the same 4CH and PLAX images that O1 used.
Finally, another observer (O3) measured the same patients
using a different 4CH image from the one used by O1 and
O2. For most patients, only a single high-quality PLAX
image was available, so the IVS was measured in the same
PLAX image by O3 as O2 and O1. Similarly, the semi-
automatic 4CH segmentation was performed by two other
observers on the same (O2) and different (O3) images. This
last study gives a measure of inter-observer inter-image
variability on 4CH images, which is an important measure
of robustness as an ideal method should give consistent
results across any image from a patient given reasonable
image quality.

To capture the deterioration caused by hypertension,
functional metrics proven to be affected by BSH [7] were
studied, including local longitudinal LV septal strain, lon-
gitudinal conduit and contractile left atrial strain (as well as
ratio of the two), diastolic function marker (E/A), and mitral
annulus septal and lateral velocities. Moreover, the metrics
were studied against the anatomical markers of BSH,
namely LV mass, and end-diastolic and end-systolic vol-
umes indexed to BSA. The ability of both metrics, thickness
and curvature, to infer the functional impairment is
assessed by the regression between the variables within
the hypertensive group (N¼ 161). The agreement between
WTR (measured in two views) and ASC to identify BSH
among the hypertensive population is studied by
their correlation.

The processing pipeline, the statistical analysis and the
variability analysis are implemented using the Python pro-
gramming language, v.3.6.5. To test for normality of the
distribution, the Pearson-D’Agostino test is used [20]. Two
sample t-test is employed to test hypotheses on normally

distributed samples, otherwise the Mann–Whitney U test is
used. To calculate the correlation, Spearman’s r and Pear-
son’s Rs are computed.

RESULTS
As ASC is a novel metric, the distribution analysis is pro-
vided as a reference. The distributions of the three metrics
under study, the ASC and WTR in 4CH and PLAX, in both
the 161 hypertensive and 59 normotensive patients are
depicted in Fig. 3. Moreover, the relevant percentiles and
distribution information is shown in Table 1. The hyper-
tensive population displays with a sharp transition around
the ratio of 1.4 in a WTR in 4CH view, in concordance with
the threshold for diagnosis of BSH. This transition is less
clear in the WTR of the PLAX view, and no separation can
be seen in the ASC distribution. None of the hypertensive
distributions are normal (conf. Table 1). ASC is negatively
skewed, with median value equal to concave curvature of
�0.362 dm�1, and 75% of the cases have ASC below
�0.88 dm�1. Conversely, WTR distributions are positively
skewed, and the 85th percentile denotes the threshold for
the diagnosis of BSH with respect to the WTR in either view.

In contrast to the hypertensive population, the distribu-
tion of the curvature among the healthy controls was mainly
convex (median¼ 0.44 dm�1, 78% cases with convex cur-
vature index). This agrees with the understanding that the
concave (’sigmoid’) septum is a sign of a specific pattern of
remodelling [14,21]. Representative examples with the ASC
values are provided in Fig. 3.

The intra-observer and inter-observer differences rela-
tive to the range of measurements were significantly lower
for the curvature index when compared with WTR (conf.
Table 2). In fact, the two cases originally identified as HTN
w/BSH were mismatched with the control cases when
compared among observers using WTR. There was no
systematic bias within and between observers in ASC
and WTRPLAX measurements. However, in the metric
obtained from 4CH view, there was a significant inter-
observer discrepancy, where WTR measurements were
on average 0.28 and 0.2 higher than those obtained by
O2 and O3, respectively. The measurements and Bland–
Altman plots are provided in the supplementary material
(Figure S1, Tables S1–S3, http://links.lww.com/HJH/B583).

Assuming current clinical standard the ground truth to
identify the presence of BSH in hypertensive patients, we
studied how each of the three individual metrics agreed
with it. Given that WTR was used as the traditional metric to
diagnose BSH, it was not surprising to find a better separa-
tion between groups with the WTR indexes than with ASC
(left panel in Fig. 4). Nevertheless, the difference between
the two groups was significant in all metrics (P< 0.001 in all
cases).

A more detailed inspection of the metrics in a scatter plot
(see right panel in Fig. 4) revealed the disagreements of the
WTR acquired in different views. These discrepancies were
more pronounced in the higher end of the WTR values,
above the threshold value. The correlation between the two
measurements was moderate (R¼ 0.36, P< 0.001). ASC was
found to also be moderately correlated with the WTR in
4CH view (R¼�0.4, P< 0.001) and weakly correlated to
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the WTR in PLAX view (R¼�0.21, P¼ 0.004). Stronger
correlation between WTR4CH and ASC measurements was
expected as the curvature indexes were calculated from
trace delineated in the 4CH view.

Although the new method does not classify the cases in
the same manner, the relation between the metrics and
cardiac deformation revealed that ASC was more correlated
with the functional remodelling than with the anatomical
markers: Table 3 shows that whenever the markers are
significantly correlated with a functional parameter, the
correlation with ASC is the strongest, except for medial
a0. ASC is stronger correlated with all the strains, both
ventricular and atrial, and the E/A ratio, with the most
apparent difference in the basal longitudinal strain (shown
in Fig. 5, rASC¼�0.417 vs. r4CH¼ 0.341 and rPLAX¼ 0.24),
which is also the most pronounced marker of BSH. In case
of the mid-septal strain and left atrial conduit strain, ASC is

FIGURE 3 Upper: histograms of values of average septal curvature and wall thickness ratios measured in parasternal long-axis and four-chamber views among patients
with and without hypertension. The negative values of the curvature represent concave curvature. The distribution of the curvature index resembles a normal distribution,
whereas the wall thickness ratios are strongly skewed. Lower: 4CH view endocardial contours and their corresponding ASC values. The metric penalizes the sharp changes
in the septal profile, regardless of its position. The two leftmost cases were diagnosed with BSH. 4CH, four-chamber; ASC, average septal curvature; BSH, basal septal
hypertrophy.

TABLE 1. The description of the distributions of average septal
curvature and wall thickness ratio indexes

Wall thickness
ratio

Distribution
description

Average septal
curvature (dm�1) 4CH PLAX

Minimum �2.440 0.818 0.875

P15 �1.163 1 1

P25 �0.88 1.091 1

P50 �0.362 1.167 1.125

P75 0.041 1.333 1.286

P85 0.335 1.429 1.413

Maximum 1.310 2.143 2.125

Pnormal 0.035 <0.001 <0.001

Pi values denote the percentiles. P85 of WTR in either of the views is the threshold for
the diagnosis of BSH. Pnormal is the P value of the test for normality. None of the
distributions can be qualified as normal. 4CH, four-chamber; PLAX, parasternal long-axis.

TABLE 2. Results of intra-observer and inter-observer variability

Absolute values Relative values

Obsever Metric Range Max AD AAD SDAD Max AD AAD SDAD

O1 and O1� ASC 2.78 0.64 0.17 0.18 23% 6% 7%

WTR4CH 0.88 0.52 0.11 0.12 59% 12% 13%

WTRPLAX 0.94 0.45 0.16 0.12 47% 17% 13%

O1 and O2 ASC 2.85 0.67 0.23 0.20 23% 8% 7%

WTR4CH 0.86 0.77 0.28 0.22 89% 33% 25%

WTRPLAX 0.89 0.56 0.26 0.14 63% 30% 16%

O1 and O3 ASC 2.39 0.74 0.32 0.22 31% 13% 9%

WTR4CH 0.51 0.98 0.26 0.26 190% 51% 51%

WTRPLAX 0.67 0.67 0.18 0.17 100% 26% 26%

Differences in absolute and relative (to the range of the index) terms. Bold indicates most relevant values. 4CH, four-chamber; AD, absolute difference; ASC, average septal curvature;
AAD, average AD; BSH, basal septal hypertrophy; SDAD, standard deviation of AD.
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the only significantly correlated metric. The function of
mitral annulus in lateral location is not significantly corre-
lated with any marker.

DISCUSSION
Average curvature of the septal segment is proposed as an
anatomical feature to identify the presence of BSH. It is a
more precisely defined and reproducible metric than thick-
ness ratios, and better infers the functional remodelling of
the basal septal segment.

The problem addressed in this work is the high variabil-
ity between multiple WTR measurements, as described in
the literature [22,23] and confirmed in our inter-observer
and intra-observer analysis that indicated that 2D measure-
ments of the septum thicknesses are not consistent (13 and
38% for intra-observer and inter-observer variability, see
Table 2). This large variability led to discrepancies in
diagnosis among the observers, making multiple control
cases considered as having BSH and vice versa. The pro-
posed solution is a quantitative definition of the so far
qualitative visual assessment of the presence of the sigmoid

FIGURE 4 Left: box plots of values of average septal curvature and wall thickness ratios measured in parasternal long-axis and four-chamber views among patients
diagnosed and not diagnosed with BSH. Right: WTR values measured in two ultrasound views: PLAX and 4CH. The colours signify the values of ASC. The discrepancies
between two metrics increase with the calculated values. The majority of the cases with WTRs below the BSH threshold also hold a low ASC value. 4CH, four-chamber;
ASC, average septal curvature; BSH, basal septal hypertrophy.

TABLE 3. Rank-correlation between average septal curvature
and wall thickness ratios markers and anatomical
and functional parameters

Spearman r

Variables ASC WTR4CH WTRPLAX

LV mass index 0.018 0.162� 0.173�

LV end-diastolic volume index 0.062 0.079 0.157�

LV end-systolic volume index 0.113 0.060 0.122

2D left atrial conduit volume 0.051 0.057 0.100

E/A ratio 0.187� �0.163� �0.131

Mitral annulus e’ medial velocity 0.234� �0.156� �0.158�

Mitral annulus a’ medial velocity �0.192� 0.227� 0.163�

Mitral annulus e’ lateral velocity 0.062 �0.116 �0.085

Average mitral annulus e’ velocity 0.129 0.148 0.137

Basal septal strain �0.417� 0.341� 0.24�

Mid septal strain �0.164� 0.100 0.109

LA contractile strain �0.219� 0.158� 0.152

LA conduit strain 0.159� �0.137 �0.060

LA conduit/contractile strain ratio �0.232� 0.203� 0.140

ASC, average septal curvature; BSH, basal septal hypertrophy; LA, left atrium; LV, left
ventricle; WTR, wall thickness ratio.
�P value less than 0.05 for correlation.

FIGURE 5 Linear regression between functional (basal septal strain index) and anatomical markers of basal septal hypertrophy: average septal curvature and wall thickness
ratio indexes.
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septum currently done in clinical practice. ASC indices are
more user-independent (7 and 8% for intra-observer and
inter-observer variability, Table 2) and show better diagno-
sis agreement across observers.

ASC is more reproducible than WTR for two reasons.
First, as it has a precise definition, on the contrary to WTR
where the locations of the minimum and maximum thick-
ness measurements are ambiguous. ASC is computed along
the basal and mid inferoseptal segments of the left ventricle
in a 4CH view, objectively derived as 30% of the LV
endocardial contour. The second reason is that ASC only
requires segmentation on the bright LV endocardial border:
curvature defined on the LV endocardial border removes
the source of variability in the delineation of the epicar-
dium, which is usually more challenging and required
in WTR.

There are still two potential sources of variability in ASC.
First, there could be inconsistency in placing the first basal
points of the endocardial contour, but its impact should be
small because of its rigorous description in guidelines [17].
Second, the variability during image acquisition in position-
ing the basal segment in face of the outflow tract is an
unsolved problem [24]. As an example, a few outliers
exhibiting strong concave curvature among the non-BSH
patients (conf. Fig. 4) were caused by low acquisition
quality, where the 4CH view image almost entirely captured
the left ventricular outflow tract and was thus closer to an
apical long-axis view. The segmentation in the presence of
the outflow track (e.g. on the apical long-axis view) lacks
the consensus on the reproducible border between the
ventricle and outflow, that would allow for the usage of
curvature in this context. Despite these two potential sour-
ces of variability, ASC has shown to lead to a reproducible
and easily interpretable metric, and could be further refined
for other echocardiographic views, as well as other imaging
modalities and 3D images. In addition, curvature could be
defined in other echo views, such as the PLAX, provided
that the guidelines were established.

Beyond reproducibility, and in the absence of outcome
metrics and disease onset, this work searched for the BSH
metric that correlated with those functional markers that
indicate early signs of degradation. Changes in left atrial and
ventricular function have been shown to be present in
hypertensive patients with BSH – decreased regional LV
systolic contraction was related with impaired LV relaxa-
tion, a higher level of indeterminate diastolic dysfunction
and LA functional impairment [7]. Therefore, BSH has been
linked to both morphological and functional cardiac
remodelling, potentially increasing the patient’s risk for
atrial fibrillation and heart failure. In our study, ASC shows
a better ability to infer function impairment, and with the
additional strength of being independent from LV mass and
volume indexes making it a complementary anatomical
marker, as opposed to the existing WTR markers (conf.
Table 3). In addition, ASC is a metric that changes in patients
with hypertension and is strongly amplified in BSH patients
(conf. Fig. 3), suggesting its potential value in tracking the
adaptation of the heart to the hypertensive insult. Further
research is needed to investigate the ASC utility in risk
quantification and prediction of disease onset or clinical
outcomes. In detail, a longitudinal study showcasing the

speed and pattern of local remodelling and changing cur-
vature would shed light on the BSH development. In
addition, ASC in BSH cases should be compared with other
diseases related to thickening of the septal segments, such
as hypertrophic cardiomyopathy.

Previous studies have explained the mechanistic cause
of BSH by the extra stress that this region holds compared
with the rest of the left ventricle when pressure increases
[2,3,5]. Given a certain pressure in a chamber, the stress that
a wall holds depends on its curvature accordingly to Lap-
lace’s law: the flatter the surface, the larger the stress. The
septum near the outflow track is the flattest anatomical part
of the left ventricle, and thus becomes the early beacon of
the presence of cardiac remodelling caused by hyperten-
sion. Our study of curvature provides additional evidence
for this mechanistic explanation: the curvature in the septal
region is on average flat (ASC¼ 0), or even convex (positive
ASC), in many control patients (see Fig. 3). One interesting
hypothesis is the existence of morphological features in the
septum and outflow track that make the LV more prone to
the occurrence of BSH: patients that have null or negative
ASC values at the onset of the hypertension would be more
sensitive to BSH in the progression of the disease.

The future methodological research will focus on the
automation of the metric acquisition and unveiling the
remodelling patterns, to classify the adaptive and maladap-
tive responses. It has recently been shown that deep neural
networks can accurately segment the left ventricle, myo-
cardium and the left atrium directly from ultrasound B-
mode images [25]. Employing the networks could speed up
generating the contours and create an objective metric
independent of the observer, provided that the network
could accurately delineate the septal profile. Furthermore,
the statistical shape analysis has shown promise in aiding
diagnosis and risk stratification [26,27]. This type of analysis
could be directly applied to the segmented LV, to provide z
scores describing the progress of the BSH in hypertensive
patients. With such models and follow-up data, both mal-
adaptive (increasing afterload) and adaptive (response to
treatment) remodelling predictions could be made, to
ensure appropriate treatment.

In conclusion, a novel shape biomarker, the LV endo-
cardial septal curvature, was proposed to detect and quan-
tify the presence of BSH. The distribution of this biomarker
in control and hypertensive cohorts was described. It was
found to be a more reproducible metric than thickness
ratios and it better infers the functional deterioration related
to hypertension. The tool to compute it [19], and the data to
verify its implementation [28], are released to enable an easy
adoption by the community.
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Generating Synthetic Labeled Data from
Existing Anatomical Models: An Example with

Echocardiography Segmentation
Andrew Gilbert, Maciej Marciniak, Cristobal Rodero, Pablo Lamata, Eigil Samset, and Kristin McLeod

Abstract— Deep learning can bring time savings and
increased reproducibility to medical image analysis. How-
ever, acquiring training data is challenging due to the
time-intensive nature of labeling and high inter-observer
variability in annotations. Rather than labeling images, in
this work we propose an alternative pipeline where images
are generated from existing high-quality annotations us-
ing generative adversarial networks (GANs). Annotations
are derived automatically from previously built anatomi-
cal models and are transformed into realistic synthetic
ultrasound images with paired labels using a CycleGAN.
We demonstrate the pipeline by generating synthetic 2D
echocardiography images to compare with existing deep
learning ultrasound segmentation datasets. A convolu-
tional neural network is trained to segment the left ventri-
cle and left atrium using only synthetic images. Networks
trained with synthetic images were extensively tested on
four different unseen datasets of real images with median
Dice scores of 91, 90, 88, and 87 for left ventricle seg-
mentation. These results match or are better than inter-
observer results measured on real ultrasound datasets and
are comparable to a network trained on a separate set of
real images. Results demonstrate the images produced can
effectively be used in place of real data for training. The
proposed pipeline opens the door for automatic generation
of training data for many tasks in medical imaging as the
same process can be applied to other segmentation or
landmark detection tasks in any modality. The source code
and anatomical models are available to other researchers 1.

Index Terms— Data Generation, Echocardiography, Gen-
erative Adversarial Networks, Segmentation, Synthesis

I. INTRODUCTION
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Fig. 1. Using anatomical models as high quality ground truth anno-
tations, we propose a pipeline to generate large synthetic datasets for
training convolutional neural networks.

MEDICAL imaging provides a window to capture the
structure and function of internal anatomies. Imaging

modalities such as ultrasound, computed tomography (CT) or
magnetic resonance imaging (MRI) can be used to measure
physical and physiological parameters. Accurate automation
of these measurements would provide significant time-savings
for clinical practitioners.

Convolutional neural networks (CNNs), have become the
candidates of choice for measurement automation because
they can accurately learn complex relevant features. However,
CNNs require large sets of labeled data to learn and they
are limited in accuracy by the quality of labels used in
training. Inter-observer errors can be high in medical imaging
tasks, especially when there is noise or other artifacts in the
image. For example, in cardiovascular ultrasound (echocardio-
graphy or ’echo’), inter-observer errors for labeling common
measurements can range from 4-22% even for experienced
cardiologists [1], [2]. The variability in measurements is
due to (a) the difficulty of accurately interpreting signals
delineating structures amid image noise, and (b) differences
in implementation between different acquisition machines
and between practitioners in different institutions. A second
problem when building datasets to automate tasks in medical
imaging is labeling is time-consuming and expensive since
quality annotations require experienced medical professionals.
Finally, manual labels are inflexible and adapting them based
on new insights requires a significant amount of time.

While CNNs have been at the forefront of automating
diagnostic measurements, anatomical models are progressing
the personalization of treatments. Simulations from ”digital
twins” (models with patient-specific parameters) are increas-
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ingly being used to guide therapies and develop new treatments
[3]. As with the revolution in statistical inferencing led by
deep learning, larger computational resources have allowed
the growth in complexity and realism of these anatomical
models [4], [5]. While originally developed for personalized
simulation of mechanics and biophysics, anatomical models
are also a valuable source of high-quality shape information.
We propose a method to solve the labeling challenges for
medical deep learning by harnessing the information contained
in anatomical models. Instead of labeling images, we let these
models represent ground-truth anatomical shapes and generate
task-specific paired realistic images as summarized in Fig. 1.

In particular, we demonstrate the usefulness of this pipeline
for the task of segmenting parts of the left heart in echo images
and thus make use of a set of cardiac models developed for
electromechanical simulations of the heart. Similar anatomical
models have been developed for a wide range of anatomies and
most are free for academic use [4], [6]. The pipeline described
here could readily be applied to those models as well with
some application specific modifications. Section V-E provides
more details on extensions to new anatomies.

A. Contributions

The proposed pipeline shifts the focus from annotating
images to ensuring a CNN trained on synthetic images will
generalize to real images. We test our pipeline by generating
synthetic data for echo segmentation. Our main contributions
are three-fold:

1) We present a pipeline to generate realistic synthetic
images with paired labels using anatomical models and
a CycleGAN [7]. The pipeline can generate datasets
of arbitrary size and include labels from any region
included in the original anatomical models.

2) We demonstrate the utility of the pipeline by build-
ing annotated synthetic 2D echo images from cardiac
models. We show these synthetic images can be used
for training deep learning algorithms, specifically by
demonstrating accurate segmentation without any real
labeled images. We present extensive validation of the
proposed pipeline by testing on multiple datasets of real
images from different clinical sites and annotators that
were completely unseen during development.

3) We present an analysis of the sources of error in the
segmentation including differences in image texture, tis-
sue shape, and annotator style. We show that differences
in the segmentations primarily come from differences in
annotator bias, highlighting the need for standardized
annotations.

B. Related Work

Because there are often only a few accurate anatomical
models available, we first experiment with using shape analysis
techniques to expand the available set of ground truth models.
Shape analysis has previously been used in medical imaging
for improving segmentations as well as for pathology detection
and registration [8]–[11].

The proposed work translates labels from a source domain
(slices from anatomical models) to a target domain (echo in
the example application). Domain adaptation is a similar task,
but uses labels from a different imaging modality instead of
models. Recently, CycleGANs have facilitated domain adapta-
tion with unpaired images by using two sets of generative and
discriminative networks, one for each transformation direction
[7]. Kazeminia et al. [12] and Taghanaki et al. [13] provide
overviews of CycleGANs in medical imaging. So far Cycle-
GANs have primarily been used for realistic cross-modality
translation to CT or MRI images whereas this work focuses
on echo. Generating echo images is challenging because of the
complex noise patterns. These patterns change dramatically
between images and even within a single image following the
acquisition settings of the user and the stretching/squeezing
of the scan-conversion process. Compared to echo, the well-
defined boundaries in MRI or CT represent a more similar
domain to the anatomical model images. The cone in echo
images is also a consistent defining feature in the image
which degrades the translational invariance of convolutional
networks. CycleGANs have been applied in echo for seg-
mentation with image quality improvement [14] and view
conversion [15], but these works used two real datasets of echo
images and thus did not have to address the above challenges
of translating from a different modality to echo.

Others have developed alternative strategies for surmounting
limited datasets in medical imaging and Tajbakhsh et al.
provide an overview of different strategies for segmentation
with unlabeled or limited data [16]. Specifically relevant
to this work, several groups have proposed strategies using
GANs to generate synthetic data. Eschweiler et al. proposed
a CycleGAN strategy for synthesizing a microscopy cell
image and location dataset [17]. However, their labels are
randomly generated, which loses the key advantage of ground
truth anatomical models and is not applicable to most other
applications in medical imaging where anatomies cannot be
randomly generated from scratch. Huo et al. proposed SynSeg-
Net, a similar pipeline using unpaired labels from MRI to train
networks on CT images using a CycleGAN [18]. While some
of the methodologies are similar, the central difference is that
our ground truth annotations come from 3D anatomical models
rather than unpaired images from another modality. Because
detailed 3D annotations are an intrinsic part of each anatomical
model, our pipeline is applicable to any segmentation or
landmark detection task in any modality with no additional
labeling required. Our approach is focused on image synthesis
rather than domain adaptation.

Previous works generating echocardiography images have
primarily used physics simulators to exactly replicate speckle
creation from a set of reflectors. In general, these approaches
have focused on generating a few specific images rather than
large datasets. For example, Alessandrini et al. demonstrated a
full pipeline for generation of 3D echo video loops that were
realistic enough to trick some human observers [19]. While
useful for providing a ground truth of myocardial motion
for strain estimation, this pipeline and similar approaches
[20]–[22], are ill-suited for generating training data for deep
learning algorithms because it does not scale well to larger
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datasets. Each new generated image requires manual initial-
ization and computationally heavy simulation. Other groups
have used generative adversarial networks (GANs) for echo
image synthesis. For example, Abdi et al. sampled new echo
images from labels after conditioning a GAN on a paired
dataset [23] an approach also demonstrated for skin lesions
[24]. The key drawback is this approach can only be used to
augment existing, already annotated datasets.

II. METHODS

The proposed pipeline consists of two primary steps as
shown in Fig. 2. First, pseudo images and paired labels are
generated from 3D anatomical models as described in Sec. II-
A. Second, the pseudo images are transformed into realistic
synthetic ultrasound images using a CycleGAN and a set of
real images as described in Sec. II-B. Afterwards, in Sec. II-
C, we test the utility of the generated datasets by comparing
segmentation networks trained with synthetic images to those
trained with real images when testing on real images. The
proposed pipeline is general to any medical imaging applica-
tion, although models for the relevant anatomy are needed and
application specific parameters are required in the extraction.
Sec. III-A describes the models used for this application and
Sec. III-B provides details on the example application (echo
segmentation) and parameters.We demonstrate the method
using several datasets as described in Sec. III-D.

A. Extraction
The input to the pipeline is a small set of anatomical models

(”Original Models”) which contain labels for the attributes that
will be segmented or detected.

1) New Shape Models: While anatomical models provide
excellent ground truth, there are often few available which
may not provide sufficient anatomical variability to build a
heterogeneous dataset. We experiment with building additional
anatomically realistic models using statistical shape analysis.
The primary modes of variation are deconstructed from the
original models using principle component analysis. New
models are generated by randomly sampling from the first
9 modes of variation (capturing 90% of the total variation)
within two standard deviations of the mean model. We repeat
this procedure to generate 99 new models in total. Each of the
synthetic models is still an anatomically plausible shape, but
adds a heterogeneous example to our dataset. Full details of
the construction are given in Appendix A.

2) Pseudo images and model labels: A CycleGAN learns to
transform the appearance from one imaging set to another. To
generate the input for the CycleGAN, a ”pseudo” database is
generated where the anatomical shapes present in the pseudo
database generally match the shape distribution found in an
equivalent database of real images. Therefore the necessary
functions here are application specific and are discussed in
detail in Sec. III-B. The output of this step is both a pseudo
image and a label image which contains ground truth for the
learning step. Synthetic labels are generated from the original
model to match the chosen task and selecting the task simply
involves choosing the relevant regions in the model.

B. Transform
A CycleGAN [7] is trained to transform the pseudo images

into synthetic ultrasound images using an unlabeled set of real
ultrasound images. The default CycleGAN architecture and
hyper-parameters are used except the generator network is re-
placed with a U-Net with 8 down-sampling levels [25] because
it trains faster and gives equivalent results. The CycleGAN is
trained for 200 epochs. Network weights are saved every 5
epochs. We select the best epoch by manually reviewing a
sample result from each epoch (typically around epoch 180)
but the exact epoch chosen did not have a significant impact
on results in preliminary experiments. The selected network
is used to save a synthetic image and paired label for each
pseudo image.

C. Learn
A segmentation network is trained from the set of generated

synthetic images and labels. The same U-Net architecture
from the transform step is used. The network is trained for
30 epochs using cross-entropy loss. While the segmentation
network can be included within the CycleGAN for end-to-
end training [18], [26], we found the segmentation network
was able to consistently achieve very good results on the
synthetic images in preliminary results and did not find value
in including this as a loss term within the transformation
process. Additionally, splitting these two steps allowed us to
develop an equal comparison between the synthetic and real
data.

III. EXAMPLE APPLICATION: ECHO SEGMENTATION

The feasibility of the pipeline is proven by building syn-
thetic datasets for 2D echo segmentation. This application was
chosen to enable comparison against existing real datasets.
Two task variants are tested. First, matching all overlapping
constraints of the synthetic and real datasets presented in Sec.
III-D, a network was trained to segment the left ventricle
endocardial border (LVendo) from apical four chamber images
taken from the end diastole phase of the cardiac cycle. Second,
the task was extended to include the left ventricle epicardial
border (LVepi) and left atrium (LA) border from both four
chamber and apical two chamber views and both end diastole
and end systole phases. Fig. 3 shows examples of apical
four/two chamber images extracted from the anatomical model
as well as examples of performing the relevant annotations in
real ultrasound images.

A. Original Models
The original models for this application were a set of 19 3D

heart models derived semi-automatically from CT images. CT
images have high contrast and spatial resolution which enables
accurate delineations of structure boundaries. These models
were built for electromechanical simulations and contain a
complete set of tissue labels. Each model contains labels for
both ventricles, both atria, aorta, pulmonary artery and veins,
and both venae cavae. Additional details on the model creation
process are given in Appendix A and by Rodero et al. [27]
(currently under review, the model construction matches that
described in [28]).
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Fig. 2. Overview of proposed pipeline implemented for echocardiography segmentation. a) Extraction: pseudo images and ground truth
labels are built from the 3D anatomical models. First, a larger cohort of shapes is generated by building a statistical shape model from the original
anatomies and sampling new 3D instances using principle component analysis (PCA). Next, 2D slices of the desired view (apical four chamber
shown) are sampled. Finally, pseudo-ultrasound images and the corresponding labels are built. Each step expands the size of the dataset. b)
Transformation: The pseudo images and a dataset of unlabeled real echo images are used to train a CycleGAN to transform the pseudo images
into synthetic ultrasound images. c) Learn: The paired synthetic ultrasound images and model labels are used to train a U-Net segmentation
network. d) Test: The network trained on synthetic images is tested on real images to evaluate the utility of the pipeline. The creation of new shape
models as well as the transformation module are optional extensions. The slicing can be performed on the original models and the segmentation
network can be trained using pseudo images instead. We evaluate the effectiveness of these components in Sec. IV.

Fig. 3. Example application: echo segmentation. a) Apical two
chamber (top) and apical four chamber (bottom) views as shown in
an anatomical model. The right images show example real apical two
chamber (b) and apical four chamber (c, d) echo images with task labels.
(b, c) show the full heart while d) is zoomed to focus on the left ventricle.

Fig. 4. Extraction details for echocardiography. To extract pseudo
images a) a 2D plane is defined from a set of landmarks, b) the plane
is rotated and cropped to match standard acquisition parameters and
positioned to match standard positioning in real images, c) random noise
and shadows are added and the slice is blurred yielding d) the final
pseudo image. Additional details are given in Appendix A.

B. Task-Specific Data Generation

To generate a dataset for this task, 2D slices were sampled
from the anatomical models and masked to mimic ultrasound
images. A perfect 2D apical four chamber image is defined as
the plane intersecting the apex, mitral valve center, and aortic
valve center [29]. These landmarks were extracted from each
model to define the optimal plane. Apical two chamber images
were extracted by performing a 70 degree rotation counter-

clockwise around the apical long axis from the four chamber
landmarks (see Fig. 3). Although clinical guidelines suggest
rotating the probe 60 degrees [29], using 70 degrees gave a
better cut plane for the models from qualitative evaluation.
To mimic natural variation in acquisition, random rotations of
the cut planes around the long and short axes of the LV were
sampled so that some slices are foreshortened or off-plane.

The 2D slices were transformed into pseudo images which
mimic the appearance of ultrasound images. One of the most
distinguishing features of an ultrasound image is the ’cone’
marking the boundaries of imaging data. This is a consistent
strong feature in all images and we found that the translational
invariance of CNNs is degraded because the network could
learn relationships between the cone boundary and structures.
In other words, the CycleGAN discriminators could find
difference between real and synthetic images from differences
in structure location. In response, the generators would hal-
lucinate structures in random locations. For the CycleGAN
to properly transform structures as well as appearance, it
is important that the distributions of locations of different
anatomical structures are equally represented in both datasets.

To match this constraint, a series of affine transformations
were applied to mimic the different LV orientations found in
real images. This primarily consisted of masking the image
with a cone and randomly cropping to either the entire heart
(’whole heart’ image) or the LV (’LV focused’ image). The
different crops are shown in Fig. 3 and match the image types
suggested in clinical guidelines [29]. After cropping, other
affine transforms such as rotations and squeezing were applied
to ensure the region of interest remains inside the cone and
add variance to the dataset (see Appendix A). Hard edges also
decreased the realism of the generated images (see Appendix
F) so random uniform noise and shadowing was added and
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the images were blurred by convolving with a Gaussian kernel.
This process is shown in Fig. 4. To introduce additional variety,
the slicing and pseudo extraction processes were repeated 3
times each for a total of 891 images (99 × 3 × 3). The entire
process is fully automated.

C. Segmentation Evaluation and Network Selection
Several metrics were used to evaluate the accuracy of

the trained segmentation networks. First, the Dice score
was measured where D = 200 ∗ (Spred ∩ Sref )/(Spred +
Sref ) and measures the overlap between a predicted seg-
mentation Spred and a reference segmentation Sref . Sec-
ond, following [30], we analyzed the convexity and sim-
plicity of the output as criteria which identify successful
annotations. Because we found these two metrics vary to-
gether, only simplicity is reported. Simplicity is defined as
Sp =

√
4 ∗ π ∗Area(Spred)/Perimeter(Spred) [31]. Note

that simplicity relies only on the segmentation mask output
from the network Spred and not the label mask Sref .

For the task of LVendo segmentation, differences between
annotators are often because of differing placements of the
endocardial border within the myocardial tissue rather than
differing ventricular shapes. According to guidelines [29], the
LVendo border falls at the interface between the non-compacted
and compacted myocardium. If this border cannot be deter-
mined then the border falls at the blood-tissue interface. In
noisy ultrasound images it can be difficult to accurately label
this border, and there may be disagreement about which crite-
ria should be used. There are no clear guidelines established
for labeling LVepi and LA borders for segmentation [30] which
can lead to differences between annotators for those tasks as
well.

To capture these potential disagreements, we calculated
several additional metrics: mean distance between the contours
and Bias. Mean distance (dm) is the distance between two
contours Cref and Cpred averaged across their length. Cx

indicates the border of Sx. Bias is the percentage error between
the segmentation areas and is defined as:

B = 200 ∗ Area(Spred)−Area(Sref )

Area(Spred) +Area(Sref )
(1)

A high average Bias (positive or negative) across a dataset
indicates a systematic difference in the labeling since the pre-
dicted results are consistently larger/smaller than the reference.
Mean distance is calculated in pixels since we do not have
access to image sizes in mm for all datasets. All other metrics
are unit-less.

All networks were able to achieve high Dice scores on
the synthetic data in preliminary experiments so selecting the
network based on best Dice on a synthetic validation set lead
to over-fitting to the synthetic data. Simplicity is a marker of
the annotation quality that relies only on the network output
and does not require a label. Therefore simplicity was tracked
on an unlabeled set of real images (separate from the test
set) through the course of training and the network with the
highest simplicity was selected for final testing. This choice
encouraged networks that generalized well to real data without
requiring labels.

Median metrics were calculated in all cases since the distri-
bution of scores was not normal. Therefore median absolute
deviation was used as a measure of variance where MAD =
Median(|Xi− X̃|). The Wilcoxon signed-rank test was used
to calculate statistical significance between different results
[32].

D. Real Datasets

Validating a dataset on a single source can lead to implicit
bias in the developed methods [33]. For example, Degel et
al. showed a decrease from 0.75 to 0.10 in Dice score for a
CNN trained on one machine and tested on another for 3D
left atrial segmentation. To account for this we validated the
pipeline using a selection of real datasets. The characteristics
of each dataset are described below and full details are listed
in Appendix A.

1) Camus: The Camus dataset was introduced by Leclerc
et al. [30]. It consists of apical four and two chamber images
with segmentation labels for LVendo, LVepi, and LA at end
diastole and end systole time points in the cardiac cycle. The
images also include quality labels, and following the authors
we limit our analysis to images of good or medium quality,
leaving 1,600 images. The images are divided into training,
validation and test splits of 80%, 10%, and 10% respectively,
keeping images from the same patient in the same split.

2) EchoNet: The EchoNet dataset was introduced by
Ouyang et al. [34]. It consists of 10,024 apical four chamber
video loops with LVendo segmentation labels for end diastole
and end systole The images were divided into training, val-
idation and test splits of 80%, 10%, and 10% respectively,
keeping images from the same patient in the same split.

3) Additional real datasets: Since EchoNet contains only
LVendo annotations in apical four chamber images, additional
real images were labeled with a full set of annotations, views
and cardiac phases. Mixed apical four and two chamber
videos from two different clinical sites were annotated by two
experienced cardiologists (O1 and O2). Both cardiologists use
echo as a part of their daily practice. To annotate the images
they used the whole loop to check myocardial movement to
find the correct structures and annotated LVendo, LVepi, and
LA labels at end diastole and end systole ensuring that the
labels between phases matched. The datasets were split by
institution, SiteA contains 336 images and was further divided
into training and validation splits of 80% and 20% respectively.
SiteB contains 229 images and was left exclusively as a test
set. SiteA was labeled by O1 and SiteB was labeled by O2.

4) Pathological dataset: The anatomical models were de-
rived from asymptomatic patients and the aforementioned
datasets contain no information on patient diagnosis. Therefore
a set of pathological images was also gathered to test how well
the networks trained on real and synthetic images would be
able to adapt to pathological cases. 61 exams were gathered
from patients diagnosed with severe functional mitral regur-
gitation, which is correlated with significant changes in LV
shape [35], [36]. A severe diagnosis corresponds to a rating
of 4 on a 4 point scale of severity. A random apical four
chamber image was selected for each patient and O2 labeled
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Fig. 5. Synthetic images closely match real images. Can you guess
which images are synthetic? Answers below 3.

LVendo, LVepi, and LA areas at end diastole and end systole
(yielding 122 images total) using the same criteria as above.
All images were used exclusively for testing.

E. Synthetic Datasets

Synthetic versions of the Camus, EchoNet, and SiteA
datasets were generated using the pipeline in Fig. 2. No
synthetic dataset was generated for the SiteB or Pathological
datasets since both were used for testing. Extraction and
transformation were performed individually for each dataset
and separately for each view. We predicted that using separate
CycleGANs for each dataset and view would enhance the
quality of the generated views and would allow the learned
image features to be specific to the relevant dataset/view.
Although customization of datasets and views could likely
be combined into a single transformation process (using for
instance an additional conditional input to the network), the
focus of this work was on evaluating the feasibility of the
pipeline rather than optimizing the generation process for
multiple views and datasets. In most use cases all available
datasets could be combined, however they were left separate
here for evaluation purposes. Since SiteA contained fewer
images, the CycleGAN for that dataset was initialized from
the final trained CycleGAN from the Camus dataset and it
was trained for only 100 epochs. The models were built for
only a single time step so the synthetic datasets contain only
end diastole images.

To test the impact of the new shape models, a synthetic
EchoNet dataset was created without using the additional
models generated in the shape extension described in Sec. II-
A.1. To maintain dataset size, the extraction part was modified
to extract 5 2D slices per anatomical model and 9 pseudo
images per slice (for a total of 855 images). This set is denoted
with an ∗ in the experiments in Sec. IV.

3a) Real SiteA b) Real Camus c) Synthetic Camus d) Synthetic SiteA e)
Real EchoNet f) Synthetic EchoNet.

F. Inter-Observer Study
To analyze label variability, an inter-observer study was

conducted for a subset of each dataset. 20 random images
were selected from the test set (or validation if no test set
was created) for the Camus, EchoNet, SiteA, Synthetic Camus,
Synthetic EchoNet and Synthetic SiteA datasets. To minimize
the possible sources of variability, and match the overlapping
constraints of the datasets, only apical four chamber end
diastole images were selected. O1 and O2 annotated all images
(except only O1 labeled the EchoNet sets) with LVendo, LVepi
and LA labels. The second round of labeling was conducted
at least 2 months after the first round for SiteA.

G. Implementation Details
Hyperparameters for the segmentation such as the learning

rate and loss function were tuned on the synthetic validation
sets. All approaches were evaluated on the Camus validation
set to ensure proper convergence and several different valida-
tion runs were run in the course of building the extraction and
transformation steps. In general, the goal of this work was
to evaluate the synthetic dataset construction using standard
segmentation approaches rather than tuning an optimal seg-
mentation network for the given application. The unlabeled
EchoNet and SiteA validation datasets were used only for
network selection (see II-C) so the labels and metrics for
these sets were never seen (and thus cannot influence design
choices). This allows us to detect implicit bias in the design
choices or training datasets. The test sets (Camus, EchoNet,
and SiteB) were used only once during final testing for the
results presented below. Additional details on implementation
and hyperparameters can be found in the supplementary ma-
terial.

IV. RESULTS

The pipeline is evaluated first in Sec. IV-A by comparing
expert cardiologist’s annotations to those produced by the
proposed pipeline. Next, since the aim of this pipeline is
primarily to generate image/label pairs that are suitable for
deep learning training, we check if a CNN can effectively learn
from synthetic images in Sec. IV-B and compare to networks
trained on real data. Finally, various versions of the synthetic
dataset are analyzed in Sec. IV-C to determine which factors
contributed to accurate segmentations.

A. Generated Images and Annotations
Images from the randomly selected inter-observer set are

shown in Fig. 5 to demonstrate the realistic output of the
generation pipeline. The synthetic images closely match their
real counterparts in appearance. The GAN generates this ap-
pearance while maintaining the ground truth cardiac structures
from the anatomical models. Generating a single ultrasound
image from the prepared slice takes 81 ms.

Next, we checked if experts agreed with the pipeline-
generated annotations. Metrics from the inter-observer study
are shown at the top of Table I. O2 had higher Dice scores on
synthetic images than real images on LVendo segmentations,
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Fig. 6. Expert annotations on synthetic images match the anatom-
ical model annotations at a level equal to inter-observer error on
real images: A sample image with included labels from the Camus
and SiteA images used for the inter-observer study, chosen by taking
the median Dice score between O2 and the original labeler. For the
real datasets the original labeler was [30] and O1 for Camus and SiteA
respectively. For the synthetic datasets the original label comes from the
anatomical models.

was comparable for LVepi and had higher scores on real
images on LA segmentations. The median image in LVendo
Dice score between O2 and the original annotator is shown
in Fig. 6. Overall, O2 closely matched the pipeline-generated
labels although there was some disagreement in the apical
region. Fig. 6 also shows that while structure consistency
between pseudo and synthetic images was not explicitly forced
in the CycleGAN, the synthetic structures remain true to the
original annotation mask. Only the results from O2 are used
for comparison here for simplicity and because there was a
large intra-observer bias in the results for O1. The results
from O1 are presented in Appendix C and showed the same
patterns as O2 between synthetic and real. Finally, Fig. 5 and
Fig. 6 shows the difference in appearance between the different
datasets for both synthetic and real images. The Camus images
are typically cloudier in appearance while the EchoNet/SiteA
images usually have a higher gain setting and are thus clearer.

B. Learning from Synthetic Data
Networks were trained on Camus, EchoNet, SiteA, and each

of the synthetic datasets for the task of LVendo segmentation
in apical four chamber end diastole images. Networks were
then tested on the EchoNet, Camus, SiteB, and Pathological
test sets. Results for EchoNet are shown in Table I and for the
other three sets in Appendix D. On the EchoNet test set the
networks trained on real EchoNet data unsurprisingly achieved
the best results, but the network trained on synthetic data
was comparable to both the networks trained on separate real
datasets (Camus and SiteA).

Qualitative results are shown in Fig. 7. In some cases
the networks trained on synthetic data performed poorly. For
example, in the worst case for Camus the network did not find
the correct mitral valve cut-off plane. In the worst case for
EchoNet the network found the wrong chamber, likely fooled

Fig. 7. Networks trained on synthetic data produce accurate
segmentations in most cases: Worst, median, and best LVendo seg-
mentation results on the Camus, EchoNet, SiteB, and Pathological test
sets for the network trained on the baseline real data and the synthetic
data. The task for all networks was LVendo segmentation in apical
four chamber end diastole images. Images were ranked by Dice score
for the network trained on synthetic data. The baseline and synthetic
networks are always specific to the dataset (so for Camus the baseline
network was trained on Camus and the synthetic network was trained
on synthetic Camus). The yellow arrow points to a bulging septum in that
image (see text). The baseline for SiteB and Pathological was SiteA.

by the strong reflective signal just beneath that resembles a
valve. This image is also poor quality. In the worst case for
SiteB the network misread the bulging septum (yellow arrow)
as the mitral valve and cut off the segmentation there. The
anatomical models were originally built from CT scans of
asymptomatic patients and thus the segmentation network from
synthetic images was not exposed to pathological cases (such
as those with a bulging septum) during training. This was
shown explicitly on the Pathological test set where the network
failed to identify the LV given an enlarged LA (although
the baseline network also failed in this case). However, these
results were outliers. In most cases the network trained on
synthetic data performed well with annotations that are similar
to the manual labels and baseline.

Next, the robustness of the synthetic data was tested by
extending the task to all annotations, phases, and views. We
evaluated end diastole and end systole although the synthetic
datasets do not contain end systole images. Results testing on
the Camus, SiteB, and Pathological test sets are shown in Table
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TABLE I
SYNTHETIC DATA CAN EFFECTIVELY BE USED IN PLACE OF REAL DATA: MEDIAN METRICS COMPARING TRAINING WITH REAL DATASETS TO

TRAINING WITH SYNTHETIC DATASETS. THE FIRST SECTION COMPARES INTER-OBSERVER RESULTS FOR O2 ON REAL AND SYNTHETIC DATA. THE

NEXT SECTION SHOWS NETWORKS TRAINED ON REAL AND SYNTHETIC DATA FOR LVENDO SEGMENTATION IN A4C ED IMAGES AND TESTED ON

ECHONET. THE FINAL SECTION COMPARES NETWORKS TRAINED ON REAL AND SYNTHETIC DATA FOR ALL ANNOTATIONS/VIEWS/PHASES. ALL DICE

RESULTS ARE STATISTICALLY DIFFERENT WITH A P-VALUE < 0.05 (COMPUTED WITH A WILCOXON SIGNED-RANK TEST) EXCEPT FOR THE MARKED

COMPARISON (†). RESULTS ARE ORDERED BY DICE SCORE AND BOLD SHOWS THE BEST RESULT IN EACH SECTION.

Task Training Data Testing Data D (%) [MAD] B (%) Sp dm

OR inter-observer comparison LVendo LVepi LA LVendo LVepi LA LVendo

Inter- O2 vs. Camus/SiteA 87.9 [4.4] 93.4 [2.2] 87.5 [6.1] 24 8 -3 0.83 5.0
Observer O2 vs. proposed pipeline 90.8 [2.3] 92.0 [2.1] 83.0 [8.0] 9 4 14 0.80 3.9

EchoNet (base)

EchoNet

94.0 [1.6]

n/a n/a

0

n/a n/a

0.85 2.7
LVendo in Camus 89.6 [2.6] -2 0.87 4.8
A4C ED SiteA 87.7 [3.8] 14 0.86 5.6

Synth EchoNet 87.1 [3.7] 15 0.85 5.9

All

Camus (base)
Camus

93.3 [2.3] 95.7 [1.0] 92.0 [3.2] 1 0 1 0.84 2.6
Site A 88.9 [3.4] 92.3 [2.1] 85.4 [5.3] 10 -2 14 0.85 4.8
Synth Camus 81.2 [5.4] 90.3 [2.8] 79.6 [8.3] 33 7 -5 0.83 7.5

Synth SiteA
SiteB

88.4 [3.8] 90.7 [3.4] 83.1 [9.4] -9 -1 -11 0.83 5.4
SiteA (base) 85.1 [4.0] 91.3 [2.0]† 84.4 [4.7] -27 -8 8 0.84 7.5
Camus 81.8 [4.9] 91.9 [1.8]† 86.6 [4.4] -35 -10 -10 0.83 8.7

Camus
Pathological

89.8 [2.6] 92.5 [1.8] 92.2 [2.0] -9 -2 8 0.86 4.1
SiteA (base) 89.0 [3.3] 92.0 [2.9] 87.5 [3.1] -4 5 19 0.85 4.2
Synth SiteA 88.3 [4.9] 87.6 [4.1] 84.3 [6.1] 9 5 -2 0.84 4.6

LVendo = left ventricle endocardium, LVepi = left ventricle epicardium, LA = left atrium, A4C = apical four chamber, A2C = apical two
chamber, ED = end diastole, ES = end systole. All refers to all annotations (LVendo, LVepi, and LA), views (A4C and A2C), and phases
(ED and ES). D = Dice score, MAD = median absolute deviation, B = Bias percentage, Sp = simplicity, and dm = mean average
distance. For inter-observer Sp is listed for the second round annotations and B is calculated as O2−Original. †: Not statistically different
with a P-value < 0.05.

I. The network trained on the synthetic data performed worse
in both cases on LA segmentation and for LVendo segmentation
in the Camus dataset. However, on SiteB the synthetic network
outperformed all real datasets in LVendo Dice and distance
scores. There was a high positive Bias for the synthetically
trained networks on Camus and a strong negative Bias for
SiteA and Camus on SiteB. The network trained on synthetic
data was able to achieve similar performance to the networks
trained on real datasets on the Pathological dataset for LVendo
segmentation, although LVepi and LA Dice scores were slightly
lower.

C. Variability Analysis
To test the impact of parameters in the pipeline, synthetic

datasets with tweaked parameters were generated and a seg-
mentation network was trained for each. To test the effect of
the transformation process, the pseudo dataset (before trans-
formation with the CycleGAN) was compared to the synthetic
dataset (after transformation with the CycleGAN). The Camus
pseudo and synthetic datasets were compared to the EchoNet
pseudo and synthetic dataset to analyze the effect of different
parameters in the extraction process and different real datasets
in the transformation process respectively. To test whether
including additional variability helped, datasets extracted from
just the 19 original anatomical models (Pseudo EchoNet* and
Synth EchoNet*) were compared to datasets extracted from
the set of 99 new shape models (Pseudo EchoNet and Synth
EchoNet). To simplify results, all networks were trained for
LVendo segmentation only and were tested on the EchoNet test
set since it was the largest.

TABLE II
EVALUATING DATA GENERATION VARIABILITY: MEDIAN RESULTS ON

THE ECHONET TEST SET FOR LVENDO SEGMENTATION WHILE

CHANGING VARIOUS PARTS OF THE GENERATION PIPELINE. ALL DICE

RESULTS EXCEPT PSEUDO VS. PSEUDO∗ ARE STATISTICALLY

DIFFERENT WITH A P-VALUE < 0.05 (COMPUTED WITH A WILCOXON

SIGNED-RANK TEST). RESULTS ARE ORDERED BY DICE SCORE AND

BOLD SHOWS THE BEST RESULT.

Train Test D(%) [MAD] B (%) dm

Synth EchoNet

EchoNet

87.1 [3.7] 15 5.9
Synth SiteA 86.8 [4.0] 14 6.2
Synth EchoNet∗ 86.5 [4.0] 17 6.1
Pseudo EchoNet∗ 84.4 [5.3]† 14 6.7
Pseudo EchoNet 84.1 [4.5]† 18 6.7
Pseudo Camus 83.3 [4.7] 9 7.0
Synth Camus 81.9 [6.9] 13 7.3
∗: these datasets were extracted from only the original 19
anatomical models rather than the extended set including the
new shape models from PCA. †: Not statistically different with
a P-value < 0.05.

Results are shown in Table II. Using the pseudo images pro-
vided a good baseline result even without the transformation
process. Extending the anatomical model set as well as using
dataset specific extraction processes slightly helped, but did
not make a large difference. The transformation process did
increase performance in the case that the correct dataset or a
similar dataset was used (EchoNet/SiteA). However, using the
Camus dataset actually significantly degraded the results.
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V. DISCUSSION

We developed a fully automated4 pipeline for generating
large annotated datasets for training CNNs from anatomical
models. The generated synthetic images look realistic and
expert annotations on the synthetic images closely matched
those from the pipeline. Moreover, segmentation networks
trained from the synthetic datasets produced accurate seg-
mentations on real images in most cases. Dice scores from
the synthetically trained networks were comparable to inter-
observer errors and networks trained on a separate set of real
data.

A. Generated Images and Annotations
We found that the expert annotations on synthetic images

closely matched the ones generated by the pipeline. This
indicates the paired synthetic images and labels are accurately
delineating the LV in a manner consistent with expert expecta-
tions. Dice scores between experts and the anatomical model
were lower (although still comparable) for the LA. To explain
this, Fig. 8 shows samples from the first several modes of the
shape analysis described in Sec. II-A.1. The anatomical models
show complex LA shapes as well high variability in shapes
between different models. However, the LA is typically still
annotated as a half-ellipsoid shape by the annotators (similar
to the LV - see Fig. 3) in images and we hypothesize the lower
scores were due to this difference in annotation complexity.
Apical images are typically optimized for image quality in the
LV rather than the LA, which may hinder accurate labeling of
detailed LA shapes.

The inter-observer LVendo Dice scores for real images pre-
sented here are lower than those presented by Leclerc et al. on
the same tasks [30]. There are two likely contributors to this.
First, as discussed in Sec. III-C, a lack of explicit guidelines
can cause differences in standard practice at different clinics
and our results measure experts practicing in different sites.
Second, in our inter-observer study the annotators were only
given access to a single frame during the second round. This
was necessary since the current pipeline only generates a
single frame, but the lack of myocardial movement inhibits
accurate detection of the compacted myocardium and other
features. While more difficult, it also matches the task of the
segmentation network, which is given a single frame only, and
thus represents a better comparison for the pipeline.

B. Learning from Synthetic Data
We evaluated segmentation networks trained from synthetic

data. First, we tested LVendo segmentation in apical four
chamber end diastole images and then extended the task to
LVepi and LA segmentation in apical four chamber and two
chamber views and end diastole and end systole phases. Since
there are numerous examples of deep learning methods failing
once deployed due to implicit bias in the training dataset, we
extensively validated our approach using five different datasets
from various institutions and annotators. All hyperparameter

4Other than the manual step of selecting the CycleGAN epoch, which does
not significantly impact results.

Fig. 8. Shape variations are mainly seen in the LA, not the LV: Four
chamber slices showing ± 2 standard deviations from the mean model
for the first three modes calculated using principal component analysis
(see Sec. II-A.1). LV = left ventricle, LA = left atrium, RV = right ventricle,
RA = right atrium, and Myo = myocardium.

tuning and initial tests were conducted using only a single
dataset (Camus) and we then tested the same pipeline on
additional unseen datasets. In some cases implicit bias towards
the Camus dataset in the pseudo generation step were observed
(see Appendix G), but the pipeline is still able to adapt and
produce good results across datasets. This robustness is a
strength of our work.

The network was able to achieve comparable results to a
network trained on a separate real dataset. In a review of
the results, failure cases primarily occurred when the network
struggled to properly identify the mitral valve plane in real
images (such as the worst case in SiteB of Fig. 7). Since
the valve is included in the anatomical models as a flat
disk, the synthetic images do not contain the same variation
of valve appearances of real datasets. Including a variety
of valve structures in the synthetic images is one way the
proposed pipeline could be improved. The network trained on
synthetic data was generally able to segment images from the
Pathological dataset well, but could not properly identify the
LV in cases with an enlarged LA (shown in Fig. 7 and in
supplementary material). However, networks trained on real
data also struggled on these images indicating that these cases
would likely require expert review and adjustments regardless
of the dataset used. If a known pathology should be handled,
the models could also be adjusted to include this by including
a single anatomical model exhibiting this pathology and using
the PCA shape analysis to generate variations compared to a
healthy normal model.

C. Clinical Applicability

LVendo segmentation is used clinically for an estimation of
volumes and ejection fraction which are important measures
of the efficiency of heart function. Clinical measures are
not presented here because metric pixel sizes are not given
for the datasets. However, previous studies have shown a
strong correlation between the accuracy of Dice scores and
the accuracy of predictions of clinical parameters across mul-
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Fig. 9. Annotation bias can yield large differences: Violin plot
showing the amount of LVepi area comprised of the LVendo area for the
labels in each dataset. A lower value indicates a thicker myocardium.
EchoNet does not have LVepi labels.

tiple algorithms and inter-/intra-observer studies (correlation
coefficient of -0.92 between Dice scores at end-diastole/end-
systole and ejection fraction mean average error across 12
experiments) [30]. Thus, the small decrease in accuracy of
Dice scores presented here would likely result in a small
decrease in accuracy of clinical metrics. The Dice scores
obtained with the synthetically trained networks are still within
the range of inter-observer error, indicating the same would
likely be true for clinical metrics. Annotators rely on visually
tracking the same point across the cycle to ensure consistency
between predictions at end-diastole and end-systole and ejec-
tion fraction prediction could also be improved by including
this temporal coherence between the predictions at different
phases in the segmentation networks (using recursive neural
networks for example).

D. Variability Analysis
We also analyzed potential sources of error for the networks.

When testing images trained on one dataset on a different
dataset there are two primary elements that cause decreased
performance:

1) Texture differences: In echo these are linked to ac-
quisition changes such as varying ultrasound machines,
gain, focus, resolution, and other imaging parameters. In
the proposed pipeline, texture primarily comes from the
transformation step.

2) Shape differences: Due to a) differences in the
width/depth of the acquisition which change tissue shape
in the produced image, b) changes in the underlying
tissue shape, or c) differences in annotation style. In
the proposed pipeline, shape changes comes from the
extraction step. Annotation style is linked to the original
anatomical models.

Texture and shape differences were previously explored
in object recognition where Geirhos et al., who showed
that CNNs trained on ImageNet for classification were more
biased towards changes in texture than shape [37]. We tested
these differences in echo segmentation in Table II, using the
generation pipeline to isolate the impact of each component.

Changes in shape due to imaging parameters were iso-
lated by varying the width/depth/percentage of LV focused
images in the two pseudo datasets and had a very small
effect. Changes in underlying tissue shape were isolated by

comparing the datasets built from the original models (Pseudo
EchoNet*/Synth EchoNet*) to the set of models containing
additional variability from the shape extension in Sec. II-A.1
(Pseudo EchoNet/Synth EchoNet). Changes in results were
small and reversed between the pseudo and synthetic sets. This
is likely because there were minimal variations in LV shape.
As shown in Fig. 8, the largest changes in the LV are variations
in size and width. Modifications to these parameters are
already included in the pseudo image generation process, thus
the shape extension did not add significant new variations of
LV shape to the dataset. Pathological changes in the underlying
shape (such as the bulging septum or enlarged left atrium in
Fig. 7) do seem to reduce segmentation accuracy. To include
these elements in the pipeline, new models could be built from
pathological cases as discussed above.

Texture changes were isolated by comparing different
synthetic datasets using CycleGANs tuned to different real
datasets since the same underlying shape was used in all
cases. Results showed that image appearance could make
a significant difference as the Synth Camus network per-
formed significantly worse than Synth EchoNet/Synth SiteA.
This matches the qualitative appearance difference between
EchoNet/SiteA and Camus in Fig. 7. Results here also showed
that solid performance could be obtained with only the pseudo
network. This is an encouraging result indicating that applica-
tions without high accuracy needs could further simplify the
pipeline by removing the transformation step.

Assuming that human observers are adept at adapting to
differences in texture and shape, differences in annotator style
can be isolated from the inter-observer study presented in
Table I. Differences between observers were substantial both
in terms of Dice score and Bias, indicating a systematic
difference between annotators. Although there were various
constraints in this study (as discussed above), this difference
was also clearly present in the original datasets without those
constraints. Fig. 9 shows the ratio of LVendo area to LVepi
area for the labels of each dataset which generally corresponds
to the thickness of the labeled myocardium. This percentage
is much higher (indicating a thinner myocardium) for the
synthetic datasets than all the other datasets excluding SiteB.
While this difference could instead indicate the prevalence
of pathologies (e.g. hypertension) in the dataset, we present
additional validation in Appendix E that the differences in Fig.
9 are primarily due to changes in annotation style. Results also
match previous studies showing echo measurements typically
overestimate the thickness of the myocardium [38]–[40].

Our segmentation results also point towards annotation style
as the critical factor in determining accuracy. Bias was high
for LVendo results for networks trained on synthetic data on all
other datasets than SiteB. On the other hand, networks trained
on real datasets had a high negative Bias when tested on SiteB.
The increase in Bias was correlated with lower Dice sores
and higher mean distances, but not with simplicity, showing
that the segmentations were still well-formed. This Bias was
not observed for LVepi in Table I indicating that the variation
comes purely from the differences in LVendo annotation style.
The high performance of the synthetic network on SiteB
matches both Fig. 9 and the low bias with O2 in the inter-

108



GILBERT et al.: GENERATING SYNTHETIC LABELED DATA FROM EXISTING ANATOMICAL MODELS 11

observer study since O2 labeled SiteB.
Therefore, the primary reason for decreased performance

in our experiments (for networks trained on both synthetic
and real data) was differences in annotation style, with texture
differences playing a secondary role. Other than several outlier
cases, the networks trained on synthetic data performed well
and produced well-formed segmentations. One of the advan-
tages of the pipeline proposed in this work is that the same an-
notation style can be applied to images from any dataset which
will bring consistent performance for a network implemented
in clinical practice. Given that the synthetic images are built
from anatomical models derived from CT images, the synthetic
images generated can be used to standardize annotation style.

E. Extensions and Future Applications

An abundance of augmentation techniques exist specifically
for improving segmentation performance on limited datasets.
For example, several authors introduced method based on sta-
tistical models to modify images following the deconstructed
natural shape variation [8], [9]. Methods such as Jafari et al.
[41] or Shin et al. [42] use GANs to expand the dataset with
new natural images. This work focuses on the performance
of the standard pipeline rather than one with augmentations
tuned for a specific application, but these techniques, as well
as any other task-specific augmentation techniques (or loss
functions), could readily be applied here to improve results.

While we implemented the pipeline for 2D LV/LA echo seg-
mentation to enable comparison against existing techniques,
one of the strengths of our method is that the anatomical
models are 3D and contain annotations for a variety of tissue
types. Moreover, our method is not limited to ultrasound and a
paired database of CT or MRI images could also be generated
using this method. The pipeline is theoretically extensible
to any segmentation or landmark detection task. Extension
requires a) a small set of anatomical shape models similar to
those described in Section III-A, b) a real dataset of unlabeled
images from the relevant modality and view, and c) code
to extract a slice from the anatomical models matching real
images. Part c) can be accomplished through an analysis of
important landmarks present in the relevant images that are
also defined in the model. Additional unforeseen challenges
likely exist for adapting to new anatomies and modalities, but
we anticipate the ability to overcome these.

In addition to testing the pipeline on novel applications,
future work will focus on adapting the pipeline to 3D, which
is increasingly being used in clinical practice, but where
manual labeling is even more difficult. The difficulty of manual
labeling has thus far limited the development of benchmark
datasets which is why the focus of this validation work is
limited to 2D images. While challenging, other groups have
previously shown the ability to adapt generative networks for
3D medical image synthesis (for example [42] and [43]).
Due to GPU memory constraints these works required use
of lower resolution volumes, a challenge for adapting the
existing pipeline as well. The anatomical models could also
be used as context for generation and/or segmentation as was
proposed in [44]. Additionally, one of the strengths of echo is

the high temporal resolution. Future work will also focus on
extending image generation techniques to include labels and
images across the cardiac cycle.

VI. CONCLUSION

Building large annotated datasets can be difficult and time-
consuming. For cases where a small percentage of outliers are
acceptable, or a confidence metric can be designed to catch
outliers, we present a method to train a cardiac segmentation
network with zero manual labeling required. The generated
labels represent an accurate ground truth, can be rapidly built,
and grant additional flexibility since the anatomical models
providing the ground truth can be automatically adjusted as
required. By eliminating or reducing labeling requirements,
the proposed pipeline enables greatly accelerated deep learning
algorithm development in cardiac imaging.
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Supplementary Materials for Generating Synthetic
Labeled Data from Existing Anatomical Models:

An Example with Echocardiography Segmentation

TABLE I
ABBREVIATIONS USED IN THE APPENDICES.

ED End diastole
ES End systole
A4C Apical four chamber
A2C Apical two chamber
LV Left ventricle
LA Left atrium
LVendo LV endocardium
LVepi LV epicardium

APPENDIX A
ADDITIONAL IMPLEMENTATION DETAILS

A. Original Anatomical Models

The original anatomical models used were a set of 19 models developed from 3D CT data by Rodero et al. [1]. These
models will be made publicly available with the publication of [1] (currently under review). The models were developed to
enable electromechanical simulations of a virtual patient cohort for cardiac resynchronization therapy and other treatments
targeting heart failure. The model construction process mimicked that of Strocchi et al. [3] and full details on the construction
process are available there. In brief, the models were constructed using a semi-automatic segmentation of 3D CT scans. The
models include labels for all major cardiac anatomical regions, although valve anatomies are simplified to a 2mm thick plane
since valve anatomies are not visible in the CT scans. Fig. 1 provides an example of the construction process. Note the level
of detail in the models, which is a product of the high resolution in CT images.

B. New Anatomical Model Construction

A statistical shape model was constructed from the 19 original models. The shape model captures the distribution of cardiac
shapes of the cohort of original meshes. To construct the shape model the meshes were rigidly aligned in 3D space, using the
barycenters of the tricuspid valve, mitral valve and the lowest point of the interventricular septum. An arbitrarily chosen subject
served as a reference for computation of rotation and translation matrices for all other cases. The alignment was performed to
focus on quantifying the variability in the anatomies and attenuate the bias in construction of the mean shape.

Registration on the rigidly aligned surface meshes was performed using the Deformetrica software. The program allows for
omitting the search for point-to-point correspondences and allowed for comparison based on the geometrical features where the
interrelationships are non-parametric. The anatomical mean shape and the variability around it is computed from the surface
meshes, represented with mathematical currents [4], [5]. In this process, every model can be obtained by applying subject

Fig. 1. Original model construction from Rodero et al. [1] using the Seg3D tool [2].
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Fig. 2. The percentage of variance explained by each component after PCA.

specific transformation function to the template and adding residual information [6]. In this process, every model Ti from
patient i can be obtained by applying subject specific transformation function φi to the template T− and adding residual
information as shown in Eq. (2) where n ∈ {0, 1} and m is the shape mode [6].

Hj = (−1)n
∑̇8

k=0
mkw

j
k (1)

After the registration of the meshes, Principal Component Analysis (PCA) was applied to the deformation vectors charac-
terised by functions φi to find the primary modes of shape variability within the population. The aim of PCA is to minimise
the number of variables representing each sample while maximising the variance explained by these variables. The trade-off
between model complexity and the amount of explained variability is controlled with the number of components chosen to
represent the data set. The amount of variance explained by each component is shown in Fig. The 9 most prevalent shape
modes computed with PCA captured over 90% of the variability and were chosen for the generative model.

The mesh k in the shape distribution of the original cohort can be approximated as a linear combination of the chosen PCA
modes, weighted by certain weights wk. We randomly sample each of these 9 modes within 2 standard deviations (square
roots of the eigenvalues computed with PCA) to generate new synthetic meshes Hj as shown in

Hj = (−1)n
∑̇8

k=0
mkw

j
k (2)

where n ∈ {0, 1} and m is the shape mode. Each of the synthetic models is still an anatomically plausible shape, but adds a
heterogeneous example to our dataset. We repeat this procedure to generate 99 models in total. The generated surface meshes
are transformed into volumetric meshes to allow for easy slice extraction.

The rigid transformation of the meshes, surface extraction, splitting the mesh into elements, labeling and merging was
performed with Python programming language, using the VTK package [7]. Meshes were registered with Deformetrica software
[8] and its atlas construction module. Transformation from surface to volumetric meshes was performed with gmsh [9].

C. 2D Slicing

Example two chamber and four chamber slices as well as their relationship are shown in Fig. 3. Valve center landmarks
are defined as the center of mass of the respective tissue types while the apex is defined as the point in the LV myocardium
which is farthest from the mitral valve center. The long axis is defined as the vector from the mitral valve center to the apex
while the short axis is defined as the vector from mitral valve to tricuspid valve. These rotations were sampled from normal
distributions with standard deviation of 16 and 9 degrees respectively. An example of extracting slices using varying rotations
is shown in Fig. 3. Slicing was also implemented using the VTK package.

D. Pseudo Images

The generation of the pseudo images is application specific. It was performed based on an analysis of real A2C and A4C
images. The first part of transforming the pseudo image is positioning the slice within the image. This consists of several steps:

1) An initial rough orientation of the slice. For A2C/A4C images this means rotating the slice such that the apex is at the
top of the image and centering the LV within the image. Variations in the exact rotation and positioning are applied as
an augmentation.
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Fig. 3. Model slices as shown in Paraview [10]. a) Two chamber slice with labeled chambers in a model b) Apical four chamber slice with labeled chambers
in a model c) Relationship between apical two chamber and apical four chamber slices in a model d) Example of how variable apical four chamber slices are
extracted from the same model by varying rotation parameters.

Fig. 4. Example of expanding the dataset using variable cropping parameters and affine transforms in the pseudo image construction step. All 3 pseudo
images were constructed from the same slice. The first two images are full heart images while the last is LV-focused. The valve was removed from the middle
image.

2) Following the real distribution, images were cropped to show either the entire heart or the left ventricle. Cropping was
performed by cropping to ± 10% of the max/min locations of the relative attribute (pericardium for full heart images
or LV myocardium for LV focused images). Fig. 4 shows an example of three different pseudo images created from the
same slice where the first two are cropped to the pericardium and the last is cropped to the myocardium.

3) A2C/A4C images often are squeezed horizontally, particularly for full-heart images which much have a wider field of
view to fit all chambers. When compressed to a 256 × 256 this has the effect of squeezing. Full heart images were
squeezed by 30% and LV focused images were squeezed by 20%.

4) A cone of random width and depth was generated and used to mask the slice. The slice was shifted to ensure that the
entire LV chamber was within the cone.

The second step of the pseudo transform is to modify the appearance to add noise and remove hard edges. The transformations
applied to the slice consisted of several repetitions of a) adding /subtracting random uniform noise, b) multiplying by down-
sampled random uniform noise, c) adding random shadowing or brightness in the form of 2D Gaussian kernels of varying
size, d) shadowing the cone origin with the same method, and e) convolving with a Gaussian kernel to blur the image and
remove hard edges. These transforms were done to add randomness to the pseudo images while also removing the hard edges
(see Appendix F).

One of the primary problems for the segmentation network was correctly finding the mitral valve (see Appendix G). In
order to try to increase the robustness of the network in finding the feature we randomly removed the model valve from 50%
of the pseudo images (e.g. middle image of Fig. 4). We experimented to see if the CycleGAN would generate realistic valve
features but it had no effect on preliminary results.

This step was performed individually for each dataset. The percentage of LV focused vs. whole heart images was set
individually for each dataset based on qualitative analysis of a subset of 20 random images (60% for EchoNet and 50% for
Camus/SiteA) and image widths/depths were modified accordingly.

E. Transformation

Image flipping was disabled in the CycleGAN training since A4C and A2C images are always oriented in the same direction.
Network architectures for the generator and discriminator are shown in Tables II and III respectively. The generator is a UNet
[11] with 8 downsampling/upsampling layers using 2×2 strided convolutions and instance normalization [12]. The discriminator
is a PatchGAN with a 70×70 pixel field of view. Both networks were implemented following [13]. The UNet contains 5.4M
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TABLE II
NETWORK ARCHITECTURE FOR THE CYCLEGAN GENERATOR AND SEGMENTATION. THE NETWORK IS COMPOSED OF INPUT AND OUTPUT LAYERS AND

8 RECURSIVE UNET MODULE BLOCKS WHERE A UNET MODULE IS SHOWN BELOW. FILTER SIZES ARE DOUBLED DURING EVERY INITIALIZATION
(STARTING AT 128) UNTIL REACHING A MAX VALUE OF 512.

Name Type Filters Kernel Stride Activation Normalization Skip Connection

Input Conv 2D 64 4×4 2×2

UNet Module(F = 128)�
Conv 2D F=128 4×4 2×2 Leaky ReLU Instance 2D† *
UNet Module(min(F×2, 512))� ∗
Conv Transpose 2D F=128 4×4 2×2 ReLU Instance 2D

Output Conv Transpose 2D 1/2/4‡ 4×4 2×2 ReLU
Activation layers are processed before the main layer in the same row, normalization layers are processed after. ∗ indicates a skip connection
between the outputs of the marked rows. �: the UNet Module is recursively included 8 times with filter size F doubling in each iteration
until reaching 512. †: the Instance Norm 2D is not included in the innermost layer. ‡: Number of Output channels depends on the task.

TABLE III
NETWORK ARCHITECTURE FOR THE CYCLEGAN DISCRIMINATOR.

Name Type Filters Kernel Stride Activation Normalization

Input Conv 2D 64 4×4 2×2

L1 Conv 2D 128 4×4 2×2 Leaky ReLU Instance 2D

L2 Conv 2D 256 4×4 2×2 Leaky ReLU Instance 2D

L3 Conv 2D 512 4×4 2×2 Leaky ReLU Instance 2D

Output Conv 2D 128 4×4 2×2 Leaky ReLU
Activation layers are processed before the main layer in the same row, normal-
ization layers are processed after.

parameters and the PatchGAN contained 276k parameters. Other transformation parameters followed the defaults in [13].
Because the network struggles to generate the smooth cone outline of the ultrasound image, the label cone was used to mask
the generated image during the final inference.

F. Segmentation

The segmentation network was also a UNet with 8 downsampling layers with the same architecture as Table II except the
output channels were modified based on the task. We tested a smaller version of this architecture as well as the UNet1 and
UNet2 architectures from [14] but found no increase in results in initial validation tests on the synthetic validation set. Pre-
processing consisted of random cropping (256×256 crops from 286×286 images), gamma modifications (coefficient between
0.5 and 1.2), and mean normalization (specific to each dataset) when training. At test time all images were loaded as 256×256
and mean normalization was applied. The segmentation masks were post-processed to extract only the largest contiguous
activation region and holes in the segmentation mask were filled. Learning rate was set to 1e-4 and decreased by a factor of 10
after 10 epochs. We used an Adam optimizer [15] and a batch size of 16. These parameters were set from previous experience
with similar problems and a rough sweep while validating on the synthetic data. Within standard ranges these hyperparameters
did not have a large impact on the performance of the segmentation network. We also experimented with several other standard
segmentation loss functions including Dice loss and weighted cross entropy loss but found no increase in performance. Because
the synthetic images are derived from models, they are more consistent than manual annotations and it is easier for the network
to achieve high Dice scores on training and validation, which decreases the value of sweeping hyperparameters. All network
training and inference was conducted in PyTorch 1.5.0 using an NVIDIA Titan GPU.

G. Datasets

A complete breakdown of dataset sizes by view and phase is shown in Table IV. 891 pseudo images were originally
generated in the pipeline (19 models × 3 slices per model × 3 pseudo images per slice) but several were eliminated because
the LV and LA regions were not adjacent (due to an improper cut plane). An individual pseudo dataset was generated for each
corresponding synthetic dataset, but only one is shown in the table since the characteristics matched. The usage columns show
how each dataset was used in the pipeline. The Camus, EchoNet, and SiteA real datasets were used to train the CycleGAN
as well as for the label-free network selection described in the text. The synthetic datasets were used for supervised training
of the segmentation networks. Finally, the Camus, EchoNet, SiteB, and Pathological real datasets were used to evaluate the
networks and generate the results presented in this work.
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TABLE IV
SIZES OF EACH DATASET INCLUDING TRAINING/VALIDATION/TEST SPLITS AND BREAKDOWNS BY VIEW AND PHASE.

Dataset Annotator Total Split Annotations Size Views Phases Usage
LVendo LVepi LA A4C A2C ED ES Transform Learn Test

Camus [14] [14] 1,600
train

4 4 4
1280 656 624 640 640

© © lval 160 80 80 80 80
test 160 82 78 80 80

EchoNet [16] [16] 20,048
train

4
14920 14920 0 7460 7460

© © lval 2576 2576 0 1288 1288
test 2552 2552 0 1276 1276

SiteA O1 336 train
4 4 4

281 156 125 138 143 © ©val 55 40 15 27 28

SiteB O2 229 test 4 4 4 229 149 80 115 114 l

Pathological O2 122 test 4 4 4 122 122 0 61 61 l

Pseudo Models 1754 train
4 4 4

1415 713 702 1415 0
lval 339 168 171 339 0

Synth Camus Models 1754 train
4 4 4

1415 713 702 1415 0
lval 339 168 171 339 0

Synth EchoNet Models 879 train
4 4 4

711 711 0 711 0
lval 168 168 0 168 0

Synth SiteA Models 1754 train
4 4 4

1414 712 702 1414 0
lval 340 169 171 340 0

LVendo = left ventricle endocardium, LVepi = left ventricle epicardium, LA = left atrium, A4C = apical four chamber, A2C = apical two chamber,
ED = end diastole, ES = end systole. 4 indicates that the indicated annotation/view/phase is present in the dataset. For usage, © indicates that
only the images were used (not labels) while l indicates both images and labels were used. Transform, Segment, and Test correspond to b)-d) of
Fig. 2 in the manuscript. Note that the usage markers includes only the proposed pipeline not comparison experiments.

Fig. 5. 8 randomly selected synthetic images for each of the 3 synthetic datasets. Annotations are included, blue is LVendo, green is LVepi, and red is LA.

APPENDIX B
EXAMPLE SYNTHETIC IMAGES

Random example synthetic images from each of the 3 synthetic datasets are shown in Fig. 5. Note the difference in appearance
of the different datasets which matches the difference seen in real images (see Appendix G for more example real images).
While the images generally look realistic, the synthetic images can usually be identified because the noise pattern stays constant
throughout the image. In real ultrasound the images are compressed at the top and stretched at the bottom because of the
scan-conversion process, changing the noise characteristics throughout the image.
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TABLE V
INTER-OBSERVER STUDY: MEDIAN RESULTS FROM A SECOND ANNOTATION ROUND ON 20 IMAGES FROM EACH DATASET. THE BOTTOM ROWS

COMPARE ANNOTATIONS FROM O1 AND O2 FROM THE SECOND ANNOTATION ROUND.

Dataset Version Annotation Source D (%) [MAD] B (%) Sp dm

Round 1 Round 2 LVendo LVepi LA LVendo LVepi LA LVendo

Camus
Real [17] O1 78.7 [3.6] 90.6 [1.9] 85.5 [8.9] 42 17 3 0.83 10.0

O2 87.4 [4.4] 93.4 [1.7] 84.0 [6.9] 25 8 -5 0.83 5.7

Synthetic Models O1 83.8 [2.9] 88.6 [2.6] 78.0 [8.9] 30 16 26 0.80 6.7
O2 90.3 [2.3] 91.0 [2.3] 82.5 [9.3] 6 4 12 0.80 4.0

SiteA

Real O1
O1 80.1 [5.1] 92.1 [2.2] 88.3 [3.5] 40 9 7 0.82 7.9
O2 88.9 [4.4] 93.3 [2.8] 90.2 [4.8] 21 8 -3 0.82 4.4

Synthetic Models O1 85.7 [4.1] 91.4 [2.5] 81.4 [4.9] 28 12 25 0.80 6.2
O2 91.1 [2.2] 92.5 [1.5] 83.3 [7.1] 11 4 15 0.80 3.9

EchoNet Real [16] O1 81.3 [5.4] n/a n/a 37 n/a n/a 0.76 9.9
Synthetic Models O1 87.1 [2.3] 91.3 [1.7] 80.1 [5.6] 24 12 27 0.80 5.1

Round 2 Round 2

Camus & SiteA
Real O1 O2 90.9 [3.2] 95.0 [2.0] 90.3 [4.5] -17 -6 -10 0.85 4.3
Synthetic O1 O2 88.3 [4.1] 92.7 [3.4] 88.9 [3.2] -21 -11 -10 0.84 4.9

LVendo = left ventricle endocardium, LVepi = left ventricle epicardium, LA = left atrium. D = Dice score, B = Bias
percentage, Sp = simplicity, and dm = mean average distance. Sp is listed for the dataset in the first column.

APPENDIX C
FULL INTER-OBSERVER RESULTS

Table V shows the full inter-observer results divided by dataset and observer. The bottom two rows show the comparison
of the labels of O1 and O2 on the second round of labeling. The results show a significant difference between the first and
second rounds of labeling by O1. This is shown by the low Dice scores and high LVendo biases in the intra-observer results on
SiteA as well as by the flip in biases between O2 vs. O1. In the first round O2’s LVendo labels were significantly larger than
O1’s (high positive bias) while in the second round they were significantly smaller. We estimate this difference comes from
the differences in format of the second round of labeling (discussed in text) as well as the time difference (two months) in
between the first and second rounds. It may also be due to other external factors.

APPENDIX D
ADDITIONAL SEGMENTATION RESULTS

A. Full results on A4C LV Segmentation Task

Quantitative results for testing the synthetically generated networks on the EchoNet, Camus, SiteB, and Pathological test
sets for apical four chamber LVendo segmentation in ED images only is shown in Table VI. The EchoNet results were already
presented in the manuscript, but are shown again for comparison. Overall results show a similar pattern where the synthetic
data approximately matches a network trained on a different real dataset. This varies by the test dataset with the synthetically
trained network again performing well on the SiteB data and Pathological data but worse on the Camus data.

B. Mean Results

The manuscript presents results using median and median absolute deviation because the results are not normally distributed,
in which case the median is a better indicator of central tendency [18]. Mean and standard deviations for the results shown in
Table I of the main manuscript are presented in Table VII for reference.

APPENDIX E
BREAKING DOWN OBSERVER BIAS

In this section we provide a more detailed analysis showing the most likely reason for LVendo positioning differences (and
corresponding differences in myocardial thickness) in the datasets is a bias between annotators rather than a difference in
patient characteristics. Fig. 6 (O1) and Fig. 7 (O2) show violin plots for LVendo

LVepi
ratio on each of the different datasets O1

and O2 labeled in the inter-observer study. The results remain consistent across a given dataset. Fig. 8 shows the labeling
ratio across different annotation rounds (i.e. between different annotators). In this case the ratio varies substantially between
rounds. If the difference came from patient characteristics we would expect the ratios in Fig. 6 and Fig. 7 to vary between
datasets. The converse indicates the primary difference in the ratio (and thus in LVendo placement) instead comes from the
labeler. These results also show that although O1 was consistent within each labeling round there was a large bias between
rounds as discussed above. This bias between labeling rounds was the reason the inter-observer results for O1 were excluded
from the main manuscript although results show the same pattern between real and synthetic data as O2.
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TABLE VI
TESTING ON REAL DATA: MEDIAN RESULTS FOR LVENDO SEGMENTATION NETWORKS TRAINED WITH SYNTHETIC AND REAL DATASETS AND

EVALUATED ON REAL DATASETS OF APICAL FOUR CHAMBER IMAGES. RESULTS ARE ORDERED BY DICE SCORE. BOLD SHOWS THE BEST RESULT IN
EACH SECTION.

Train Test D [MAD] B (%) Sp dm

EchoNet

EchoNet

94.0 [1.6] 0 0.85 2.7
Camus 89.6 [2.6] -2 0.87 4.8
SiteA 87.7 [3.8] 14 0.86 5.6
Synth EchoNet 87.1 [3.7] 15 0.85 5.9

Camus

Camus

94.8 [1.2] 0 0.85 2.9
EchoNet 93.0 [1.5] -7 0.84 3.1
SiteA 89.6 [2.8] 14 0.86 4.8
Synth Camus 88.3 [2.6] 18 0.84 4.7

Synth SiteA

SiteB

90.2 [2.4]† -17 0.84 5.6
EchoNet 88.3 [2.9]†,‡ -23 0.84 6.2
SiteA 87.9 [4.0]‡ -23 0.85 7.1
Camus 83.5 [4.3] -32 0.85 8.8

EchoNet

Pathological

92.0 [2.3] -7 0.86 3.2
Synth SiteA 90.7 [2.6]† -1 0.85 4.1
SiteA 90.3 [3.5]† 1 0.86 4.2
Camus 89.5 [2.9]† -10 0.87 4.6
†, ‡: Rows in the same section marked with a matching symbol were
not statistically different with a p-value < 0.05.

TABLE VII
MEAN METRICS COMPARING TRAINING WITH REAL DATASETS TO TRAINING WITH SYNTHETIC DATASETS. THE FIRST SECTION COMPARES

INTER-OBSERVER RESULTS FOR O2 ON REAL AND SYNTHETIC DATA. THE NEXT SECTION SHOWS NETWORKS TRAINED ON REAL AND SYNTHETIC DATA
FOR LVENDO SEGMENTATION IN A4C ED IMAGES AND TESTED ON ECHONET. THE FINAL SECTION COMPARES NETWORKS TRAINED ON REAL AND

SYNTHETIC DATA FOR ALL ANNOTATIONS/VIEWS/PHASES. ALL DICE RESULTS ARE STATISTICALLY DIFFERENT WITH A P-VALUE < 0.05 (COMPUTED
WITH A WILCOXON SIGNED-RANK TEST). RESULTS ARE ORDERED BY DICE SCORE AND BOLD SHOWS THE BEST RESULT IN EACH SECTION.

Task Training Data Testing Data D (%) [STD] B (%) Sp dm

OR inter-observer comparison LVendo LVepi LA LVendo LVepi LA LVendo

Inter- O2 vs. Camus/SiteA 86.9 [5.6] 92.9 [2.8] 85.7 [9.6] 24 7 -4 0.85 5.4
Observer O2 vs. proposed pipeline 90.2 [3.3] 91.5 [3.0] 80.1 [14.5] 8 2 14 0.84 4.1

EchoNet (base)

EchoNet

93.1 [3.5]

n/a n/a

1

n/a n/a

0.85 3.1
LVendo in Camus 87.8 [7.4] -2 0.86 6.2
A4C ED SiteA 86.1 [7.2] 15 0.86 6.2

Synth EchoNet 85.6 [7.0] 16 0.84 6.7

All

Camus (base)
Camus

92.5 [4.5] 95.2 [1.9] 88.3 [10.2] 2 -1 1 0.83 3.0
Site A 87.5 [6.1] 91.0 [4.3] 79.8 [15.8] 10 -3 18 0.84 5.2
Synth Camus 79.4 [9.9] 88.6 [5.4] 71.3 [23.7] 35 7 -4 0.82 8.4

Synth SiteA
SiteB

85.3 [8.8] 88.1 [7.2] 73.7 [22.0] -4 3 -11 0.82 6.9
SiteA (base) 85.1 [6.3] 91.3 [4.6] 84.5 [12.5] -26 -9 16 0.84 7.9
Camus 80.8 [12.0] 91.3 [3.7] 83.0 [11.3] -35 -9 -4 0.83 10

Camus
Pathological

88.2 [10.5] 91.1 [6.1] 88.6 [13.0] -8 0 2 0.86 4.7
SiteA (base) 86.5 [12.7] 89.6 [8.9] 83.8 [13.7] 0 9 14 0.85 5.3
Synth SiteA 81.5 [17.8] 83.1 [12.7] 74.3 [23.5] 18 15 -20 0.82 6.5

LVendo = left ventricle endocardium, LVepi = left ventricle epicardium, LA = left atrium, A4C = apical four chamber, A2C = apical two
chamber, ED = end diastole, ES = end systole. All refers to all annotations (LVendo, LVepi, and LA), views (A4C and A2C), and phases
(ED and ES). D = Dice score, MAD = median absolute deviation, B = Bias percentage, Sp = simplicity, and dm = mean average
distance. For inter-observer Sp is listed for the second round annotations and B is calculated as O2−Original.

Fig. 6. LVendo ratio for all datasets labeled by O1 in the second round of labeling. The ratio stays consistent across the datasets.

117



8

Fig. 7. LVendo ratio for all datasets labeled by O2 in the second round of labeling. The ratio stays consistent across the datasets.

Fig. 8. LVendo ratio for each labeling round. The ratio varies substantially between rounds.

A qualitative evaluation of this phenomena is shown in Fig. 9. Example annotations are shown for each dataset in quantiles
from 0% to 50% sorted by the LVendo

LVepi
ratio. The images show the much thicker myocardia in Camus and SiteA even though the

underlying tissue does not appear significantly different in many cases. Pseudo images are presented for the Synthetic dataset.

APPENDIX F
EFFECT OF PSEUDO TRANSFORM

To evaluate the effect of the pseudo transforms (Appendix A-D) several experiments were conducted. Segmentation networks
were trained using images from the model after various versions of the pseudo and CycleGAN transformations as shown in
Fig. 10. Networks were trained with images directly from the model (”slice images”), images with the pseudo appearance
transforms (”pseudo images”), slice images transformed with a CycleGAN (”synthetic slice images”), and pseudo images
transformed with a CycleGAN (”synthetic images”). Qualitatively, the synthetic slice images do not appear as realistic as the
synthetic images. Many of the hard edges are maintained from the slice image making it easy to tell that the images are fake.

Segmentation results are shown in Table VIII. Results indicate that the synthetic images achieve the best results as shown
in the manuscript. The slice image dataset achieves poor results as the network trained on this dataset was not able to translate
learned features across the large texture differences. The networks trained on the synthetic slice dataset and the pseudo dataset
were approximately the same and slightly worse than the network trained on the synthetic images.

TABLE VIII
COMPARING TRANSFORMATIONS: MEDIAN RESULTS FOR LVENDO SEGMENTATION NETWORKS TRAINED ON THE DATASET VARIATIONS SHOWN IN FIG.
10. RESULTS ARE ORDERED BY DICE SCORE (D). ALL DICE RESULTS EXCEPT THOSE MARKED (†) ARE STATISTICALLY DIFFERENT WITH A P-VALUE <

0.05 (COMPUTED WITH A WILCOXON SIGNED-RANK TEST). BOLD SHOWS THE BEST RESULT FOR EACH METRIC.

Train Test D (%) [MAD] B (%) Sp dm

Synthetic EchoNet

EchoNet

87.1 [3.7] 15 0.85 5.9
Synthetic Slice EchoNet 84.6 [4.9]† 15 0.84 6.8
Pseudo EchoNet 84.1 [4.5]† 18 0.84 6.7
Slice EchoNet 65.3 [11.8] 15 0.80 12.5
†: Not statistically different with a P-value < 0.05.
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Fig. 9. Example annotation results for each dataset sorted by LVendo
LVepi

ratio within each dataset. Each column shows a quantile of the LVendo
LVepi

ratio from 0%

to 50%. The 0% quantile represents the image with the lowest LVendo
LVepi

ratio (largest myocardium). As shown, the Camus dataset typically has much larger
myocardia.

Fig. 10. Four different image types were tested to determine the effects of the pseudo and CycleGAN transforms: a) Slice images which are slices
extracted from the model with only a cone mask applied, b) pseudo images which have undergone the pseudo transformations described in the manuscript,
c) synthetic slice images which are the slice images passed through a CycleGAN, and d) synthetic images which are the pseudo images passed through the
CycleGAN.

Fig. 11. View/phase breakdown for Camus: Performance split by echo views and phases for the Camus test set. The network trained on synthetic data
shows much worse results for the end systole (ES) phase than end diastole (ED). However, this is also matched by the baseline network indicating that the ES
images are more difficult in general for this dataset. This finding matches [14]. A2C = apical two chamber, A4C = apical four chamber, ED = end diastole,
ES = end systole.
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Fig. 12. View/phase breakdown for SiteB: Performance split by echo views and phases for the SiteB test set. In this case the results are approximately
consistent across views and phases for both the baseline and synthetic experiments. A2C = apical two chamber, A4C = apical four chamber, ED = end diastole,
ES = end systole.

Fig. 13. The 8 worst images (sorted by Dice score) for the network trained on synthetic Camus data and tested on real Camus data. Titles show Dice score.
Red shows the label while green shows the network output.

APPENDIX G
FAILURE ANALYSIS

A. Breakdown by phase and view

Fig. 11 and Fig. 12 show the breakdown in performance for different echo views and phases for the Camus and SiteB test
respectively. Results are varied between the two sets with Camus showing a clear difference in performance between ED and
ES for both the synthetic model and the baseline model. While we initially hypothesized the difference on synthetic data was
because the model did not include ES images, the equivalent result on real images indicates the difference is likely an implicit
bias with ES images in the dataset. SiteB on the other hand shows approximately equivalent performance across the phases
and views for both although ES is slightly higher than ED for the baselinereal-data model. This discrepancy could come from
several sources, with the most likely being the selection criteria for determining the phase.

In both cases the synthetic four chamber images perform slightly better than the synthetic two chamber images. This is
likely because the extraction process was optimized for four chamber images, meaning those images are of better quality.

B. Worst Cases for Segmentation

We focused this section on LVendo segmentation only to simplify the analysis, but the reasons for failure are similar when
extending to additional annotations. Fig. 13, Fig. 14, Fig. 15, and Fig. 16 show the worst case images for each of the networks
trained on the synthetic versions of Camus, SiteA, and EchoNet and tested on the corresponding real datasets. We analyzed
these images to identify the primary sources of failure for the network:

1) In many cases the network is unable to properly detect the mitral valve and includes part of the LA in the LV. Because
the valve is not visible in CT images it is modeled as a flat slab in the models. This means the synthetic images do not
include the variety of valves that are included in the real images. Including accurate valve representations is a target for
future work.

Fig. 14. The 8 worst images (sorted by Dice score) for the network trained on synthetic SiteA data and tested on SiteB. Titles show Dice score. Red shows
the label while green shows the network output.
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Fig. 15. The 8 worst images (sorted by Dice score) for the network trained on synthetic EchoNet data and tested on real EchoNet data. Titles show Dice
score. Red shows the label while green shows the network output.

Fig. 16. The 8 worst images (sorted by Dice score) for the network trained on synthetic SiteA data and tested on the Pathological dataset. Titles show Dice
score. Red shows the label while green shows the network output.

2) The network fails for some LV-focused images where the mitral valve is positioned at the bottom edge of the image.
This is likely due to a difference in the pseudo dataset construction as all pseudo images were cropped such that there
was at least a 10% border between the mitral valve and the bottom edge of the image. In other cases the walls were
cropped out by the cone which was also avoided in the pseudo images.

3) In some cases the walls were dropped out of the image due to the high gain settings. With only a single frame it can be
nearly impossible to detect the wall so giving additional frames to the segmentation network would be the best solution
to address this. An approach such as random erasing augmentation [19] may also help resolve these cases.

4) In addition, the network appeared to struggle in cases where the image was wider or where the LV was slightly rotated.
These factors of variability could be included in the pseudo image generation process.

5) The network also struggled in some cases where the image was wider or where the LV was slightly rotated.
6) In the pathological dataset the network struggled in some cases with high left atrial dilation where the left atrium is

significantly larger than the left ventricle.
These items played a varying role in failure cases for the different datasets and illustrate the challenges of deploying an
algorithm into the wild.

While we have presented the worst cases for the synthetic segmentation networks above, in general the networks perform
very well. Fig. 17 shows a result from each quantile of the Dice score for a network trained on the baseline and synthetic
versions of each dataset. As shown, the majority of the images have good segmentation results. For example, although there
were many bad failures for EchoNet (Fig. 15), the test set was much larger in this case, providing more opportunities for
failure. In general, the network performed well.

APPENDIX H
PRE-TRAINING WITH SYNTHETIC DATA

The primary goal of the proposed pipeline is to generate artificial data. However, real data can also be used to fine-tune
the results from the synthetic data model. This may be especially useful in cases where only a small number of real images
are available. Fig. 18 shows results of fine-tuning a model pretrained with synthetic data on varying amounts of real images
compared to training from scratch with real images. Results show that for a small number of images, pre-training with synthetic
data yields significantly higher Dice scores. This is particularly true for the LA which the model initially struggles to segment
accurately (matching the trend reported in [17]). As more real images were added there are diminishing returns from pre-
training with synthetic data, but in almost all cases the pre-trained model has better performance. Note that in the case of
LVendo segmentation trained on SiteA, the model trained on synthetic data initially outperformed the model trained on real data
when tested on SiteB. In this case, as more real data images are added there is a small decrease in performance in LVendo Dice
scores. Fig. 19 shows the performance improvements from pretraining on the synthetic data on the Camus and SiteA datasets
for each segmentation target.
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Fig. 17. An example image from each quantile of the Dice results for LVendo segmentation in apical four chamber images. Each row shows results for a
network trained on a different dataset. Red shows the label while green shows the network output.

Fig. 18. Pretraining with synthetic data can improve results if only limited data is available. Median LVendo, LVepi, and LA Dice scores for networks pretrained
on synthetic data vs. networks trained from scratch. Error bars show median absolute deviation. The networks trained on Camus were tested on Camus and
the networks trained on SiteA were tested on SiteB. X-axis is log scale.

122



13

Fig. 19. The performance improvement from pretraining with synthetic data for SiteA and Camus. Both axes are shown on a log scale.
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Heart Modeling Institute, fondation Bordeaux Université, Pessac-Bordeaux F-33600, France; 6IMB, UMR 5251, University of Bordeaux, Talence F-33400, France; 7GE Vingmed
Ultrasound AS, Horton, Norway; 8Aragón Institute of Engineering Research, Universidad de Zaragoza, IIS Aragón, Zaragoza, Spain; 9The Intervention Centre, Oslo University
Hospital, Rikshospitalet, Oslo, Norway; 10FEops NV, Ghent, Belgium; 11CARIM School for Cardiovascular Diseases, Maastricht University, Maastricht, The Netherlands;
12Medtronic PLC, Bakken Research Center, Maastricht, the Netherlands; 13Radcliffe Department of Medicine, Division of Cardiovascular Medicine, Oxford Cardiovascular
Clinical Research Facility, John Radcliffe Hospital, University of Oxford, Oxford, UK; 14Healthcare and Life Sciences Research, IBM T.J. Watson Research Center, Yorktown
Heights, NY, USA; 15King’s British Heart Foundation Centre, King’s College London, London, UK; 16Virtual Physiological Human Institute, Leuven, Belgium; 17Center for Devices
and Radiological Health, U.S. Food and Drug Administration, Silver Spring, MD, USA; 18CIBERCV, Instituto de Salud Carlos III, (CB16/11/00354), CERCA Programme/Generalitat
de, Catalunya, Spain; 19Inria Bordeaux Sud-Ouest, CARMEN team, Talence F-33400, France; and 20CIBER in Bioengineering, Biomaterials and Nanomedicine (CIBER-BBN),
Madrid, Spain

Received 6 September 2019; revised 29 November 2019; editorial decision 16 February 2020; accepted 24 February 2020; online publish-ahead-of-print 4 March 2020

Providing therapies tailored to each patient is the vision of precision medicine, enabled by the increasing ability to capture extensive data
about individual patients. In this position paper, we argue that the second enabling pillar towards this vision is the increasing power of
computers and algorithms to learn, reason, and build the ‘digital twin’ of a patient. Computational models are boosting the capacity to
draw diagnosis and prognosis, and future treatments will be tailored not only to current health status and data, but also to an accurate
projection of the pathways to restore health by model predictions. The early steps of the digital twin in the area of cardiovascular medi-
cine are reviewed in this article, together with a discussion of the challenges and opportunities ahead. We emphasize the synergies be-
tween mechanistic and statistical models in accelerating cardiovascular research and enabling the vision of precision medicine.
...................................................................................................................................................................................................

Keywords Precision medicine • Digital twin • Computational modelling • Artificial intelligence

* Corresponding author. Tel: (þ44) 20 784 89563, Email: pablo.lamata@kcl.ac.uk
VC The Author(s) 2020. Published by Oxford University Press on behalf of the European Society of Cardiology.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted
reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

European Heart Journal (2020) 41, 4556–4564 STATE OF THE ART REVIEW
doi:10.1093/eurheartj/ehaa159 Disease management

D
ow

nloaded from
 https://academ

ic.oup.com
/eurheartj/article/41/48/4556/5775673 by guest on 30 January 2021

129



..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..Introduction

Providing therapies that are tailored to each patient, and that maxi-
mize the efficacy and efficiency of our healthcare system, is the broad
goal of precision medicine. The main shift from current clinical prac-
tice is to take inter-individual variability into greater account.
This exciting vision has been championed by the -omics revolution,
i.e., the increasing ability to capture extensive data about the patho-
physiology of the patient.1,2 This -omics approach has already deliv-
ered great achievements, especially in the management of specific
cancer conditions.3 Nevertheless, the initial conception of precision
medicine has already been criticized for being too centred in genom-
ics and failing to address challenges of clinical management.4 The con-
cept is thus gradually widening, shifting from the original gene-centric
perspective to the wide spectrum of lifestyle, environment, and biol-
ogy data.5,6

In this context, we argue that the definition of optimal therapy
options requires a mechanistic understanding that links all levels from
genetic and molecular traces to the pathophysiology, lifestyle and en-
vironment of the patient, and back. Precision medicine requires, not
only better and more detailed data, but also the increasing ability of
computers to analyse, integrate, and exploit these data, and to con-
struct the ‘digital twin’ of a patient. In health care, the ‘digital twin’
denotes the vision of a comprehensive, virtual tool that integrates co-
herently and dynamically the clinical data acquired over time for an
individual using mechanistic and statistical models.7 This borrows but
expands the concept of ‘digital twin’ used in engineering industries,
where in silico representations of a physical system, such as an engine
or a wind farm, are used to optimize design or control processes,
with a real-time connection between the physical system and the
model.8

This position paper claims that precision cardiology will be deliv-
ered in a synergetic fashion that combines induction, by using statis-
tical models learnt from data, and deduction, through mechanistic
modelling and simulation integrating multiscale knowledge and data.9

These are the two pillars of the digital twin (Figure 1). We review the
state of the art of the interplay between such models that supports
this vision, considering that there are already excellent independent
review papers in the fields of statistical14–16 and mechanistic17,18

models for cardiovascular medicine.
Mechanistic models encapsulate our knowledge of physiology and

the fundamental laws of physics and chemistry. They provide a frame-
work to integrate and augment experimental and clinical data, ena-
bling the identification of mechanisms and/or the prediction of
outcomes, even under unseen scenarios without the need for
retraining.19 Examples of such mechanistic models are the bidomain
equations for cardiac electrophysiology20 or the Navier–Stokes
equations for coronary blood flow.21 In a complementary manner,
statistical models encapsulate the knowledge and relations induced
from the data. They allow the extraction and optimal combination of
individualized biomarkers with mathematical rules. Examples of stat-
istical models applied to computational cardiology are random for-
ests for assessment of heart failure severity22 or Gaussian processes
to capture heart rate variability.23

There are clinical needs that can be solved with a single modelling
approach. But both mechanistic and statistical models have

limitations that can be addressed by combining them. Mechanistic
models are constrained by their premises (assumptions and princi-
ples), while statistical models are constrained by the observations
available (the amount and diversity of data). A mechanistic model
may be a good choice when a good understanding of the system is
available. A statistical model, on the other hand, can serve to find pre-
dictive relations even when the underlying mechanisms are poorly
understood or are too complex to be modelled mechanistically. The
rest of the article describes the synergies between mechanistic and
statistic models (see Figure 2 for an overview), motivated by actual
clinical problems and needs, with specific representative components
of the digital twin. Supplementary material online reviews the model
synergies for exploiting and integrating clinical data.

Mechanistic and statistical model
synergy for improving clinical
decisions

Technical, ethical, and financial constraints limit the data acquisition
needed to assist clinical decision-making.14,15 Synergy between mech-
anistic and statistical models has shown value in aiding diagnosis,
treatment, and prognosis evaluation. A fully developed digital twin
will combine population and individual representations to optimally
inform clinical decisions (Figure 3).

Model synergy in aiding diagnosis
Models can pinpoint the most valuable piece of diagnostic data. An
example is the simulation study that revealed that fibrosis and other
pulmonary vein properties may better characterize susceptibility to
atrial fibrillation.24 Models can also reliably infer biomarkers that can-
not be directly measured or that require invasive procedures. For in-
stance, the combination of cardiovascular imaging and computational
fluid dynamics enables non-invasive characterizations of flow fields
and the calculation of diagnostic metrics in the domains of coronary
artery disease, aortic aneurysm, aortic dissection, valve prostheses,
and stent design.25–29

The key to guide diagnosis is the personalization of a mechanistic
model to the actual health status of the patient as captured in avail-
able clinical data. In this personalization process, statistical models en-
able robust and reproducible analysis of clinical data and infer missing
parameters. An example of this synergy is the assessment of left ven-
tricular myocardial stiffness and decaying diastolic active tension by
fitting mechanical models to pressure data and images during dia-
stole.30,31 Another example is the non-invasive computation of pres-
sure drops in flow obstructions,32,33 such as aortic stenosis or aortic
coarctation, which has been proven more accurate than methods
recommended in clinical guidelines.34 Models have also been used to
derive fractional flow reserve from computed tomography (CT) to
non-invasively identify ischaemia in patients with suspected coronary
artery disease, avoiding invasive catheterized procedures.29,35–37

Some diagnostic medical devices based on personalized mechanis-
tic models have already reached their industrial translation and clinic-
al adoption. HeartFlow FFRCT Analysis (HeartFlow, USA) and
CardioInsight (Medtronic, USA) use patient-specific mechanistic

Cardiovascular Digital Twin 4557
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..models to non-invasively calculate clinically relevant diagnostic
indexes and have received clearance from the USA Food and Drug
Administration (FDA).38 HeartFlow predicts fractional flow reserve
by means of a personalized 3D model of blood flow in the coronary
arteries.36 In the CardioInsight mapping system, the electrical activity
on the heart surface is recovered from body surface potentials using
a personalized model of the patient’s heart and torso.39

Model synergy in guiding treatments
A digital twin may indicate whether a medical device or pharmaceut-
ical treatment is appropriate for a patient by simulating device re-
sponse or dosage effects before a specific therapy is selected.

The benefits of cardiac resynchronization therapy (CRT) have
been demonstrated in patients with prolonged QRS duration.
However, uncertainty remains in patients with more intermediate
electrocardiogram (ECG) criteria.40 To guide decision-making in this
‘grey zone’, approaches using mechanistic modelling have investigated
the role of different aetiologies of mechanical discoordination in CRT
response.10 For example, a novel radial strain-based metric was
defined based on simulations of the human heart and circulation to

differentiate patterns of mechanical discoordination, suggesting that
the response to CRT could be predicted from the presence of non-
electrical substrates.11 Statistical methods were used to verify
these findings in a clinical cohort, and the novel index remained useful
in predicting response in the clinical ‘grey zone’, creating the oppor-
tunity to improve patient selection in the group with intermediate
ECG.

Another example is the improvements in ablation guidance of
infarct-related ventricular tachycardia, where the accurate identifica-
tion of patient-specific optimal targets is provided before the clinical
procedure.41 Mechanistic models can propose novel electro-
anatomical mapping indices to locate critical sites of re-entry forma-
tion in scar-related arrhythmias, aid acquisition and quantitative inter-
pretation of electrophysiological data, and optimize future clinical
use.42

The industrial translation and clinical adoption of models for guid-
ing treatment are exemplified by the optimal planning of valve pros-
thesis with the HEARTguideTM platform (FEops nv, Belgium), or by
the platform to guide ventricular tachycardia ablations (inHeart,
France).

Figure 1 The two pillars of the digital twin, mechanistic and statistical models, illustrating its construction and four examples of use: a1,10 a2,11

b1,12 b2.13

4558 J. Corral-Acero et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/eurheartj/article/41/48/4556/5775673 by guest on 30 January 2021

131



..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

.
Model synergy in evaluating prognosis
While statistical modelling allows for categorizing patients based on
the probability of various outcomes, mechanistic modelling provides
more insights to support or reject the categorization.

For example, model synergies represent an exciting approach to
interpret structure–function relationships and improve risk predic-
tion in inherited disease conditions, such as hypertrophic cardiomy-
opathy (HCM). Relationships among specific ECG changes, ventricle
morphologies, and sudden cardiac death have been inferred from
observations.43,44 However, the complex process of translating
underlying heterogeneous substrates in HCM to ECG findings is still
poorly understood, and there exists a ‘grey zone’ of clinical decision-
making in the low-risk patient subgroups, specifically when deciding
on restriction of involvement in professional sports.45 In this context,
by using methods of statistical inference and mathematical modelling
(see Figure 4), HCM patients were categorized into phenogroups
based on ECG biomarkers extracted from 24-h ECG recordings,48

and the aetiology of each ECG phenogroup linked with different
underlying substrates, suggesting ion-channel and conduction system
abnormalities.46,47 The results directly highlighted the potential of
personalized anti-arrhythmic approaches in the treatment of HCM
patients, and addressed the low-risk patients, showing that a normal
ECG might indeed be the discriminatory factor signalling minimal
ionic remodelling, fibrosis, disarray, and ischaemia in these ‘grey zone’
patients.

Models have also been used in the prediction of arrhythmic events
in post-myocardial infarction, outperforming existing clinical metrics
including ejection fraction.49 When the amount of data is not suffi-
cient to inform state-of-the-art machine learning methods, statistical
methods can still prove useful. An example is the use of principal
component analysis to account for right ventricular motion in pre-
dicting survival in pulmonary hypertension,50 or to identify signatures
of anatomical remodelling that predict a patient’s prognosis following
CRT implantation.51

While statistical models allow predictions, mechanistic models pro-
vide the underlying explanations. Understanding the actual meaning of
the selected features improves the plausibility of findings and increases
their credibility. For both approaches, quantifying uncertainty of pre-
diction can help identify cases that may require further review, while
building trust in cases where models are shown to be robust.52,53

Mechanistic and statistical model
synergy to accelerate evidence
generation

While digital twin technologies in cardiology show promising re-
search results, only a small number of models have reached clinic-
al translation. The difficulties encountered include the need to
increase validation, lack of clinical interpretability, and potentially
obscure model failures.54 Therefore, solid evidence for the gener-
alization of preliminary findings and efficient testing strategies are
needed. Even when these barriers are overcome, rigid assessment
of algorithmic performance and quality control from regulatory
bodies can slow down the adoption. In this context, model syn-
ergy can be used to accelerate the integration of novel technolo-
gies into clinical practice by increasing clinical interpretability,
validating generality of findings, and accelerating regulatory deci-
sion-making.

Model validation towards generality of
findings
The goal after validating an initial concept is to extend it to a more
general patient cohort, with less controlled characteristics. The prob-
lem of sampling bias, based on both intrinsic (physiological) and ex-
trinsic (environmental) demographic heterogeneity of the
population, becomes relevant when implementing solutions for
broader patient cohorts.55,56 Consequently, models (as clinical guide-
lines) may need recalibrations when used on populations from differ-
ent countries or ethnicities, or even from different centres in the
same country. In recent years, only 6% of artificial intelligence algo-
rithms had external evaluation performed (note this is beyond the
minimum requirement of using the learning, validation, and testing
partitions of the data), and none adopted the three design criteria of
a robust validation: diagnostic cohort design, the inclusion of multiple
institutions, and prospective data collection.57 The quality of datasets
also needs to be thoroughly validated to avoid possible biases before
the models developed from them can be integrated in clinical deci-
sion-making.58

To address this issue, an increasing number of institutions are cre-
ating initiatives for data-sharing platforms, aiming at reusing existing

Figure 2 Conceptual summary of the main benefits of digital twin technologies.
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Figure 3 Envisioned clinical workflow using the fully developed digital twin concept. Population data, collected from preceding patients and study
cohorts, are used to create and validate statistical and mechanistic models, as well as to create a population-based digital twin (green). Novel patient
data are analysed with the help of the existing models and integrated to form the patient’s digital twin (purple). The comparison and interaction be-
tween digital twins give valuable insight (phenotyping, risk assessment, prediction of disease development. . .) that is clinically interpreted and com-
bined with traditional data to aid in the process of clinical decision-making. The digital twin develops in line with the patient’s condition—adjusting
and improving in accordance with the follow-up data. Resulting outcomes are supplemented to shape population data and refine the follow-up data.

Figure 4 Synergy between mechanistic and statistical models in the definition of electrocardiogram (ECG) biomarkers for the management of
hypertrophic cardiomyopathy.47,48
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datasets and verifying published research works.59 Governments,
regulatory agencies, and philanthropic funders are promoting the
open science culture, enforcing publishing patient-level data by means
of compliance to product launching, funding application, and journal
publishing.60

Another approach to improve the generality of data is the gener-
ation of synthetic cases of a representative wider population. The
core idea is to expand the average mechanistic model to obtain pop-
ulations of models, all of them parameterized within the range of
physiological variability obtained by experimental protocols.61,62

Such an approach, which allows investigating many more scenarios
than possible experimental acquisitions, is not only able to evaluate
the impact of physiological variability but to explain the mechanisms
underpinning inter-individual variability in therapy response (e.g. ad-
verse drug reactions), and to identify sub-populations at higher
risk.63,64 Statistical shape modelling techniques can represent inter-
patient anatomical variability for a cohort, and be used in combination
of mechanistic models for clinical decision support systems.65

As in traditional scientific research, mechanistic and statistical mod-
els are complementary tools to verify the findings derived from one
another. Finding a mechanistic explanation of an inductive inference
from statistical models increases its plausibility, such as the redistribu-
tion of work in the left bundle branch block to explain the remodel-
ling pattern that predicts response to CRT.51 Equivalently,
data computed from mechanistic models need to be scrutinized
quantitatively as it was done in the comparison of clinical and simula-
tion groups to validate a model for acute normovolaemic
haemodilution.66

An important final remark is that randomized control trials will al-
ways be needed to establish evidence that can never be obtained
from large observational databases.67

Models as critical tools for accelerating
regulatory decision-making
Clinical decisions are built on evidence from bench to bedside.
Regulatory decisions, on the contrary, are often based on heteroge-
neous, limited, or completely absent human data, as in the case of ap-
proval for first-in-human clinical trials. In this regard, the results of
computational models can now be accepted for some regulatory
submissions.68,69 Digital evidence obtained using computer simula-
tions can be used for safety of therapy prior to first-in-human use, or
under scenarios not ethically possible in human.38 Computational
models have an increasingly important role in the overall product life
cycle management, proving useful in the processes of design opti-
mization for development and testing, supplemental non-clinical test-
ing, and post-market design changes and failure assessment.27

The development process for medical devices involves manufac-
turing and testing samples under a wide range of scenarios, which is
often time-consuming and financially overwhelming. Moreover, pre-
clinical testing conditions are often very simplified with respect to the
actual patient environment. Statistical and mechanistic models syner-
gistically offer to streamline this process, where statistical models can
be used to collect a representative virtual patient cohort, and mech-
anistic models can then be used to simulate the device behaviour
under defined scenarios. In this way, new devices can be tested in a
representative virtual patient population, thereby decreasing the

risk before moving to an actual clinical trial. An example is
HEARTguideTM (FEops nv, Belgium), where device–patient interac-
tions after transcatheter aortic valve implantation can be predicted.25

The augmentation of clinical trial design with virtual patients is also
an evolving idea.70–72 This would overcome limitations of current
empirical trials, where patients burdened with comorbidities or com-
plex treatment regimens are often excluded from the trials, and
enrolled individuals are handled under reductionist approaches,
assuming they share a common phenotype. Such approaches often
fail to capture differences in response to treatment.70 Alternatively,
computational evidence can inform collection of novel evidence
from clinical trials,13,38 where models can improve patient selection
by derived biomarkers and predictions. This offers an opportunity to
answer questions traditionally restricted by financial or ethical con-
siderations, and to investigate therapy efficacy in more clinically rele-
vant cases. Computational modelling can also facilitate safe methods
to explore treatment effects in sub-populations clinically more com-
plex to address, such as patients with rare diseases or paediatric
cohorts, and therefore may allow for insights not possible in the cur-
rent clinical trial practice.

One of the first examples in which digital evidence (i.e. an in silico
trial) replaced any additional clinical evidence was in the approval of
the Advisa MRI SureScan pacemaker (Medtronic, Inc.).73 Another
powerful example is a computer simulator of type 1 diabetes melli-
tus,74 which was accepted by the FDA as a substitute to animal trials
for the pre-clinical testing of control strategies in artificial pancreas
studies. Later, an investigational device exemption (i.e. the approval
needed to initiate a clinical study), issued solely on the basis of model-
ling testing, was granted by the FDA for a closed-loop control clinical
trial of the safety and effectiveness of the proposed artificial pancreas
algorithm.

In the context of drug safety and efficacy assessment, an unmet
need is filling the gaps between animal translation or in vitro prepara-
tions and prediction of the human response. Mechanistic models may
assist in scaling observations into humans.75 This is, for example, the
goal of the CIPA initiative,69 sponsored by the FDA among others,
aiming at facilitating the adoption of a new paradigm for assessment
of potential risk of clinical Torsades de Pointes, where mechanistic
models of human electrophysiology will play a crucial role. This is
reinforced by a recent study in which human in silico trials outper-
formed animal models in predicting clinical pro-arrhythmic cardio-
toxicity, so they might be soon integrated into existing drug safety
assessment pipelines.63

Finally, after a product is launched, mechanistic models can be still
used for post-market re-evaluation and failure assessment in order to
identify any potential underlying problems. This creates a valuable op-
portunity for simulations to evaluate any design changes planned for
next-generation productions, ultimately closing the product life cycle
loop, and demonstrating the ubiquitous presence and utility of statis-
tical and mechanistic models in the future of medical product
regulation.

Discussion

The digital twin, i.e., the dynamic integration and augmentation of pa-
tient data using mechanistic and statistical models, is the actual
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.pathway towards the vision of precision medicine. Simple and frag-
mented components of the digital twin are already used in clinical
practice: a decision tree in a clinical guideline encapsulates the best-
documented evidence that is based in statistical and mechanistic
insights. The digital twin will gradually include tailored computer-
enabled decision points, and create the transition from healthcare
systems founded on describing disease to healthcare systems focused
on predicting response, and thus shifting treatment selection from
being based on the state of the patient today to optimizing the state
of the patient tomorrow.

Envisioned impact and timeline
The digital twin provides a pathway to map current patient observa-
tions into a predictive framework, combining inductive and deductive
reasoning. Early components of the digital twin are already making a
clinical impact. In a generic clinical workflow divided in the stages of
data acquisition, diagnosis, and therapy planning, computational mod-
els can provide value in the three stages, see Figure 5. To improve
data acquisition techniques, there are already statistical models to
automate the image analysis tasks.16 To provide better diagnosis, a
virtual fractional flow reserve can replace an invasive catheter,29,37 or
the body surface recordings can be mapped to the surface of the
heart.39 With regards to therapy planning, a virtual deployment of
the valve replacement25,76 or a roadmap to guide ablation proce-
dures77,78 represents existing techniques (statistical and mechanistic)
that have been implemented into the clinical workflow. These solu-
tions have thus met regulatory approval, where they are referred to
as ‘software as a medical device’, and where guidelines from the
International Medical Device Regulators Forum are accepted by the
EU and the USA.

A digital twin will follow the life journey of each person and har-
ness both data collected by wearable sensors and lifestyle informa-
tion that patients may register, shifting the clinical approach towards
preventive healthcare. A notable challenge is the integration of these

data with healthcare organizations, where security and confidentiality
of the sensitive information remain paramount.

The currently still fragmented and incipient concept of the
digital twin will be gradually crystallized and adopted during
the next 5–10 years. The holistic integration of a Digital Twin is
the aspiration that will be reached through two complementary
and synergetic pathways: the first is the refinement of key deci-
sion points in the management of cardiac disease, driven by per-
sonalized mechanistic models that are informed by key pieces of
patient’s data; and the second is the disease-centred optimization
of the patient’s lifetime journey through the healthcare system,
driven by statistical models being informed by the electronic
health record of a large population.

On the actual implementation of the digital twin, we envision that
the evolution will be towards a gradually better inter-operability of
current health information systems, leading to a distributed location
of the information. Digital twin users will mainly be citizens and physi-
cians, with different interfaces that retrieve the relevant data and trig-
ger the analysis capabilities hosted in the local device or remote
cloud resources. The analysis may also require specialized skills that
may be delivered by industry, or even by computational cardiologists in-
side healthcare organizations.

Organizational and societal challenges
ahead
Access to data is the main challenge in both the development and the
clinical translation of the digital twin, caused by infrastructural, regula-
tory, and societal reasons. Information systems and electronic health
records are fragmented, highly heterogeneous and difficult to inter-
operate. Information is often contained in unstructured format, and
its extraction requires either manual work or further research efforts
of automation through natural language processing technologies.79

Simulations may also require specialized skills and supercomputers.

Figure 5 The vision of a personalized in silico cardiology, where the digital twin informs all the stages through the clinical workflow. Models are
used (i) to optimize data acquisition and the information extracted from it, (ii) to evaluate current health status and inform diagnosis and risk stratifica-
tion, and (iii) to optimize clinical devices and drug selection to deliver a personalized therapy.
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..In this context, provision of digital twin technologies may be enabled
by cloud infrastructures (e.g. HeartFlow FFRCT Analysis).

Consent and confidentiality are key ingredients to address the so-
cietal concerns when handling the personal data needed to develop
and validate digital twin technologies. The EU General Data
Protection Regulation (GDPR) has imposed new legal requirements,
such as the right to withdraw consent and the right to be forgotten,
causing controversy about the cost and feasibility of its enforce-
ment.80 Any digital twin solution that holds enough information to
identify a patient needs to carefully watch these requirements, that
also apply to retrospective data and safety backups.

Potential professional, cultural, and
ethical issues
As more clinical tasks are performed by models, the fear of replace-
ment of physicians by machines may arise. In some scenarios,
machines may match or even outperform physicians.81 In other scen-
arios, human experts, by not practising on the easy problems solved
by the machine, may lose the skills that may still be needed when
dealing with difficult cases.

The second professional barrier is the mistrust that originates
from a ‘black box’, where predictions derived by algorithms are not
matched with a plausible explanation. Generation of evidence is one
clear way to generate trust. Another solution is to use methods to il-
lustrate the logic inside the box, including clustering and association
techniques,82 which may help to identify the causes and mechanisms.

From the patient’s perspective, personalization creates the oppor-
tunity of more involvement in healthcare decisions. Patients will be
empowered to better manage their disease using the digital twin to
gain information about their current and predicted state, and poten-
tially to adopt optimized lifestyle suggestions. A well-informed patient

shall have more efficient discussions with physicians, and consent and
decide faster on diagnostic or treatment procedures.

Finally, on the ethical side, there is a risk of models to create or ex-
acerbate existing racial or societal biases in healthcare systems: if a
group is misrepresented in the data used to train models, that group
may receive a sub-optimal treatment.83

Recommendations
The pathway to accelerate the clinical impact with digital twin tech-
nologies is to generate trust among researchers, clinicians, and
society.

Research communities shall avoid inflating expectations.
Claims about generality and potential impact should be based on
rigorous methodology, with external cohorts to demonstrate
the validity of inferences, and with the quantification of the un-
certainty of predictions.84 Any model is a simplified representa-
tion of the reality, with a limited scope and dependence on
assumptions made. The opportunity is an adequate handling of
these limitations, with models able to identify data inconsisten-
cies, and with data used to constrain and verify the model
assumptions.85

As an emerging field, the digital twin needs guidelines, gold-stand-
ards, and benchmark tests.86,87 Scientific organizations and regulatory
bodies have released guidelines that can be used to establish the level
of rigour needed for computational modelling.27 Such guidelines and
standards are useful tools as they allow regulators to judge computa-
tional evidence and industry to understand regulatory requirements
for computational models, leveraging a substantial part of the risk and
uncertainty associated to the development of these new technolo-
gies. They can even increase and facilitate their translational impact,
as the quality and robustness of the models and their reporting will

Take home figure The cardiovascular digital twin that will deliver the vision of precision medicine by the synergetic combination of computer-
enhanced induction (using statistical models learnt from data) and deduction (mechanistic modelling and simulation integrating multi-scale
knowledge).
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.
increase by adhering to such guidance during model development.
Further effort is needed to widen the scope of these first
multi-stakeholder consensuses involving industry, academia, and reg-
ulators. Current initiatives that develop visions, technologies, or infra-
structure relevant to the ‘digital twin’ community are Elixir (https://
elixir-europe.org/), FAIRDOM (https://fair-dom.org/), and EOSC
(https://ec.europa.eu/research/openscience/index.cfm? pg=open-sci
ence-cloud).

The education of citizens, care providers, physicians, and research-
ers in the uses and possibilities of digital twin technologies is key for
its adoption and acceptance. University education systems should
also allow for the exchange of knowledge at the earliest stages of the
career: medical students should have some computational training,
just as engineers in biomedical industry should be trained in cardi-
ology during their studies.88 And postgraduate training programmes
should bridge remaining cultural and language gaps between disci-
plines, such as our Personalised In-silico Cardiology EU funded
Innovative Training Network (https://picnet.eu).

Conclusion

Precision cardiology will be delivered, not only by data, but also by
the inductive and deductive reasoning built in the digital twin of each
patient. Treatment and prevention of cardiovascular disease will be
based on accurate predictions of both the underlying causes of dis-
ease and the pathways to sustain or restore health. These predictions
will be provided and validated by the synergistic interplay between
mechanistic and statistical models. The early steps towards this vision
have been taken, and the next ones depend on the coordinated drive
from scientific, clinical, industrial, and regulatory stakeholders in
order to build the evidence and tackle the organizational and societal
challenges ahead.

Supplementary material

Supplementary material is available at European Heart Journal online.
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Appendix B

Confidence metrics for Paper II
and Paper IV

Confidence metrics are an important part of the implementation of deep learning
algorithms in clinical workflows. These metrics allow networks to ignore many
inputs from an unseen distribution that would otherwise be incorrectly classified
(as shown in Paper I). A confidence metric was presented in Paper I based on the
last fully connected layer in the classification network. Here confidence metrics
are also shown for Paper II and Paper IV. These metrics were not included in the
original articles because it was not developed yet for Paper II and was outside
the scope of the work for Paper IV.

B.1 Confidence metrics for Paper II: left ventricle
dimension measurement

The confidence metric for Paper II consisted of two components. The objective
of Paper II was the prediction of endpoints for performing caliper measurements
in 2D cardiac ultrasound. The most likely mistake made by the network is
to predict multiple potential endpoint locations in the image. This will be
represented in the heatmap as multiple areas of activation ().

Using the center of mass method for coordinate extraction (see Paper II), the
predicted caliper location will be in between the two regions of activation. using
an argmax instead will pick one of the activation regions, but the position of the
argmax is generally more random than the center of mass and is therefore
less desirable in general. Squaring the heatmap and re-normalizing helps
eliminate some smaller regions of activation but is still susceptible to dual
activations.Occurrences of dual activations can be easily determined by measuring
the activation level beneath a small window surrounding the predicted caliper
location and comparing it to an expected threshold.

The second component of the confidence metric consists of measuring the
angle between the predicted calipers. A high angle between calipers will indicate
to an observer that the measurement is incorrect. Although the loss function
(see Paper II includes a term to minimize this, it still may occur in some cases.
Therefore, the total angle difference between caliper pairs (calculated by cosine
similarity) can be summed and the image flagged if it exceeds a threshold.

These heatmap (Equation (B.1)) and angle (Equation (B.2)) confidence
metrics can be described mathematically as:
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B. Confidence metrics for Paper II and Paper IV

 x+w∑
i=x−w

y+w∑
j=y−w

Hn(i, j)

 < TH ∀Hn ∈ {H0, H1, ...HN} (B.1)

1
2

 ∑
~c0∈C

∑
~c1∈C

1− ~c0 · ~c1
‖~c0‖ ‖~c1‖

 < TA (B.2)

Where x, y is the predicted caliper location, Hn is the heatmap for endpoint n,
N is the total number of heatmaps (2× the number of calipers), w is the window
size, ~c0 & ~c1 are individual calipers in the set of calipers C, and TH & TA are
the thresholds determined for the heatmap and angle metrics respectively. These
thresholds can be modified depending on the desired trade-off in detectability and
accuracy. Note that (B.1) calculated for each heatmap while (B.2) is calculated
for a sum of all calipers.

LVID

IVS

b)a)

Θ

Heatmap Confidence Angle Confidence

Figure B.1: Confidence metrics for dimension measurements: a) heatmap
confidence will be triggered when multiple high-likelihood regions cause the
final point to be pulled off either likely region, b) confidence based on the angle
between calipers will detect cases where the endpoints were detected well, but
the relationship between calipers is incorrect.

B.2 Confidence metric for Paper IV: left ventricle
segmentation

The confidence metric for Paper IV was derived from the unsupervised evaluation
metrics originally proposed by Zhu et al. [136] and applied to left ventricle
segmentation in [137]. The authors propose evaluating a segmentation in
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Confidence metric for Paper IV: left ventricle segmentation

terms of it’s convexity and simplicity defined below for a segmentation S
in Equation (B.3) and Equation (B.4) respectively.

convexity(S) = Area(S)
Area(ConvexHull(S)) (B.3)

simplicity(S) =
√

4π ∗Area(S)
Perimeter(S) (B.4)

These metrics are high for smooth, simple shapes and both equal 1 for a
perfect circle. While the left ventricle is more elliptical than circular in shape,
these two metrics generally which mimic the desired appearance of a segmentation.
We thus define a confidence metric for left ventricle segmentation in terms of
the harmonic mean of convexity and simplicity:

Simplicity(S) ∗ Convexity(S)
Simplicity(S) + Convexity(S) < TS (B.5)

This metric evaluates the realism of a segmentation. Like the metrics in B.1,
the threshold TS can be modified depending on the desired trade-off between
detectability and accuracy.
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