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ABSTRACT

Accurate 3D modelling of cardiac chambers is essential for clinical assessment of cardiac volume and
function, including structural, and motion analysis. Furthermore, to study the correlation between car-
diac morphology and other patient information within a large population, it is necessary to automati-
cally generate cardiac mesh models of each subject within the population. In this study, we introduce
MCSI-Net (Multi-Cue Shape Inference Network), where we embed a statistical shape model inside a con-
volutional neural network and leverage both phenotypic and demographic information from the cohort to
infer subject-specific reconstructions of all four cardiac chambers in 3D. In this way, we leverage the abil-
ity of the network to learn the appearance of cardiac chambers in cine cardiac magnetic resonance (CMR)
images, and generate plausible 3D cardiac shapes, by constraining the prediction using a shape prior, in
the form of the statistical modes of shape variation learned a priori from a subset of the population.
This, in turn, enables the network to generalise to samples across the entire population. To the best of
our knowledge, this is the first work that uses such an approach for patient-specific cardiac shape gener-
ation. MCSI-Net is capable of producing accurate 3D shapes using just a fraction (about 23% to 46%) of the
available image data, which is of significant importance to the community as it supports the acceleration
of CMR scan acquisitions. Cardiac MR images from the UK Biobank were used to train and validate the
proposed method. We also present the results from analysing 40,000 subjects of the UK Biobank at 50
time-frames, totalling two million image volumes. Our model can generate more globally consistent heart
shape than that of manual annotations in the presence of inter-slice motion and shows strong agreement
with the reference ranges for cardiac structure and function across cardiac ventricles and atria.

© 2022 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Abbreviations: CMR, Cardiac Magnetic Resonance; CVD, Cardiovascular Disease;
UKB, UK Biobank; MLP, Multi-level perceptron; FCN, Fully Convolutional Networks;
CNN, Convolutional Neural Networks; LAX, Long axis; SAX, Short axis; LV, Left ven-
tricle; RV, Right ventricle; LA, Left atrium; RA, Right atrium; ED, End diastole; ES,
End systole; HAMM, Hybrid Mixture Model; CPD, Coherent point drift; PCA, Prin-
cipal component analysis; TSP, Thin-plate spline; gCPD, Generalised coherent point
drift.
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According to the World Health Organisation (WHO, 2020), car-
diovascular disease (CVD) is the most prevalent cause of death
worldwide, accounting for nearly 18 million deaths each year. Iden-
tifying individuals at risk of CVDs and ensuring they receive appro-
priate and timely treatment can help prevent premature deaths.

Early quantitative assessment of cardiac structure, motion, and
function support preventive care and early cardiovascular treat-
ment. Therefore, fully automated analysis and interpretation of
large-scale population-based cardiovascular magnetic resonance
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(CMR) imaging studies is of high importance. This analysis helps
to identify patterns and trends across population groups, and ac-
cordingly, provides insights into key risk factors before CVDs fully
develop.

UK Biobank (UKB) is currently the world’s most extensive
prospective population study (Petersen et al., 2015), which con-
tains questionnaire data, biological samples, physical measure-
ments, CMR images, and so forth (Petersen et al., 2013). CMR is
an essential element of multi-organ, multi-modality imaging visits
for patients in multiple dedicated UKB imaging centres that will
acquire and store imaging data from 100,000 participants by 2022.
At this time, CMR scans of 40,000 subjects have been released and
are available for health-related research.

We believe that 3D analysis is critical for the accurate clinical
assessment of cardiac function. In this work, we introduce a new
approach that ensures the global coherence of cardiac anatomy and
naturally lends itself to any further analysis requiring the full 3D
anatomy; for example, in interventional treatment planning requir-
ing precise volumetric quantification, mechanical and flow simula-
tions, motion analysis, and modelling the associations between car-
diac structure and patient clincial data (such as socio-demographic,
lifestyle and environmental factors, or family history, genetic, and
omics data). Though fully automatic 3D segmentation is required
to facilitate such analyses, the complexity of anatomical structures,
intensity and morphology variation across a population cohort, and
the sparse information available from CMR images (typically on av-
erage around 12 image slices covering the full heart) make this
task challenging.

In our previous studies, (Attar et al., 2018) and (Attar et al.,
2019b), we showed that 3D statistical shape model-based ap-
proaches have the power and potential to automatically segment
cardiac structures, and generate associated cardiac function in-
dexes. This success is attributed to the inclusion of prior knowl-
edge of cardiac shape, within the segmentation method. These seg-
mentation approaches typically use simple sets of features to fit a
shape model through an iterative process and the goal is to min-
imise the Mahalanobis distance between an intensity profile sam-
pled at a candidate position and its corresponding intensity ap-
pearance model, by deforming the shape within its range of nor-
mal variation to match the image data.

On the other hand, in the last decade, fully convolutional net-
works (FCN) have shown great potential in image-based pattern
recognition in a variety of tasks, including cardiac segmentation.
However, their output results are, by nature, 2D segmentation
masks for every short axis (SAX) and long-axis (LAX) CMR slice.
Although these 2D masks are sometimes extended via a further
step of non-rigid registration to a 3D atlas to produce a 3D car-
diac shape (Duan et al., 2019), this is not efficient for learning
topological shape information. Furthermore, this is based on the
strong assumption that all the 2D segmentation masks are al-
ways correct and meaningful, however, in practice, there are of-
ten errors in pixel-wise segmentation approaches due to spu-
rious false positives. For instance, Painchaud et al. (2020) re-
cently proposed a generative model based on a variational au-
toencoder to identify anatomically implausible results following
2D segmentation, and corrected these to fit the closest anatom-
ically correct contours, based on the learned latent space. This
provides further evidence that, conducting CMR segmentation in
2D requires a subsequent quality control step, in order to en-
sure that the downstream quantitative analyses are accurate. Con-
sequently, large-scale studies would benefit from an efficient ap-
proach for reconstructing cardiac shapes in 3D, as it would remove
the need for multiple sequential steps involving pixel-wise 2D seg-
mentation, followed by quality control, and iterative registration-
based 3D shape reconstruction, which can be cumbersome and
time-consuming.
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In order to address these limitations, in a recent study
(Attar et al., 2019a) published at MICCAI 2019, we proposed an ap-
proach to exploit image features obtained using deep FCNs trained
on both SAX and LAX views, along with a rich shape prior learned
using a statistical shape model, to directly predict the shape-space
parameters required to reconstruct 3D cardiac shapes. Another sig-
nificant aspect of this study was the integration of patient infor-
mation into the process of shape prediction using a Multilayer
Perceptron (MLP). This information, which is currently ignored by
most cardiac segmentation or shape generation techniques, has
been shown in different clinical studies to have an impact on car-
diac morphology and structure (Gilbert et al., 2019). To evaluate
our method, in addition to comparing against manual measure-
ments, we also compared our performance against two state-of-
the-art methods, namely, the work by Bai et al. (2018) in which
the authors propose a 2D convolutional neural network (CNN)-
based segmentation method and our previous work (Attar et al.,
2019b) where, we analysed and reported cardiac functional indexes
of 20,000 subjects of the UKB through a fully automatic quality-
controlled image parsing framework.

In this paper, we have substantially extended our previous work
presented at MICCAI 2019 (Attar et al., 2019a). The main contribu-
tions of this paper that were not addressed in our previous work
are as follows:

o We extended the shape model from biventricular to a four-
chamber cardiac mesh model. We segmented all four cardiac
chambers; namely, left ventricle (LV), right ventricle (RV), left
atrium (LA), and right atrium (RA). For the LV, we segmented
both the endocardium and epicardium surfaces; while for the
other chambers, we only segment the endocardium. This is be-
cause the myocardium is too thin to reliably distinguish epi-
cardium from the endocardium. Consequently, there is no label
available to use for the training. This was achieved by first gen-
erating a reference cohort of four-chambered cardiac meshes
through the non-rigid registration of a four-chambered cardiac
atlas, to a set of 3D points obtained from manual delineations.
To ensure high accuracy when fitting the 3D shape to the stack
of manually delineated contours, we adopted an alternating
global-local affine and non-rigid registration approach, based
on the generalised coherent point drift (gCPD) algorithm pro-
posed previously by our group Ravikumar et al. (2017), and
thin plate spline (TPS) based mesh warping. TPS-based mesh
warping is used to prevent mesh intersections between adja-
cent cardiac chambers, and helps ensure shared nodes/node-
connectivity between adjacent structures as defined in the orig-
inal atlas mesh is preserved following registration.

We standardised our network in the feature extraction phase
so that any FCNs can be used for this task. It is an innovative
end-to-end deep neural network that directly predicts 3D shape
parameters derived from a Principal Component Analysis (PCA)
space. The network was optimised using a loss function defined
in the domain of shape space parameters which weights each
PCA mode of variation independently, prioritising the more sig-
nificant modes and leading to more accurate shape prediction.
In addition to the shape parameters, we extended our network
to also learn the similarity transformation parameters required
to transform the generated shape back from the normalised
PCA space, to the image space. We achieved this through a mul-
titask learning approach, where the extracted features are used
to jointly optimise a second loss function defined over the de-
sired transformation parameters.

We adopted a novel approach of exploiting all the CMR image
views (short axis and long axis two-, three- and four-chamber
CMR images) and a wider range of patient data (almost tripled
the quantity to cover more attributes) simultaneously, to pre-
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Fig. 1. An example stack of manual contours represented as a hybrid point set com-
prising spatial positions and associated surface normal vectors, extracted from SAX,
two- (2CH) and four-chamber (4CH) LAX view slices. Contour colours denote the
following - Blue: LV-endocardium; Red: LV-epicardium; Green: RV-endocardium;
Orange: LA-endocardium; Purple: RA-endocardium.

dict 3D four-chambered cardiac shapes. The introduction of the
patient information yielded a positive impact on shape predic-
tion. We hope this work inspires other researchers to exploit
such informative priors in their applications, to improve the
performance of their models.

We investigated the importance of the available CMR slices to-
wards the accuracy of the final predicted shape, and evaluated
the performance of our approach in scenarios where only a few
SAX and/or LAX slices are available. These experiments were
conducted to validate the hypothesis that 3D cardiac shapes
can be predicted accurately, given sparse CMR acquisitions. This
is particularly relevant to applications requiring acceleration of
CMR scan acquisitions, at minimal cost to subsequent cardiac
quantification accuracy.

2. Method

In the sections that follow, we describe the data and methods
used within each step of our framework, and our corresponding
design choices. These are ordered as follows — first, we describe
the generation of reliable 3D reference shapes from the stack of 2D
manual contours; next, the construction of the point distribution
model; and finally, we provide details of the input data used to
train and validate MCSI-Net, and describe its architecture.

2.1. Reference 3D cardiac shapes

To generate the reference cohort of 3D cardiac shapes, we first
construct the 3D stack of 2D manual delineations by combining
all the available contours from the three views (i.e. SAX, two- and
four-chamber LAX slices) while exploiting the recorded orienta-
tion and position information available in the DICOM header to be
aligned with their actual corresponding CMR images, as shown in
Fig. 1. The mean shape of a high-resolution atlas of the human
heart available from a recent study by Rodero et al. (2021) was
then registered to the stack of manual contours using an initial
affine and subsequent non-rigid registration steps, to produce the
patient-specific, four-chamber cardiac shape model. The resulting
3D mesh model comprises five structures; the Left Ventricle (LV)
endo- and epicardium, Right Ventricle (RV), Left Atrium (LA) and
Right Atrium (RA).

To generate the reference cardiac meshes, we used the gCPD al-
gorithm (Ravikumar et al., 2017) for affine and non-rigid registra-
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tion of the atlas to each subjects’ stack of manual contour points.
The gCPD algorithm is based on a hybrid mixture model that uses
shapes represented as 6D hybrid point sets. Here, each point in
each shape is a 6D vector created by concatenating the spatial po-
sition vector with the associated surface normal vector. An exam-
ple of the 6D-hybrid point set representation of a stack of manual
contours is shown in Fig. 1. Such a hybrid representation of shape
provides a richer description of local variations in geometry than
spatial positions alone, providing more discriminative information
than the latter to guide the registration of the cardiac atlas mesh
to the stack of manual contours of each subject. For each sub-
ject comprising manual delineations, we start with affine registra-
tion to align the two hybrid point sets and then perform non-rigid
registration to deform the cardiac atlas mesh to fit the set of 6D
points obtained from manual delineations. Finally, using the point-
wise correspondences established between the atlas and the stack
of manual contours, we warp the cardiac atlas mesh to the lat-
ter using TPS interpolation. This helps ensure shared nodes/node-
connectivity across adjacent structures in the atlas surface mesh
are preserved following registration.

Here, we briefly review the gCPD algorithm and outline
the registration steps followed to generate the reference cohort
of subject-specific cardiac meshes. gCPD treats the problem of
registering a source hybrid point set X € R™® to a target hybrid
point set Y € R™6 as one of probability density estimation. X =
[Xp, Xn] is considered to represent the centroids of a Hybrid Mix-
ture Model (HAMM), from which a transformed set of observa-
tions Y = [Yp, Yu] are sampled. Here, X, & X; represent the spa-
tial positions and associated surface normal vectors of the cardiac
atlas mesh, while Y, & Y, denote the spatial positions and associ-
ated surface normal vectors of each subjects’ stack of manual con-
tours from the UK Biobank cohort. Each mixture component in the
HdMM is formulated as a product of two distinct types of distri-
butions, namely, a Student’s t-distribution and a Von-Mises-Fisher
distribution, designed to model the joint distribution of point spa-
tial positions and their associated unit normal vectors, respectively.
Consequently, by fitting the HIMM to Y, in a manner analogous to
data clustering, the underlying spatial transformations that map X
to Y and maximise the likelihood of the latter being sampled from
the former, are estimated. This is achieved by maximising the log-
likelihood function using the expectation-maximisation (EM) algo-
rithm, given as follows:

M N
PYIX, T) =) log ) " mS(yp|Tx,, 02, 1) x F(YalTX,, 1), (1)
j=1 =1

where, [x} Xi]i_;yeX denote N mixture components,

[y{,,yf;]&].,\, €Y are the observed data points, and subscripts p
and n denote the spatial position and normal vector components
of the hybrid point sets. Additionally, 7 are the spatial transforma-
tion parameters to be estimated, m;_;_n are mixture coefficients, S
is the Student’s t-distribution function with variance o2 and shape
parameter v; and F is a Von-Mises-Fisher distribution function
with dispersion «;, associated with each mixture component i.

EM is necessary as no tractable solution exists for directly max-
imising Eq. (1). The EM algorithm iteratively alternates between
two steps. In the expectation (E)-step, the posterior probabili-
ties that describe the responsibility of each mixture component
x' =[x, x}], in describing the observed data points y/ = [y}, ys],
are estimated. In the maximisation (M)-step, the posterior prob-
abilities estimated in the preceding E-step are used to maximise
Eq. (1) with respect to the unknown spatial transformation param-
eters 7, mixture coefficients 7;, the covariance oI and the shape
parameters v; associated with each Student’s t-distribution in the
mixture, and the dispersion parameters «; associated with each
Von-Mises-Fisher distribution (analogous to the variance of a Gaus-
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sian distribution) in the mixture. gCPD considers an isotropic and
shared covariance across all components’ Student’s t-distributions
in the HAMM, however, a unique shape parameter v; is estimated
for each component in the mixture, which controls the heaviness
of the tails of each t-distribution and hence provides automatic,
locally adaptive robustness to noise/outliers that may be present
in the data. Both affine and non-rigid registration are achieved by
alternating between these two steps of EM, until a suitable conver-
gence criterion is reached.

The gCPD algorithm was chosen over the more widely used co-
herent point drift (CPD) point set registration algorithm proposed
by Myronenko and Song (2010), as the former offers the following
advantages over the latter: (1) by utilising Student’s t-distributions
in the HAMM, gCPD enables data-driven estimation of the con-
stituent shape parameters of each t-distribution, thereby provid-
ing automatic and locally adaptive robustness to noise and out-
liers. Conversely, CPD handles noise and outliers through a lin-
ear combination of a uniform distribution component within a
Gaussian mixture model formulation, requiring manual tuning of
a hyperparameter that controls the degree of global robustness
to noise and outliers enforced on the registration process. Con-
sequently, it is difficult to scale up generation of a reference co-
hort of cardiac meshes to large numbers using CPD (as required in
this study), whilst ensuring robustness across all pair-wise regis-
tration executions. gCPD provides an elegant solution to this prob-
lem by guaranteeing automatic robustness to noise and outliers.
(2) gCPD utilises hybrid shape representations that comprise 6D
points to guide the registration of the cardiac atlas to each UK
Biobank subjects’ stack of manual contours. By utilising surface
normals vectors as additional features alongside point spatial posi-
tions to drive the registration, the topology and localised variations
in geometry of each cardiac chamber is better preserved than af-
forded by purely spatial position-based point set registration ap-
proaches such as CPD. Using spatial positions alone to guide car-
diac atlas to manual contour registration may result in the estima-
tion of anatomically incorrect/implausible correspondences, lead-
ing to errors in the warped atlas mesh such as intersections be-
tween adjacent surfaces of cardiac chambers, for example. How-
ever, by incorporating surface normals as additional features, more
discriminative information is provided to help improve estimation
of correspondences, and thereby preserve the interfaces between
adjacent cardiac structures. Further details on the HIMM formula-
tion of the gCPD algorithm and evidence of its superior registra-
tion performance to CPD are presented in Ravikumar et al. (2017);
Ravikumar (2017).

The following registration steps are used to warp the cardiac
atlas mesh obtained from Rodero et al. (2021) to each subjects’
stack of manual contours available in the UK Biobank - (1) Con-
sider the target hybrid point set (observed data, see Fig. 1) Y rep-
resents a stack of manual contours, and the source hybrid point
set X represents centroids of a HIMM defined by vertices and as-
sociated surface normal vectors of the cardiac atlas mesh. Initially
X is registered to Y by estimating a global 3D affine transforma-
tion that recovers the rotation, translation and scaling necessary
to align the former to the latter. (2) Next, we conduct region-wise
non-rigid registration, wherein, each chamber of the heart in X, is
registered independently to the corresponding region-specific con-
tours in Y (i.e. for example, hybrid points of the LV mesh in X,
are only registered non-rigidly to the LV hybrid contour points
in Y). This step is necessary as non-rigid registration using gCPD
does not explicitly account for multiple objects/regions and en-
forces a global smoothing constraint on the estimated deforma-
tion field through Tikhonov regularisation. The non-rigid transfor-
mation in gCPD (as in the original CPD algorithm Myronenko and
Song (2010)) is parameterised as a linear combination of Gaus-
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sian radial basis functions. Two parameters control the degree of
smoothness of the deformation field, namely, A a weight which
controls the trade-off between smoothness and registration accu-
racy, and 8, which represents the width of the Gaussian kernel,
used to parameterise the deformation. Region-wise non-rigid reg-
istration using gCPD, leverages the additional discriminative infor-
mation provided by incorporating surface normal vectors as point-
wise features to guide the estimation of valid region-wise corre-
spondences and helps prevent gross topological changes during
registration. This also limits intersections between adjacent regions
in the registered atlas mesh. (3) Finally, TPS-based mesh warp-
ing/interpolation is used to refine the non-rigid transformations
estimated in step (2), by using the established point-wise corre-
spondences between the atlas and contours (from step (2)), and
information regarding the shared nodes/node connectivity between
adjacent chambers (available from the original cardiac atlas mesh)
as targets to drive the transformation of the all cardiac chamber
meshes jointly/globally. This final global non-rigid registration step
helps correct for any existing mesh intersections between adjacent
cardiac chambers by preserving the shared nodes/node connectiv-
ity between the same (as defined by the original atlas mesh). This
in turn helps ensure that the topology of the whole heart meshes
and the spatial relationships between its constituent chambers are
maintained.

We empirically determined that registering X to Y in this man-
ner, and adopting distinct, sequential steps for region-wise and
global non-rigid registration, provided better registration quality
than using either approach alone. The values for the hyperpa-
rameters that control the smoothness of the region-wise non-
rigid transformations estimated in step (2), namely, A and 8, were
0.5 and 1.0, respectively, for all regions. These were determined
empirically. Increasing the value for B increases interaction be-
tween the points in the point cloud, and results in coherent mo-
tion of larger neighbourhoods of points (i.e. similar displacements
are estimated for larger proportions of points). Alternatively, de-
creasing this value reduces interaction between the points in the
point cloud and conduces localised displacement of points. Sim-
ilarly, increasing the value of A produces more coherent motion
across all points globally. More details of the non-rigid registra-
tion algorithm we used to achieve this effect can be found in
Ravikumar et al. (2017); Ravikumar (2017) or in the original paper
on the CPD algorithm Myronenko and Song (2010).

Finally, all the reference shapes were quality controlled to
maintain high accuracy in the generated shapes. As a first check,
we computed the point-to-point distance of the generated shape
to the stack of manual contours, and if the average error was less
than half of the in-plane pixel spacing, we used the shape for the
PDM construction. We then visually checked all the shapes overlaid
on the stack of contours to discard any sub-optimal shapes from
the dataset. Ultimately, 4,525 subjects were available after qual-
ity control and were randomly split into two sets of 3,925/600 for
training/test, i.e. 3925 subjects for training the neural network, and
600 subjects for evaluating performance.

In the next section, we describe how we use the generated 3D
reference shapes to construct the point distribution model, as illus-
trated in Fig. 2. We would like to highlight that the cardiac atlas
mesh used in the study (available from Rodero et al. (2021)) in-
cludes the base of the aorta and pulmonary artery, and all cardiac
valve planes in addition to all four cardiac chambers. However, as
the manual delineations available for the UK Biobank cohort do not
include these structures, the deformation of these additional struc-
tures is driven purely by the TPS-based mesh warping step, when
generating the subject-specific meshes. Thus the aortic vessel sur-
face visible in Fig. 2 for example, is inferred based on the predicted
deformations for the adjacent cardiac chambers alone.



Y. Xia, X. Chen, N. Ravikumar et al.

/CARDIAC ATLAS "

B

[Afﬂne & Non-rigid registration using gCPD and TPS]

b4

MANUAL CONTOURS
A\

N

SUBJECT-SPECIFIC CARDIAC MESHES

{

[ PDM Construction ]

Fig. 2. The cardiac atlas mesh is registered to each stack of manual contours to
produce subject-specific, high-resolution, smooth triangular meshes. Then all the
new generated reference shapes are used to create the point distribution model
(PDM).

2.2. Point distribution model (PDM)

To encode the mean and variance of the 3D cardiac shapes, we
use a PCA-based PDM. We construct the PDM by applying PCA on
a set of generalised Procrustes aligned shapes.

Following Procrustes analysis, for a training set of M shapes
z;, we get M new shapes s; (representing the i-th shape of the
dataset) where all the nuisance pose parameters, i.e., translation
t= (Tx, Ty, T), rotation r = (Ry1, Rz, Rg3, Rga) and scaling (C) were
removed. Here the desired 3D rotations are parameterised as quar-
ternions due to the improved numeric stability they provide and
their compact nature, relative to Euler angles and 3D rotation ma-
trices, respectively. Hence, using these 8 transformation parame-
ters, we can transform back the Procrustes-aligned shapes to their
original (image) coordinates as follows:

2, =C xS; xr;+1t, (2)

where s; € RN represents the i-th shape as (xi.yi.z.
xi. iy z\)T vector. ) ' N

The shape class mean § and covariance cov of the training set
of M shapes are calculated as follows:

1 M
S:Mgs,- (3)

1
cov=——

e > (5= 8)(5i =) )

M=

1

The shape covariance is represented in a low-dimensional
PCA space providing | < min(M, N) eigenvectors ® = [@,¢,...¢],
and corresponding eigenvalues A = diag(Aq, A5, ..., A;) computed
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Fig. 3. Representation of the mean + 3 standard deviation (SD) of the first five
modes of variation in the 3D shape models of four-chambered cardiac.

through the Singular Value Decomposition of the covariance ma-
trix.

Thus, assuming the group of shapes follows a multi-
dimensional Gaussian distribution, we can approximate any shape
in the group using the following linear generative model:

s~ S+ ®b (5)

where, b € R! are shape parameters restricted to [b;| < 81/A;; to
capture 99.7% of shape variability, we set 8 = 3. The shape param-
eters of s can then be estimated as follows:

b=®(s-3). (6)

where the entries of b are the projection coefficients of mean-
centred shapes (s —§) along the first | columns of ®;.

Fig. 3 shows the mean + 3 standard deviation (SD) of the first
five PCA modes variation and illustrate the variations present in
the training dataset.

2.3. Network architecture and loss function

The overall architecture of MCSI-Net is shown in Fig. 4. The
network consists of two sub-networks: MMF-Net and Loc-Net. The
MMF-Net has five inputs: SAX view images, two-, three- and four-
chamber LAX view images, and patient clinical data and outputs
shape parameters bP = {b‘]?|j= 1,...,k}. The Loc-Net takes SAX
view images as inputs and predicts the transformation parameters
t* = {Tx. T, T;. Rg1. Rg2. Rg3, Rga, C} which are shown in the bottom
branch of the network. The two tasks are learned through these
two sub-networks independently. The proposed network is trained
using the following loss functions:

k

Ly=>)_ f(b}(0), b¥) (7
j=1

and,
8

Le=Y" f®), tf (8)

I=1
where k is the number of shape parameters, 6 denotes the network
parameters, f(.) denotes the loss functions used to minimise the
difference between the reference values (b’; and th) and the val-
ues predicted by the network (b’j? (0) and t/(6)). For the term Ly,
we used a L2 loss function to minimise the difference between b’}
and b’; (0). For the term L;, we employed the L2 loss for minimis-

ing the translation and scaling errors, and the geodesic distance
loss for the rotation formulated as quaternion parameterisations.
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Fig. 4. MCSI-Net consists of two subnets: MMF-Net and Loc-Net. The MMF-Net extracts a high-level representation of the image from SAX and LAX views using four FCNs
and concatenates the image features together with the output of an MLP network applied to the patient data. The MMF-Net finally produces the k-dimentional parameters
in PCA space, whereas the Loc-Net predicts the corresponding transformation parameters, with which the 3D cardiac shape can be predicted..

We set the weights [1, 100, 100] where the network optimises the
sub-branches of translation, rotation and scaling.

Ultimately, having the mean shape, eigenvectors and predicted
shape parameters, the final shape can be reconstructed using
Eqg. (5) and Eq. (2). Once the network is trained, it is capable of
segmenting all five sub-parts of the heart in different views simul-
taneously. While other state-of-the-art approaches have been pro-
posed to segment the heart in multi-view CMR images, to the best
of our knowledge, none of them exploit the contextual shape in-
formation provided by each view, to enhance cardiac shape recon-
struction in 3D, as done by MCSI-Net.

As shown in Fig. 4, we used FCNs to extract image features.
In this study, we looked into recent deep learning networks that
have demonstrated the best performance in regression problems
(Lathuiliére et al., 2019), namely Alex-Net (Krizhevsky et al., 2012),
VGG-16 (Simonyan and Zisserman, 2014), DenseNet (Huang et al.,
2017), and ResNet (He et al., 2016).

All these FCNs are available in their standard architecture, in
a Pytorch package called torchvision, and are used here for the
purpose of feature extraction. We added an extra convolutional
layer with the kernel size equal to the feature map dimensions
to produce a vector of features. We examined the performance
of the above mentioned FCNs in our application, and found that
the ResNet outperforms the other architectures. We computed the
segmentation accuracy using three key metrics: Dice Similarity Co-
efficient (D), Mean Contour Distance (M) and Hausdorff Distance
(H). D is between 0 and 1, with a higher D indicating a better
match between the two shapes. M and H measure the mean and
maximum distance, respectively, between the manual and auto-
matic results, with a lower value indicating a better the agreement.
These metrics are defined in Eqs. (10), (11) and (12), respectively,
in Section 3.4. Table 1 summarises the performance of each archi-
tecture investigated within our framework. This indicates that the
best performing FCN is ResNet, which appears at the right-most
column of the table. It consistently achieves the largest overlap and
lowest point-to-point distance, across all sub-parts of the heart.

Table 1

Comparison of shape prediction accuracy using different FCNs in terms of D,
M(mm) and H(mm) for LV endo-/epicardium, RV, LA and RA. The results were
assessed at both ED and ES phases. Bold indicates the best performing method.

Alex-Net VGG-16 DenseNet ResNet
LVendo D 0.84 +£0.07 085+ 0.07 0.85+0.07 0.88 + 0.05
M 251+£100 228+094 2.02+098 1.86+0.79
H 6.09 +£2.26  5.63%+ 2.10 513 £2.18 4.74 £ 1.75
LVimyo D 0.69 + 0.11 0.72 £ 0.09 0.76 £ 0.09  0.78 + 0.08
M 255+1.03 227 +095 2.04+0.91 1.86 + 0.82
H 6.17 £2.22 569 +£2.05 536+ 2.21 4.75 + 1.76
RVendo D 0.81 £ 0.07 0.824+0.07 0.85+0.06 0.85 + 0.06
M 3.05+£1.09 298 +1.12 246+ 124 227 £0.95
H 8.78 £294 877 +£320 747 +£355 7.06 + 2.64
LAyeh D 0.82 £ 0.09 0.854+0.07 0.87 £0.07 0.86 & 0.07
M 367+146 3.12+110 296 +1.68 2.87 +1.21
H 895 +3.67 7.65+348 7.11+3.62 7.19 + 2.83
LAsch D 0.83 £ 0.08 0.854+0.07 0.87 +£0.08 0.88 + 0.07
M 354+139 311+135 289+159 2.65+1.11
H 861 +£3.05 7.89+364 7.11+3.10 6.82 + 247
RA4n D 0.83 £0.11 0.844+0.10 0.86 +0.06 0.88 + 0.06
M 357 +£158 342+132 295+133 279 +1.23
H 8.57 £3.46 847 £320 7.73+334 7.34+299

Thus, we used ResNet as the deep feature extractor within our ap-
proach, for all subsequent experiments conducted throughout the
study.

As shown in Fig. 4, we also used an MLP to learn features
from patient data and integrate it with the extracted image-based
features. The MLP is a two-hidden-layer function denoted g(n),
where, 5 is the input (patient data feature vector). It comprises
two hidden layers (with 64 and 128 neurons), and an output layer
(with 256 neurons). ReLU is used in the hidden and output layers
as an activation function, such that:

g(n) = ReLu(c® + w® (ReLu(c™V + ... w (ReLu(c® + w¥7)))))
(9)
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where {c©@, ¢ ¢@} and {w©® w® w®} denote biases and
weights for the input and two hidden layers, respectively.

In the MMF-Net, the outputs of the five sub-networks are con-
catenated to construct one feature vector that contains the be-
havioural, phenotypic, and demographic information derived from
the patient data in addition to appearance information from the
imaging data. This information is fed into a fully connected layer,
with ReLU activation functions, so that, by minimising Eq. (7), they
produce the first k parameters in PCA space, which describe the
3D shape of the cardiac chambers. To capture 99.7% of shape vari-
ability in the training dataset, we set k = 70 and regress only those
parameters from randomly initialised weights. Similarly, in the Loc-
Net, three different fully connected layers are applied to predict
the scale (C), rotation (Rg1, Rg2, Rg3, Rg4) and translation (T, Ty, T;)
parameters, respectively.

3. Experiments and results
3.1. Data and annotations

We collected the UKB data under access applications num-
ber 2964 and 11350. This study complies with the Declaration of
Helsinki. The study was covered by the ethical approval for UKB
studies from the National Health Service National Research Ethics
Service on 17th June 2011 (Ref 11/NW/0382) and extended on 10th
May 2016 (Ref 16/NW/0274) with informed consent obtained from
all participants. The full CMR protocol in the UKB has been de-
scribed in detail elsewhere (Petersen et al., 2015). Researchers can
apply to use the UKB resource for health-related research that is in
the public interest?,

We performed train/test experiments on CMR images of 4.525
subjects from the UKB using both end-diastolic (ED) and end-
systolic (ES) time points. In terms of population sample size, ex-
perimental setup, and quality control, the most reliable reference
annotations of cardiovascular structure and function found in the
literature are those reported by Petersen et al. (2017a), in which
CMR scans were manually delineated and analysed by a team of
eight expert observers. These delineations were used to generate
the reference 3D shapes, as explained in Section 2.1.

Regarding the image data, each slice (SAX and LAX views) was
intensity- and spatially-normalised similar to our previous work
(Attar et al., 2019a). After the pre-processing, every slice has a size
of 128 x 128 px and intensity values ranging between 0 and 1. As
the number of SAX slices in CMR images varies typically from 7 to
15 slices, the SAX image volumes were resampled to a fixed vol-
ume size of 15 slices, using cubic B-spline interpolation. Data aug-
mentation with the random rotation and translation on the SAX
and LAX images was applied when training the MMF-Net as it aims
to produce the normalised and centralised shape models. In the
training stage, we constructed the training set using the subject-
specific reference whole heart shapes at two cardiac phases, i.e.,
from both ED and ES phases. Once the model was trained at ED
and ES phases, we can infer not only the heart shape at the ED
and ES phases but also any time point in the cardiac cycle.

With respect to the patient data, based on available literature
and advice from our clinical collaborators, we selected a list of at-
tributes that might directly/indirectly contribute to variations in
cardiac morphology. Table 2 shows the summary of the patient
data available for every subject in the UKB. All variables were
scaled to the range [0, 1], including categorical variables, which
were first indexed by grouping variables and then scaled (viz. sex
€ (0, 1), or smoking status < (0,0.5,1)).

2 https://www.ukbiobank.ac.uk/register-apply.
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3.2. Competing methods

In addition to manual delineations and our previous work
(Attar et al., 2019b), we compare the performance of MCSI-Net
against the fully automated CNN-based method by Bai et al. (2018).
In Table 3, we present the data we used for training, testing and
evaluating different methods. Here, the proposed method MCSI-
Net is labelled as C, our previous work (Attar et al.,, 2019b) is la-
belled as A, and the method by Bai et al. (2018) is labelled as B. As
an additional assessment, we conducted a quantitative evaluation
of human performance by measuring the inter-observer variability
among the segmentations performed manually by three different
clinical experts. Here, we randomly selected 50 subjects, where,
each subject was analysed independently by three expert observers
labelled O1, 02 and 03.

3.3. Implementation and training

The method was implemented using Python and Pytorch. The
MMF-Net was trained using Adam for optimising the loss function
(Eq. (7)) through 100 epochs with a learning rate of 0.00007 and
batch size of 8 subjects. The Loc-Net was trained using Adam for
optimising the loss function (Eq. (8)) through 300 epochs with a
learning rate of 0.0001 and batch size of 32 subjects. Training took
~24 hours on Nvidia Tesla V100 GPUs hosted by Amazon Web Ser-
vice and accessed using the MULTI-X platform (de Vila et al., 2018).
At test time, it took about 5 seconds to predict the shape parame-
ters of the full cardiac cycle.

3.4. Accuracy of predicted shapes

Fig. 5 shows several samples of our 3D cardiac shape results,
at ED and ES phases, representing as corresponding 2D contours
overlaid with the SAX and LAX images. It confirms that the sys-
tem is capable of producing accurate shape parameters to generate
shapes very similar to the reference contours.

We evaluated the performance of our approach using standard
metrics for assessing segmentation accuracy. These include, the
Dice index (D), and the mean (M) and Hausdorff distance (%)
between reference and predicted contours. Note that the manual
annotation was performed for each slice independently so the con-
tours are not globally consistent across slices in the presence of
inter-slice motion (see Fig. 6). Thus, to better quantify the segmen-
tation results, we used the target meshes, i.e., the reference 3D
cardiac shapes used for the training of MCSI-Net, as the reference.
D evaluates the overlap between automated segmentation A and
manual segmentation M; we define D as follows:

2|ANnM|
|A] + [M]
The M and # metrics evaluate the mean and maximum dis-

tance, respectively, between segmentation contours dA and oM.
These measures are defined as follows:

D= (10)

1 1
M= 3T9A] Z d(p, M) + ToM] Z d(q, 9A) (11)
pedA qedM
H = max(max d(p, oM), max d(q, dA)) (12)
pedA qedM

where d(p, d) denotes the minimal distance from point p to con-
tour d. The lower the distance metric, the stronger the agreement.

Table 4 presents D, M and H measures that compare auto-
mated segmentation results and reference. The mean and standard
deviations of D for the LVepde, LVmyo, RVendo, LA2ch, LA4ch and RAyq
with n = 600 are 0.88 + 0.05, 0.78 + 0.09, 0.85 + 0.06, 0.86 + 0.07,
0.88 + 0.08 and 0.88 + 0.06 respectively, indicating good agree-
ment between the target mesh and automated segmentation with
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Table 2
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Summary of the patient data of 40,000 subjects used in this study. According to the nature of the data, we have
grouped them into four categories, i.e. (1) demographics, (2) blood pressure, (3) biological samples, and (4) lifestyle.
Continuous values indicate mean + standard deviation.

Type Patient data Range
Demographics Sex Male | Female
Age (years) 57 + 8
Height (cm) 170 £ 9
Body mass index (kg/m2) 27 £ 4
Weight (kg) 78 + 16
Body surface area (m2) 1.8 £0.2
Ethnic background White | Mixed | Other
Blood pressure Systolic blood pressure (mmHg) 139 +£ 19
Diastolic blood pressure (mmHg) 82 £ 11
Diastolic brachial blood pressure (mmHg) 69 + 12
Systolic brachial blood pressure (mmHg) 137 +£ 22
Pulse rate (bpm) 69 + 12
Central systolic blood pressure during PWA (mmHg) 134 + 21
End systolic pressure during PWA (mmHg) 113 £ 19
Mean arterial pressure during PWA (mmHg) 96 + 14
Biological samples HbA1c (mmol/mol) 36.1 £ 6.7
Cholesterol (mmol/L) 57 £ 1.1
C-reactive protein (mg/L) 2.5+ 43
Glucose (mmol/L) 51+1.2
HDL Cholesterol (mmol/L) 14 +03
IGF-1 (nmol/L) 213 £ 5.6
LDL direct Cholesterol (mmol/L) 35+0.8
Triglycerides (mmol/L) 1.7 £ 1.0
Lifestyle Smoking status Never | Previous | Current
Number of cigarettes smoked daily 15+ 8
Sleep duration (hours/day) 7+1
Duration of moderate activity (minutes/day) 66 + 75
Duration of vigorous activity (minutes/day) 44 + 47
Duration of walks (minutes/day) 61 + 77

Alcohol drinker status
Alcohol intake frequency

Never | Previous | Current

- Never

- Daily or almost daily

- Three or four times a week
- Once or twice a week

- One to three times a month
- Special occasions only

Table 3
Specific UKB datasets used for training and testing the methods proposed and presented in this paper.
Label Method Training/Tuning Data Test Data
A Attar et al. (2019b) 4275 subjects from SAX view 600 subjects
B Bai et al. (2018) Trained separately on: 4,275 subjects from SAX view 4,123 subjects from 600 subjects
LAX 2CH view 4,082 subjects from LAX 4CH view
C MCSI-Net Trained jointly on: 3,925 subjects from SAX and LAX views 50 subjects 600 subjects
01-03 Three expert readers Manual contours 50 subjects

Table 4

Segmentation results based on the different test sets (n=50 and 600), where we compare the target mesh with auto-
mated segmentation by our proposed MCSI-Net. LV.,q, represents LV endocardium, LV, represents LV myocardium,
RVendo represents RV endocardium, LA,q, represents LA in two chamber LAX view, LA, represents RA in four chamber
LAX view, and RA4y, represents represents RA in four chamber LAX view. Table values are shown as mean =+ standard
deviation. The results were assessed at both ED and ES phases..

(@D

(b) M (mm)

(c) H (mm)

Pred vs Target

Pred vs Target  Pred vs Target  Pred vs Target

Pred vs Target  Pred vs Target

Test-set  (n=50) (n=600) (n=50) (n=600)

LVendo 0.88 + 0.05 0.88 + 0.05 1.90 + 0.86 1.86 + 0.87
LVinyo 0.76 + 0.08 0.78 + 0.09 1.92 + 0.81 1.86 + 0.82
RVendo 0.85 £+ 0.06 0.85 £ 0.06 2.29 £+ 0.95 227 £ 0.95
LAy 0.86 + 0.07 0.86 + 0.07 2.77 £ 1.18 2.87 £ 1.21
LA4en 0.87 £+ 0.05 0.88 + 0.08 2.70 £ 1.21 2.65 + 1.11
RA4cn 0.88 + 0.06 0.88 + 0.06 2.76 £ 1.22 2.79 £ 1.23

(n=50) (n=600)

484 + 1.89 4,74 £ 1.75
4.79 + 1.69 475 + 1.76
7.05 £+ 2.57 7.06 £ 2.64
7.32 £2.93 7.19 + 2.83
6.87 + 2.51 6.82 + 2.47
7.12 £+ 2.61 7.34 £ 2.99
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Fig. 5. Example segmentation results for short-axis and long-axis slices at the ED and ES phases illustrating the quality for automated segmentation contours versus the
reference. The automated method segments all the time frames. However, only ED and ES frames are shown, as GTs are only available at the ED and ES frames. The CMR

images were reproduced with the permission of UK Biobank..

the average D of 0.85. Due to the annular shape of LVyy, which
has a larger perimeter (i.e. endo and epicardial boundary) and
causes some overlap shifts, its D value is less than that of the other
cases.

In addition, we observe that the M is 1.86 £ 0.87 mm for the
WVendo» 1.86 + 0.82 mm for the LVpyo, 2.27 + 0.95 mm for the
RVendo» 2.87 & 1.21 mm for the LAy, 2.65 + 1.11 mm for the LAy,
and 2.79 + 1.23 mm for the RA,,, all of which are close to the in-
plane pixel spacing range of 1.8 to 2.3 mm. The # measures are
474 + 1.75 mm, 4.75 + 1.76 mm, 7.06 + 2.64 mm, 719 + 2.83
mm, 6.82 + 2.47 mm and 7.34 + 2.99 mm for the LVenq0, LVmyo,
RVendo» LAschy LAsgch, RA4ch, Tespectively.

3.5. Accuracy of cardiac function indexes

Here, we report clinical cardiac functional indexes derived from
manual and automated segmentation such as atrial and ventricu-
lar EDV and ESV. To reproduce the reference ranges reported by
Petersen et al. (2017a), we first extract contours corresponding to
the intersection between our 3D triangular meshes and CMR image
slices. For the ventricular indexes calculated on SAX slices, we use
the method of disks, whereby a cardiac 3D volume can be approx-
imated by summing the areas within 2D segmentation contours

and multiplying by the inter-slice spacing. For the atrial indexes,
we calculated the volume according to the area-length method on
LAX slices. Specifically, the LA volume was calculated using the

biplane area-length method as V = %M, where A, 4, and
Aych Tepresent the atrial area on the 2 chamber and 4 chamber
views, respectively, and L is the longitudinal diameter averaged
across two views. Similarly, the RA volume was calculated using

2
V.8 “ach

V\%.r pri)cessed and quantified all the available 40,000 subjects
of the UKB; each imaged at 50 time points, i.e. in total two million
image volumes. Fig. 7 illustrates the mean and standard deviation
of LV mass and the ventricular and atrial volumes of all subjects at
each time point. The volumes trend matches well with the physi-
ology of the heart where ventricles have the highest blood volume
at ED, and lowest at ES phase. At the same time, the atria have the
opposite behaviour where, it contains the lowest blood volume at
ED and highest at ES phase. LV mass remains consistent over the
cardiac cycle, which is apparent in the diagram.

Having quantified cardiac chamber volumes across all 50 time
points, we report the following sets of indexes: the LV end-
diastolic volume (LVEDV) and end-systolic volume (LVESV), LV
stroke volume (LVSV), LV ejection fraction (LVEF), LV myocardial
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Fig. 6. Example segmentation results for short-axis slices overlayed on the long-axis views illustrating the quality of our automated segmentation contours versus manual
contours. Note that the manual annotation was performed for each slice independently so the contours are not globally consistent in the presence of inter-slice motion,
whereas our approach can generate globally consistent and plausible shapes and contours of heart. The CMR images were reproduced with the permission of UK Biobank. .
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Fig. 7. Quantification results of 2 million CMR image volumes. Illustrating the mean (solid lines) and standard deviation (shaded area) of the ventricular and atrial volume

(ml), LV mass (g) of 40k subjects of the UKB over the 50 time points.

mass (LVM), RV end-diastolic volume (RVEDV) and end-systolic
volume (RVESV), RV stroke volume (RVSV), RV ejection fraction
(RVEF), LA end-diastolic volume (LAEDV) and end-systolic volume
(LAESV), LA stroke volume (LASV), LA ejection fraction (LAEF), RA
end-diastolic volume (RAEDV) and end-systolic volume (RAESV),
RA stroke volume (RASV), and RA ejection fraction (RAEF). Table 5
shows the main aforementioned cardiac functional indexes, with

10

the first column representing the indexes derived from all the
available manual segmentation. We observe here that there is ex-
cellent agreement between the clinical indexes of our proposed
method and the ground truth values for all the indexes listed in
the table.

Table 6 presents the relative differences between the automated
and manual measurements, as well as between the automated and
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Table 5

Summarising the differences in clinical measures derived from our proposed
method and manual segmentation. Here, GT represents the ground-truth val-
ues provided by manual segmentation from (Petersen et al., 2017a). A, B, and
C represents the quantification results derived from automated segmentation by
Attar et al. (2019b), Bai et al. (2018), and our proposed MCSI-Net, respectively. Val-
ues indicate mean + standard deviation.

GT GT A B C
Indexes (n=4,875) (n=600) (n=600) (n=600) (n=600)

LVEDV (ml) 144 + 34 143 £+ 34 144 +£32 148 £35 145+ 32
LVESV (ml) 59 + 20 58 £ 19 57 £ 18 62 + 20 59 + 17
LVSV (ml) 85+ 19 85 + 20 87 + 20 86 + 20 86 + 19
LVEF (%) 59+ 6 60 + 6 61 +7 58 + 6 59+5
LVM (g) 90 + 25 88 + 25 89 + 25 91 + 24 89 + 20
RVEDV (ml) 153 + 37 150 £39 153 £36 156 £39 152 + 36
RVESV (ml) 67 + 22 65 + 23 63 + 20 68 + 21 62 + 20
RVSV (ml) 85+ 19 85 + 20 90 + 23 88 + 22 90 + 20

RVEF (%) 56 + 6 57+7 59 £ 8 57+ 6 59+ 6

LAEDV (ml) 29+ 14 29 + 14 NA 29 £ 16 29 + 11
LAESV (ml) 67 + 21 67 + 21 NA 67 + 23 67 £ 19
LASV (ml) 39+ 11 40 + 11 NA 39+ 11 38+ 11
LAEF (%) 59+9 59+ 8 NA 58 £ 10 58 £ 10
RAEDV (ml) 46 + 19 46 + 18 NA 49 + 21 45 + 15
RAESV (ml) 79 + 26 79 + 26 NA 82 + 28 74 £ 19
RASV (ml) 33+ 11 33+ 13 NA 34 +13 31+ 11
RAEF (%) 42 + 11 42 + 10 NA 41 + 11 41 + 10

manual measurements computed by different expert human ob-
servers. We observe here that the relative differences for the two
subsets of 50 and 600 subjects matched well, and the difference
range was either very close or slightly larger, to the difference
ranges obtained by the different expert observers. Due to large
variations in the right ventricle appearance near the basal slices at
the ES phase, the ventricular contours are more complex and thus
lead to more ambiguous, inconsistent manual annotations amongst
the human observers and consequently more difficult to segment
with automated segmentation methods. We also looked into the
automated values from a built-in automated segmentation soft-
ware of the scanner device (i.e. inlineVF D13A), which was only
available for the LV. Overall, A, B, and C performed substantially
better than inlineVF, achieving an improvement of nearly 45% for
all metrics. Note that these data were retrieved for every subject
from the central UKB database.

Next, in Fig. 8 and 9, we present Bland-Altman plots and
correlation plots of the main ventricular and atrial parameters
computed using our approach and the manual reference cover-
ing 600 test subjects. The Bland-Altman plot is commonly used
for analysing agreement and bias between two measurements. In
Fig. 8, we have reported the mean difference (i.e. bias) and limits
of agreement (LoA), i.e. £ 1.96 standard deviations from the mean.

Table 6
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Table 7

Example comparison of cardiac function on large-scale
datasets using automatically derived clinical indexes of
1600 subjects. Illustration of cardiac remodelling on
healthy subjects vs subjects with myocardial infarction
(MI).

Healthy MI p-value

LVEDV (ml) 143 +£31 157 £32 < 0.001
LVESV (ml) 59+17  67+£22  <0.001
LVM (g) 89421  102+21 <0001
RVEDV (ml) 150 £35 163 +32 < 0.001
RVESV (ml) 62420 67+18 < 0.001
LAEDV (ml) 29412 38416 < 0.001
LAESV (ml) 67 £20 82424 < 0.001
RAEDV (ml) 46 +13 49417 < 0.001
RAESV (ml) 76 £20 79+25  =0.108

The Bland-Altman plots show strong agreement and a mean differ-
ence line at nearly zero, suggesting that the clinical indexes esti-
mated using our approach have little bias.

Fig. 9 presents correlation plots comparing the manual and au-
tomated methods, for different cardiac function indexes. The cor-
relation coefficient (corr) measures the strength of the relationship
between two sets of observations. The strength and direction of the
relationship indicate the predictive power of our framework. Coef-
ficients for ventricle measurements, such as LVEDV, LVESV, LVM,
RVEDV, RVESV ranged between 0.87 and 0.93, indicating a strong
relationship between our approach and the manual delineations.
The atrium measurements were slightly worse, ranged between
0.76 and 0.86.

Furthermore, Fig. 10, illustrates the Q-Q plots of the same in-
dexes on the test of 600 subjects, confirming the agreement on
different quantiles over all the indexes, where we see the quan-
tiles points roughly forming a straight line.

3.6. Sub-Cohort analysis

The proposed approach enables us to perform large-scale
population-wide analysis of CMR images, demonstrated thus far on
data from the UKB, with statistics on the most commonly used
clinical indexes derived from CMR exams. We believe, however,
that the power of population studies lies in the opportunity to de-
fine and characterise human sub-populations, and investigate the
patterns and trends across different sub-populations.

Table 7 compares the ventricular and atrial volume and LV
mass, derived from our approach, between two groups of sub-
jects, namely, healthy subjects (n=800), and subjects with myocar-
dial infarction (MI) (n=800). The table shows that MI is associated
with increased ventricular and atrial volume and LV mass with

The difference in clinical measures between the automatic and manual segmentations, as well between measurements by different human observers.
M: ground truth provided by manual segmentation (Petersen et al., 2017a). A, B, and C represents the clinical indexes derived from the automated
segmentation by Attar et al. (2019b), Bai et al. (2018), and our proposed MCSI-Net, respectively. Values indicate mean + standard deviation. .

Relative difference (%)

01 vs 02 02 vs 03 03 vs 01 Avs M B vs M Cvs M Avs M B vs M Cvs M

(n=50) (n=50) (n=50) (n=50) (n=50) (n=50) (n=600) (n=600) (n=600)
LVEDV 4.2 £ 3.1 6.3 £33 34 +£22 4.2 4+ 3.0 29 + 3.6 57 £ 45 4.7 £33 4.1 4 3.5 7.4 £59
LVESV 6.8 £ 7.5 12.5 £ 8.5 11.7 £ 5.1 10.2 + 8.1 125 £ 11.2 121 £ 111 93 +94 95+ 95 11.8 +£ 10.1
LVM 44 +33 6.0 + 3.7 6.7 + 4.6 6.5 + 4.1 8.0 +£4.38 93 £ 7.1 83 +77 83 +76 113 £ 93
RVEDV ~ 8.0 £ 5.0 4.2 £+ 3.1 57 £36 73 £42 57 £43 113 £ 106 | 54 £47 5.6 + 4.6 81+64
RVESV 306 £ 155 109 +83 169 +9.2 | 220+84 298 +22.1 17.0 £ 6.9 124 4+90 118+ 122 125+103
LAEDV 133+ 9.8 110+ 78 7.8 +£53 NA 13.1 £ 10.0 6.1 +£4.2 NA 13.1 £ 103 6.8 +6.9
LAESV 6.6 = 5.4 73 £56 6.0 £ 5.0 NA 7.1 £69 10.7 £ 8.6 NA 7.5+ 6.8 11.6 £ 10.5
RAEDV 6.5 + 7.6 8.0+ 49 84 4+ 57 NA 121 £ 143 84 +53 NA 10.0 + 18.7 8.6 £ 7.3
RAESV 4.7 £ 6.4 52+ 64 49 + 43 NA 7.7 £ 6.6 9.8 + 10.1 NA 74 +69 11.8 £ 11.3

1



Y. Xia, X. Chen, N. Ravikumar et al. Medical Image Analysis 80 (2022) 102498

LVEDV (mL) LVESV (mL)
+SD1.96: 21.7 30 +SD1.96: 16.34

[o8)
(=]
s
°
°

3 20 =)
g £
Z 101 >
j£a] |
5 0] 2
g R
o —10 A 15
520 1 5
€ s &
5 4 | ®e -SDI.96:-24.57 S -SD1.96: -15.93
75 100 125 150 175 200 225 250 40 60 80 100
Mean Mean
RVEDV (mL) RVESV (mL)
30 4 o . +SDJ.96: 26.04 30 4 . . R +SD1.96: 22.41
77777777777777 D R SRR, ° ®2 o
3 201 ° . o Qe . —~
| ® o0 & o® % ° . —
= oy PRy M e o o % g
E 101 ° '. o4 "‘ .i.." ;'.. o o . a
£ 0l e . _-3 0 22°2 °% % oo % Smeandiff: g
= o %08 JHeRN T Lo e, o -0.I8 <
= 1o * °° =
o [
g 5
2 £
B 30 8 4 | -SD1.96: -13.13
75 100 125 150 175 200 225 250 40 60 80 100 120
Mean Mean
LAEDV (mL) LAESV (mL)
30 4 +SD1.96: 13.85 30 4 +SD1.96: 22.08
=) )
E E
2 =
ECJ Eﬂ] mean diff:
— — ‘.. P ° 0.29
g =) e ° .
= © 10 1 oo . .
5 5201 T e %q LA S
%’ f:?::: . ° ® L4 °
8 5 | -SD1.96: -15.84 a8 5 | -SD1.96: -21.5
20 30 40 50 60 70 40 60 80 100 120
Mean Mean
RAEDV (mL) RAESV (mL)
30 1 +SD1.96: 19.61 0 1 +SD1.96: 21.91
—_ o0 L ] [ ] —_
R B — L A P — 3
~ 8o 00 :.. % | e e ° é
> 10 4 e o K >
a ® o “® of L T4 o ... %
= 0 *%, * fnean diff:
= ey e 0.66 =
g e 0 o -8
o —10 ° ?® o 3
2 ° e =
5 S o ] 5}
T &
a5 | -SD1.96: -18.3 8 4 | -SD1.96: -19.96
30 40 50 60 70 80 40 60 80 100 120
Mean Mean

Fig. 8. Illustrating the repeatability of various cardiac functional indexes comparing the manual and automated analysis of 600 subjects from the UKB cohort; Bland-Altman
plots for various cardiac functional indexes computed both manually and automatically in which manual segmentation was available. The solid horizontal lines denote the
bias or the mean difference (Automatic - Manual), whereas the two dashed lines denote limits of agreement (LoA) i.e. + 1.96 standard deviations from the mean..
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Fig. 9. Illustrating the repeatability of various cardiac functional indexes comparing the manual and automated analysis of 600 subjects from the UKB cohort; Correlation
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Fig. 10. Q-Q plots for various cardiac functional indexes computed both manually and automatically of 600 subjects..

statistical significance (p-value< 0.001). This is consistent with
previous findings, from manual analysis of a few dozens of sub-
jects, where cardiac remodelling and enlargement happens in pa-
tients with MI. Now we can confirm similar findings and per-
form similar studies, with the advantage of reliable automated
analysis on really large-scale datasets such as UKB, where, there
is tons of data available to discover different associations and

Table 8

Comparison of shape prediction accuracy using
only images (IMG) or images with different type
of patient data (IMG+MD) in terms of D, M(mm)
and #(mm) for LV endo-/epicardium and RV, LA,
and RA on 600 UKB subjects. Bold indicates the
best performing method..

IMG IMG+MD
patterns.

Wendo D 087 +005 0.88 +0.05
) M 190 + 081  1.86 +0.79
3.7. Impact of patient data on shape accuracy H 477 £1.77 474 £1.75
LWVnyo D 077 £0.09 0.78 +0.08
Several studies (Petersen et al. (2017b), Gilbert et al. (2019) and M 189 +£085  1.86 +0.82
Jensen et al. (2019), just to name a few) have shown the correla- RV g g'gg i é'gﬁ g';: i;‘;g
tion betweeq baseline features (such as lifestyle and demograph- T 229+095 227 4095
ics) and cardiac morphology and structure. H  7.03 +254  7.06 + 2.64
In this subsection, we report the effect of including patient data LAych D 086+008 086 +0.07
(as shown in Table 2) as additional information in our network. Mo 2864121 2.87 41.21
As expected, the use of patient data alongside image information W 724229 719 4283
As exp , pati & &€ Iniormi. LAy D 087007 088 £0.07
improves the network, leading to more accurate prediction in all M 265+ 112  2.65+1.11
cardiac substructures. H 687 +253  6.82 +2.47
Table 8 summarises the effect of including patient data on our RAgn D (2’-3; ilo-zolﬁ ‘2’-’7‘3 i°]-°263

: M 278 +1. 79 + 1.
method. The first column shows the accuracy metrics of D, M and % 7431306 734 £2.99

+# when we only used the image data (labelled as IMG). The sec-
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Table 9

Medical Image Analysis 80 (2022) 102498

Comparison of shape prediction accuracy using different set of images i.e. only SAX images, only LAX images, only three
main SAX images (BMA: base, mid, and apex) or combination of SAX and LAX images in terms of D, M(mm) and #(mm)
for LV endo-/epicardium and RV, LA, and RA on 600 UKB subjects.

BMA SAX LAX BMA+LAX SAX+LAX
Wendo D 0.85 + 0.07 0.87 + 0.05 0.78 + 0.10 0.85 + 0.07 0.88 + 0.05
M 262 + 121 1.93 +0.83 345 + 1.59 234 + 1.11 1.86 £ 0.79
H 5.83 + 2.55 513 £ 1.97 7.98 +3.34 577 + 2.42 474 + 1.75
Winyo D 0.72 + 0.12 0.76 + 0.09 0.59 + 0.14 0.72 £ 0.11 0.78 + 0.08
M 245 + 1.28 1.97 +0.95 3.56 + 1.76 238 + 1.21 1.86 + 0.82
H 6.01 + 2.59 531 + 1.98 8.25 + 3.54 591 + 2.57 475 + 1.76
RVeendo D 0.83 + 0.06 0.85 + 0.06 0.72 + 0.12 0.83 = 0.07 0.85 = 0.06
M 277 £1.25 2.34 + 0.98 453 +1.76 2.63 + 1.06 227 + 0.95
H 8.01 + 3.03 7.11 £ 278 12.5 + 4.65 7.94 + 298 7.06 + 2.64
LAsch D 0.82 + 0.08 0.84 = 0.08 0.78 + 0.11 0.83 = 0.08 0.86 + 0.07
M 3.62 + 1.54 3.26 + 1.47 442 + 196 3.46 + 1.53 2.87 +1.21
H 8.96 + 3.79 821 + 3.81 10.3 + 3.98 8.09 + 3.39 7.19 + 2.83
LAscn D 0.83 £ 0.10 0.86 + 0.08 0.80 + 0.10 0.85 = 0.08 0.88 + 0.07
M 3.43 & 1.55 3.26 + 147 430 + 1.93 312 + 1.29 2.65 + 1.11
H 8.48 + 3.78 7.20 £ 2.51 104 + 2.14 7.49 + 2.60 6.82 + 2.47
RAscn D 0.84 + 0.08 0.86 + 0.08 0.80 + 0.10 0.85 + 0.09 0.88 + 0.06
M 3.57 £ 1.73 292 + 1.44 478 +2.16 3.19 + 1.61 279 +1.23
H 9.09 + 4.08 7.81 + 3.58 112 + 4.55 8.03 + 3.96 7.34 + 2.99

ond column report the accuracy of the predicted shapes using pa-
tient data. We observe that using the patient data alongside the
image data had a positive impact on the shape accuracy, achieving
improvement compared with the first column (p-value< 0.001),
where we only use the image data. This can be attributed to the
combined use of image and patient data within a single network
to directly predict shape parameters. It is intuitive that patient
data provides subject-specific prior information on the heart shape
and including this information is helpful particularly for shape pa-
rameter estimation (B-value) that approximates the patient’ s nor-
malised and centralised cardiac shape.

3.8. Contribution of slices on shape accuracy

We further investigated generating accurate 3D cardiac shapes
when only a fraction of the image data is available. This was
considered highly relevant to this study for the following rea-
sons: (1) Despite all the advantages of CMR scans, there is an
explicit limitation of acquisition time. A routine CMR scan takes
20-60 minutes, which is time-consuming and expensive, especially
in environments where resources are strained and availability of
scan time is limited. Additionally, such long scan times may be
infeasible entirely, for certain niche groups of patients. Besides,
CMR often requires breath-holds, which could be not easy for
many patients. Accordingly, it is essential to decrease the acqui-
sition time, while maintaining the quality of subsequent quanti-
tative analyses. Consequently, accurate cardiac quantification us-
ing fewer CMR slices, would help facilitate the acceleration of
CMR scan acquisitions, improving patient comfort and reducing
expenses. (2) Typical artefacts found during CMR image acquisi-
tions are missing slices, which result in missing contours from
2D segmentation methods (such as the previously mentioned by
Bai et al. (2018)) across the heart and, as a result, sub-optimal es-
timation of volumetric indexes. Consequently, a 3D cardiac shape
generation framework that is robust to the presence of such varia-
tions would be of significant clinical value as it would enable accu-
rate quantification of cardiac functional indexes, despite the pres-
ence of such artefacts.

To address these issues, in addition to the default image data
set where we use all the available SAX and LAX image slices,
we used incomplete samples to train our network, and sub-
sequently, predicted complete cardiac shapes. We extended our
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training dataset by adding new cases where the image data in SAX
and LAX are not all present, i.e. retaining only

« the three Basal, Mid and Apical slices (labelled as BMA) without
any LAX slices,

e SAX slices (on average ten SAX slices without any LAX slices),
and

o the three LAX view slices (two-, three and four-chamber view)
without any SAX slices.

Using this process, we generated three new samples, from every
sample in the original dataset. To keep the network architecture,
input format, and structure consistent across all experiments, slices
were excluded during training by replacing them with an empty
slice, i.e. with zero values for all pixels.

Table 9 summarises the shape prediction accuracy of our ap-
proach for all cardiac structures, compared with the manual de-
lineations, where, we do not use all the available image data. As
expected, we observe that the most accurate results are obtained
when we use all the available image data, reported in the right-
most column of the table.

The first column shows the accuracy metrics of different cardiac
structures when we only use Basal, Mid and Apical slices (BMA).
We see the accuracy of our approach is satisfactory (average D of
0.85, 0.72, 0.83 for LV endo, LV myo and RV endo, and 0.83, 0.84
for LA 4ch and RA 4ch) using three SAX slices that do not cover
the atria. It is encouraging to see that the network can still predict
the atrial shapes to a reasonable degree of accuracy based on the
minimal cues available in the three SAX slices.

The second column presents the results associated with the
SAX slices only. We see that the results become better in terms
of both ventricles and atria segmentation accuracy when the net-
work has access to more image data. Note, on average the number
of slices is at least three times higher than the BMA case, but the
improvement is about 2% on average. The third column shows the
results of segmentation when three LAX images are used, and we
get much worse results for the ventricles and atria.

We see the addition of the three LAX slices to the three BMA
slices (labelled as BMA+LAX), results in higher accuracy compared
with BMA and LAX, as the visual cues exist to describe both ven-
tricles and atria regions, covering the sagittal and transverse rep-
resentation of the heart.

Overall, we see the potential strength of this method to pro-
duce accurate and high-resolution 3D meshes of cardiac shape us-
ing only a fraction (about 23% to 46%) of image data.
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4. Discussion and conclusions

In this study, we presented a fully automatic method capable
of performing high-throughput end-to-end 3D cardiac MR image
analysis via the simultaneous use of images and patient data. We
validated our workflow on a reference cohort of 600 subjects for
which both manual delineations and reference functional indexes
exist, and the full dataset with 40,000 subjects. We also presented
the positive impact of the inclusion of patient data on the accu-
racy of the predicted shapes. Furthermore, we showed that the
proposed method achieves comparable results using just a fraction
of image data, which supports the idea of accelerating the CMR
scan acquisition by capturing significantly fewer image slices. Note
that, although we also investigated the results of discarding the
LAX images as input and observed that the network can still pre-
dict the atrial shapes to a reasonable degree of accuracy, presum-
ably by scaling them with the ventricles, it may yield less satisfac-
tory results for the patients who might have relative enlargement
of their atria. As future work, we would like to increase the ro-
bustness of our method to handle severe morphological variations
due to pathology and variable image quality, and extend its gen-
eralisability to cope with other CMR sequences and image modal-
ities. Specifically, to tackle inaccurate segmentation results on ex-
ceptional cases, the following directions can be considered. First,
an adversarial discriminator can be introduced into the framework
to classify whether the predicted shape masks are generated or
real and encourages the network to capture object structure im-
plicitly, which could be particularly beneficial for realistic shape re-
construction. In addition, adversarial discriminator provides a pow-
erful 3D shape descriptor, which learned without supervision, can
be used to criticize the reconstruction quality (e.g., 3D heart shape
being plausible or not). Second, slice-wise quantification of cardiac
morphological indices such as myocardial thickness could identify
whether there is a smooth transition in the reconstructed shape
masks from the adjacent slices. Large changes in these values in
the segmentation results might indicate incorrect prediction. We
foresee including 3D+t quality control methods to assess the 3D
shape accuracy over the full cardiac cycle. In addition to increasing
the robustness of our system, we would like to extend our analy-
ses to establish reference ranges for different sub-populations. Fur-
thermore, future work could also look at modelling the relation-
ship between cardiac morphology and function, and other avail-
able demographics, genetic, and omics data, which would help im-
prove our understanding of disease progression, potentially leading
to improved treatment planning and delivery.
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