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Cardiovascular diseases (CVDs) remain a leading cause of mortality
worldwide. We explore the application of statistical shape modeling (SSM)
as a powerful tool in cardiac anatomy assessment, facilitating innovative
approaches to diagnosis and treatment. SSM uses advanced mathematical
and statistical techniques to understand the geometric properties of
anatomical structures across populations. By identifying significant shape
parameters, it captures and quantifies subtle variations that may elude
traditional approaches. We discuss its evolution, from landmark-based
methods to point distribution models for establishing the point-to-point
correspondence crucial for accurate shape analysis. We delve into the
statistical techniques used to measure shape variability, with a focus on
principal component analysis for dimensionality reduction. Key evaluation
metrics in the assessment of model performance, such as compactness,
generalization and specificity, are reviewed. The clinical utility of SSM
across the spectrum of CVDs is examined, covering diagnosis, risk
stratification, treatment optimization, follow-up and research applications.
Future directions, including the development of multi-label models,
integration of deep learning approaches, and spatio-temporal SSM to
capture dynamic changes in cardiac geometry, are considered. Through
this narrative review, we aim to underscore SSM’s promise as a powerful
tool in combating CVDs and advancing personalized medicine, ultimately
improving patient outcomes.

1. Introduction

Cardiovascular diseases (CVDs) stand as one of the most pressing health
challenges of our time, exerting a profound impact on global health and
healthcare systems. They are the leading cause of death globally, claiming
in excess of 19 million lives annually, this figure representing approximately
one-third of all deaths [1]. The prevalence of CVDs is not merely a health
concern but also an economic one; within the European Union, the direct
and indirect costs associated with CVD are estimated at €282 billion [2]. This
economic burden, coupled with the immense human cost, underscores the
urgent need to enhance understanding, diagnosis and treatment of CVDs
through innovative approaches.

In response to this challenge, the medical community has increas-
ingly turned to advanced imaging and computational methods. Leverag-
ing advances in three-dimensional imaging techniques that can produce
anatomically accurate reconstructions of structures, statistical shape model-
ing (SSM) has emerged as a particularly promising tool in the field of
cardiac anatomy assessment [3]. SSM is a computational process that applies
mathematics, statistics and computing to analyze and represent the geomet-
ric properties of anatomical structures across a population [4]; through the
identification of significant shape parameters, both average shape and shape
variability can be described in a compact, quantitative format [5,6].
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Using such amathematical framework to represent anatomical structures, SSM enables testing of biologically relevanthypotheses
through population-level analysis of shape variations [7]. Such applications build upon the principle that the shape of anatomical
structures contains valuable information about their function and potential pathologies. In the context of cardiacanatomy, the heart’s
shape is intimately linked to its function, and subtle variations in geometry can be indicative of underlying disease processes or
predictive of future cardiacevents. SSM provides ameans to capture these subtle variations in a quantitative and statistically rigorous
manner, offering insights that may notbe apparentthrough traditional visual inspection of medicalimages.

This narrative review aims to elucidate the current state of SSM in cardiac assessment, exploring its technical foundations
and potential to address pressing challenges in CVD. We will examine several key aspects:

(1) Representation of three-dimensional geometry. A critical aspect of SSM is how three-dimensional cardiac geometry is
represented mathematically. We will discuss the evolution of landmark approaches through to the latest point distribution
models (PDMs), in particular, highlighting methods for establishing point-to-point correspondence between different
geometries in a population. While PDM-based methods form the core of this review, deformation-field approaches will
also be briefly described.

(2) Three-dimensional shape analysis. At the heart of SSM is the application of statistical techniques to analyze shape variability.
We will focus on principal component analysis (PCA), the most commonly used method in SSM, explaining its mathemat-
ical basis and how it is applied to extract principal modes of shape variation in populations.

(3) Ewvaluation metrics and validation. Evaluating the performance and accuracy of models is crucial for their application in
clinical and research settings. We will discuss the key evaluation metrics of compactness, generalization and specificity, as
well as task-level validation.

(4) Clinical applications. The true value of SSM lies in its clinical applications. We will explore how SSM is being used in
various aspects of cardiovascular medicine, including diagnosis, treatment and research. To ensure broad coverage of the
field and to highlight the diverse ways in which SSM techniques are being translated into clinical practice, this section
includes studies using both PDM and deformation-field-based approaches.

(5) Challenges and future directions. While SSM has shown great promise in cardiac assessment, there are several challenges
and emerging areas of research that warrant attention. We will discuss barriers to clinical uptake, the importance
of moving beyond single-structure models to capture the heart’s complex, interconnected nature, examine how deep
learning approaches are addressing the limitations of traditional SSM techniques, and explore the potential of spatio-tem-
poral SSM to provide a more complete understanding of cardiac shape and function over time.

Through this comprehensive examination, we hope to demonstrate SSM’s potential as a powerful tool in combating CVD.

2. Sources and selection

To identify relevant studies, we conducted targeted, non-systematic searches of Ovid MEDLINE, Embase and IEEE Xplore
(last searched: 26 May 2025). These databases were selected to ensure coverage across both clinical and engineering domains.
The searches combined terms related to SSM (e.g. ‘statistical shape model”, ‘shape analysis’) with cardiac-related anatomical
(e.g. ‘heart’, “cardiac’, ‘ventricle’) and pathological terms (e.g. ‘coronary artery disease’, ‘cardiomyopathy’, “atrial fibrillation”).
Searches were restricted to titles and abstracts to maintain focus on relevant content. Additional references were identified
through manual screening of bibliographies from included studies and recent reviews. Selection was purposive, with studies
chosen to illustrate methodological variants and clinically oriented applications.

3. Representation of three-dimensional geometry

3.1. The evolution of point distribution models

Traditional geometric morphometrics capture and compare geometries within a population using the coordinates of landmarks
placed on the two- or three-dimensional surface [8,9]. Depending on the field of study, the locations of these landmarks
can have different nomenclature. Commonly, three types are described [10,11]: anatomical landmarks at points of biological
significance, or points of application-dependent significance; mathematical landmarks at points of geometric significance, or
points of application-independent significance; and pseudo-landmarks that are points interpolated from the previous two types,
for example, points equally spaced around a shape outline between two anatomical landmarks.

Manual identification of such landmarks has important limitations, being expert driven, subjective and time consuming
[7]. Furthermore, resultant models are sparse, with the limited number of landmarks unsuitable for comparing complex
three-dimensional anatomies [12]. PDMs are the computational extension of morphometric landmark approaches; dense sets
of hundreds or thousands of points are produced automatically to model geometry with greater fidelity and without observer
bias [10,13] (figure 1a). As with landmarks, these points are placed at comparable locations between geometries within the
population, and as such are known as correspondence points [14] (figure 1b). As their position cannot be determined manually,
their appropriate location must be extrapolated from the shapes themselves [15].
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(b)

Correspondence points

Figure 1. Point distribution models. (a) While a limited number of points can adequately represent simple geometries, complex three-dimensional anatomies
require dense sets of points. Here, we depict three representations of the same heart surface: (left) polygonal surface mesh; (middle) sparse landmarks (example of
under-sampling for complex anatomy); (right) dense point distribution model. (b) Statistical shape modeling requires point-to-point correspondence, such that their
locations can be compared between similar geometries within a population.

3.2. Correspondence in point distribution models

Computation of correspondence points is generally posed as an optimization problem, where an objective function is defined
and minimized [16]. Approaches can be categorized as pairwise or groupwise: the former treats each geometry within a
population individually; the latter considers variability across the entire population of geometries to establish correspondence
points simultaneously [7,17].

3.2.1. Pairwise approaches

Pairwise methods seek to establish correspondence points through the use of a template geometry [17]. At its simplest, this may
take the form of choosing one geometry within a population to be a template. This template geometry, along with the other
geometries within the population, is manually annotated with a sparse number of anatomical landmarks. These landmarks are
then used to register and deform the template geometry to each of the other cases and to extend the sparse correspondence
[3,4,18]. Such an approach reduces the computational complexity of producing dense correspondences; however, it remains
expert-driven, time-consuming and resultant models have a bias towards the template geometry [7,16].

Alternatively, parameters based on fixed geometrical bases can be used to establish correspondence. Geometries are
represented by these parameters in a standard parameter space, with correspondence established between points with the
same parameter space coordinates [4,17]. Spherical harmonics point distribution model (SPHARM-PDM) [19] is an open-source
software tool that uses such a parametric method. A sphere acts as the template by providing a standardized parameter space,
with spherical harmonics used to describe individual geometries parametrized onto this sphere. The optimization problem
involves computing spherical parametrizations through an equal area mapping of individual geometries to the sphere while
minimizing angular distortions. The spherical harmonic basis function is denoted as Y["(6, ¢), where [ is the degree, m is the
order, 0 is the polar angle and ¢ is the azimuthal angle. This is defined as

Y'(6,¢) = \/ 22—;1 %P?‘(COS 6)e™?, (3.1)

where PJ" are the associated Legendre polynomials.
Each geometry is represented by a SPHARM description, which consists of a set of coefficients that weight the spherical
harmonics. Correspondence is established by aligning the first-order ellipsoids of individual geometries spherical harmonic

8105707 €7 wpan 205y 7 Jisyeumolbrobunsyandieposiedor [



coefficients to the axes of the basis functions. Following this normalization, points on the geometries that share the same
parametrization are considered correspondence points. A specific limitation of SPHARM-PDM is the requirement for geome-
tries with spherical topology. A fundamental limitation of all pairwise methods is their inability to incorporate population-wide
variability in the optimization process [4].

3.2.2. Groupwise approaches

Groupwise approaches optimize correspondence points for all geometries in a population simultaneously, enabling them to
capture additional population-specific metrics within the optimization that pairwise approaches are unable to [3]. This is
particularly advantageous in populations with greater variability in geometry between individuals, as it does not penalize this
natural variation [7].

ShapeWorks [20] is an open-source software tool that uses a groupwise approach called particle-based shape modeling
(PSM). PSM is in an entropy-based optimization, which is non-parametrized and therefore independent of topology, can
handle open surfaces, and does not require an initial template. Following initialization with a single particle on each geometry,
an iterative approach of particle-splitting and correspondence optimization is used, until the system is optimized for the
user-specified number of particles. The number of particles is determined by balancing the need for accurate geometric
representation, geometric complexity within the population, and computational resources.

Correspondence optimization is achieved by minimizing an energy function (Q), defined by

N
Q=H(Z)- ). H(X)). (3.2)
k=1

The first term is a shape space (discussed further in §4.1.) variable, which considers how the correspondence points on the
surfaces of all geometries within a population are positioned. Z represents the distribution of shapes in the shape space, with
entropy (H) estimated assuming Gaussian shape distribution in shape space. Minimization of this variable equates to a more
compact model.

The second term is a particle distribution variable, which considers how particles are positioned on the surface of each
geometry. X, represents the distribution of particles on the kth shape. Entropy is estimated based on Euclidean particle-to-
particle repulsion, and maximization of this variable equates to more accurate geometric representations through uniform
distribution of particles on the surface.

Alignment of geometries is a key consideration, with clear implications for the shape space variable. In the absence of
pre-existing information on correct alignment, this may first be performed based on geometries’ centres of mass or by an
iterative closest point algorithm. Subsequently, during the optimization, alignment may be refined using generalized Procrustes
analysis (GPA) (discussed further in §4.1.) once all particles have been initialized.

3.3. Deformation-field-based approaches

Deformation-field-based approaches to SSM offer an alternative to point-based methods, such as PDMs, for establishing
anatomical correspondence across a population. In these approaches, correspondence is established implicitly through non-
rigid registration, wherein each subject’s geometry is aligned to a common template by estimating a dense deformation field
that warps the template to match the target shape. This deformation field is assumed to encode the geometric transformation
required to align anatomical structures and is treated as a proxy for establishing correspondence between subjects. The
underlying assumption is that homologous anatomical points across individuals will map to the same location in the template
space once registration is complete [7,21]. Once deformation fields have been computed for a cohort, statistical techniques are
applied to the deformation parameters (e.g. displacement vectors or transformation coefficients) to analyze population-level
shape variation.

The anatomical fidelity of correspondences inferred from deformation fields depends on the registration algorithm and the
similarity metrics used to guide alignment. Different approaches adopt different registration formulations, and even on the
same data, different algorithms can yield measurably different mappings [22]. The choice of template can also bias results,
although groupwise template-building strategies mitigate this effect [7].

At the same time, deformation-field approaches offer important strengths. They provide dense, spatially smooth represen-
tations, do not require predefined landmarks, and naturally support atlas construction [23]. They are particularly attractive
when point-to-point homology is ambiguous, for example, in structures such as the aorta, whose long, quasi-cylindrical, largely
featureless wall, and variable branch take-off positions create circumferential and longitudinal ambiguity in point matching;
small rotations or shifts along the centreline yield equally plausible correspondences, making landmark-based homology
ill-posed. In such settings, population statistics computed on deformation parameters and visualizations of displacement fields
can reveal clinically interpretable patterns [24-27].

Although PDMs remain the focus of this review, for further technical details of deformation-field-based modeling, readers
are referred to the open-source software tool Deformetrica [23]. Additional examples of clinical applications are also discussed
in §6.
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4. Three-dimensional shape analysis
4.1. Shape alignment

Shape can be defined as the geometric information describing an object independent of its pose [28]. In a PDM, correspondence
points are represented as coordinates in a high-dimensional configuration space. To focus solely on shape variation, we
need to remove similarity transformations (translation, scale and alignment) from these correspondence point configurations,
transitioning from configuration space to Kendall’s shape space [3,29]. This is commonly achieved through GPA [20,30], using
the GPA algorithm of Gower [31], modified by Ten Berge [32].

GPA is an extension of ordinary Procrustes analysis, with the key difference being its ability to align multiple shapes
simultaneously by way of an iterative alignment process towards a computed mean shape that best represents all geometries
in the dataset [33]. In the context of correspondence points, configurations are first translated such that their centroids (mean
of all points) align with an origin. They are then scaled to a common size by dividing each coordinate by the root mean
square distance of all points from the centroid. An initial alignment is performed, choosing one configuration as a reference.
A mean configuration is then calculated by averaging the correspondence points across all configurations following this initial
alignment. This mean shape is then used and recalculated in an iterative alignment process to minimize the mean squared
distance between configurations [8]. Statistical analyzes can subsequently be performed in this Procrustes space, as measured
distances are good linear approximations of geodesic distances in shape space [20].

4.2. Variability between shapes

Following superimposition of a population of correspondence points, using GPA or otherwise, a mean geometry can be defined
by computing the averages of correspondence point positions [34]. Such a pointwise analysis can also be used to determine
local geometric variability, with hypothesis tests applied to visualize regions of significant difference between groups; however,
such an approach requires false detection correction due to the number of correspondence points tested, reducing the statistical
power of such analysis [35].

Analysing high-dimensional PDM data in the full shape space, which combines all correspondence points (figure 2a), can
help avoid issues with multiple comparisons. However, this approach presents its own challenges as traditional statistical
methods are not suitable for such high-dimensional spaces; as the number of dimensions increases, estimators converge to
the true parameter values much slower in relation to the sample size, and as such, the amount of data required for accurate
parameter estimation is prohibitive [35]. In addressing this challenge, PCA has become the primary technique for dimensional-
ity reduction in PDMs, facilitating subsequent conventional multivariate analysis.

4.2.1. Principal component analysis

PCA is a powerful multivariate statistical method that reduces the dimensionality of large datasets while preserving their
essential information content [36,37]. It achieves this by creating new variables called principal components (PCs), which are
linear combinations of the original variables. These PCs are orthogonal and arranged in order of decreasing variance, with the
first PC capturing the maximum possible variance, the second PC capturing the maximum remaining variance and so on. This
approach allows for the identification and retention of significant information while discarding less important components. The
foundation of PCA lies in the analysis of covariance between variables and the subsequent eigenvalue decomposition of the
covariance matrix. Eigenvectors derived from this process define the directions of the new PC axes in multidimensional space,
with their corresponding eigenvalues indicating the amount of variance explained by each PC.

While PCA is widely used, it faces two key challenges in shape analysis: determining the optimal number of PCs to retain
and effectively visualizing group differences [35]. The first challenge, known as the factor analysis problem, can significantly
impact statistical results depending on the number of PCs chosen. Various methodologies have been developed to address
this issue. These range from simple conventions, such as retaining only PCs that account for a percentage of total variance,
to more sophisticated approaches like parallel analysis. Parallel analysis [38] aims to identify components with variance
distinguishable from noise, modelled as an isotropic, multivariate unit Gaussian; this approach helps differentiate between
meaningful variation and noise, which in the context of PDMs may result from image sampling.

The second challenge of visualization is crucial in relating statistical test outcomes to scientific hypotheses. One approach
is to transform group differences observed in the reduced-dimensional PCA space back to the original, full-dimensional shape
space; once transformed, these differences can be visually represented as deformations on the mean geometry (figure 2b).
Alternatively, the mean geometries of each group can be visualized and compared.

A further practical consideration is whether to normalize for overall scale during alignment, and this should be reported
clearly, as it materially alters the covariance matrix and the estimated PCs. As previously discussed, full Procrustes alignment
rescales each instance to unit centroid size. Rescaling removes non-shape variation so that the covariance structure, and thus the
PCs, reflect shape differences alone. This can be advantageous as it prevents overall size from dominating the decomposition
and overshadowing subtler, local deformations. Conversely, in datasets exhibiting allometry (systematic coupling between size
and shape), enforcing equal scale can obscure biologically relevant trends, and partial Procrustes that preserves scale may be
more appropriate.
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Figure 2. Principal component analysis applied to statistical shape modeling. The correspondence points that describe a geometry can be represented as a single point
in multidimensional shape space. (a) A population of one-dimensional shapes, each with three correspondence points (crosses), is visualized in a three-dimensional
shape space, with PCA reducing dimensionality along two principal components (red and black lines). (b) For three-dimensional geometries, PCA captures major
modes of shape variability, visualized by deforming the mean geometry along principal component modes.

By effectively addressing these challenges, PCA enables the creation of PDMs that encode the probability of geometry
occurrences in terms of a mean and a hierarchy of major modes of variation, ultimately facilitating improved interpretation and
visualization of complex datasets.

5. Evaluation metrics and validation

5.1. Extrinsic measures

Evaluation is a crucial step in SSM, facilitating comparison between models and assessing suitability for application. In a
clinical setting, where ground truth knowledge exists, this may be facilitated through extrinsic methods. Qualitative evaluation
methods [16] include visualizing modes of variation to determine if they align with clinically relevant variations. Additionally,
cluster analysis can be used to test the model’s ability to detect known natural groups within the data. For quantitative
evaluation, models can be used to infer patient-specific anatomical morphometrics automatically [7]. This is performed by
manually defining landmarks and measurements on the model’s mean shape and then using the model’s correspondences to
map these to individual patients. The model’s accuracy can then be evaluated by comparing its predictions to ground truth data.
Typically, Euclidean distances are used to compare landmark positions, while absolute differences are used for measurements.
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5.2. Intrinsic measures

The choice of correspondence points is critical to a model’s performance. In the absence of a ground truth, models can
be evaluated intrinsically by their compactness, generalization and specificity; proposed by Davies [39], these metrics are
determined by the location of correspondence points in a model and the modes of variation (PCs) derived from PCA (figure 3).

5.2.1. Compactness

A more compact model implies that the correspondence points used to construct it are superior, such that the model captures
more variability in geometry using fewer PCs [30]. Mathematically, compactness is calculated by summing the variance of the
first M PCs in a PDM [39], as follows:

M
C(M) = Zlfli, (.1)

where 4 is the ith eigenvalue from the covariance matrix.

5.2.2. Generalization

Generalization is a measure of the model’s ability to represent unseen geometries [30]. This is assessed using ‘leave-one-out’
cross-validation. A model is built using all but one geometry from a population. The model is then tested by measuring how
well it can describe the excluded geometry. This process is repeated, excluding a different geometry in the population each turn,
with approximation error averaged over the whole population. Mathematically, this is defined as [39]

v
G(M) = Hi; & (M), (5.2)
where n is the number of geometries, and eiz(M ) is the approximation error, based on the root mean squared Euclidean distance,
using the first M PCs in a PDM with excluded geometry.

5.2.3. Specificity

Specificity refers to the ability of a model to generate new, plausible geometries [30]. New geometries are calculated using the
first M eigenvectors in a PDM, assuming a multivariate normal distribution. Their Euclidean distance to the closest training
sample is then calculated. Mathematically, this is defined as [39]

1 ,
S(M) =3 1S:-Sif%, (5.3)
i=1

where M is the number of PCs in the PDM, n is the number of randomly generated geometries, S; is a randomly generated
geometry vector, and S} is the geometry vector within the population with shortest Euclidean distance to S;.

5.3. Pairwise versus groupwise approaches

In a comprehensive study, Goparaju et al. [7] compared the performance of ShapeWorks and SPHARM-PDM using shape
models derived from 130 left atrial appendage (LAA) geometries. The study used a robust methodology, using a 70-30 split
for training and testing, with two random iterations to ensure reliability. The results consistently favored ShapeWorks across
multiple evaluation metrics. ShapeWorks demonstrated superior model compactness compared with SPHARM-PDM. In terms
of generalization ability, ShapeWorks performed comparably to SPHARM-PDM in one split and outperformed it in the other.
As the number of modes increased in one of the splits, ShapeWorks exhibited increasing specificity, surpassing SPHARM-PDM’s
performance. Perhaps most significantly, ShapeWorks successfully identified clinically relevant modes of variation in the data,
specifically elongation of the appendage and ostia size. In contrast, SPHARM-PDM failed to accurately capture either the
representative shape or the dominant modes of variation. Furthermore, ShapeWorks demonstrated the ability to detect natural
clusters within the data, a crucial feature for understanding underlying patterns in anatomical structures. These findings
underscore the importance of methodology in SSM and highlight the potential of groupwise correspondence approaches in
capturing clinically relevant anatomical variations.

5.4. Task-level validation

When SSM-derived features are used for clinical association or prediction, validation should proceed at the task level with
explicit statistical safeguards. While PCA itself does not require normality, distributional assumptions become relevant once
probabilistic interpretations or parametric tests/regression are applied to PC scores [37]. Good practice is to examine the score
distributions and consider transformations or robust estimators if non-Gaussian.
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Evaluation should pre-specify endpoints and a clear analysis plan, use appropriate data splits (with temporal or geographi-
cal external test sets whenever feasible), and tune hyperparameters (including the number of retained modes) using nested
cross-validation to reduce optimistic bias. To prevent data leakage, all steps that depend on the data distribution (segmentation
refinements, alignment and correspondence optimization) should be performed within each training fold only, with test folds
held out until final evaluation. Multiple testing should be addressed when interrogating many PC modes (e.g. false discovery
rate control). While not an exhaustive list, considering such safeguards makes inferences from SSM-derived features statistically
defensible and clinically applicable.

6. Clinical applications

6.1. Existing cardiac statistical shape models

SSM has emerged as a powerful tool in cardiovascular medicine, offering numerous applications across diagnosis, treatment
and research (tables 1 and 2). The foundation to many of these applications is using SSM to define a normal range of anatomical
variation, which requires a sufficiently large sample population [3].

In a bid to improve access to such sample data, the Cardiac Atlas Project (CAP) [73] exists as a large, sharable and
web-accessible database of imaging examinations and associated clinical data. Multiple studies have used data from the CAP
to understand geometric variability and produce openly accessible models. For example, Medrano-Gracia ef al. [48] published
a model of the left ventricle (LV) derived from 1991 healthy participants’ magnetic resonance imaging (MRI), finding that the
dominant modes of variability were size, sphericity at end-diastole, and concentricity at end-systole; modes of shape variability
were able to distinguish differences due to clinical and demographic variables with greater statistical power than traditional
mass and volume measurements. A similarly rich database is that of the UK Biobank, and this has led to the development of a
biventricular shape model from 4329 MRI scans [74]. A biventricular model has also been published by Bai et al. [75], derived
from 1093 MRI scans.

In regard to the other cardiac structures, multiple whole heart models have been published [76-79] alongside models of
individual structures such as the atria or great vessels. These will be discussed in further detail in the subsequent sections.
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Table 1. Summary of cardiovascular studies applying statistical shape modeling, organized by disease. AF, atrial fibrillation; CABG, coronary artery bypass graft; [ 9 |
CAVC, complete atrioventricular canal; CFD, computational fluid dynamics; CoA, coarctation of the aorta; CRT, cardiac resynchronization therapy; HCM, hypertrophic

cardiomyopathy; LA, left atrium; LAA, left atrial appendage; LV, left ventricle; LVSD, left ventricular systolic dysfunction; MI, myocardial infarction; PH, pulmonary : S
hypertension; RV, right ventricle; RVOT, right ventricular outflow tract; TAVI, transcatheter aortic valve implantation; TOF, tetralogy of Fallot; VSD, ventricular septal : &
defect. L&
|2
disease category specific condition key findings dlinical implications [EE=S
=
arrhythmia AF Bieging et al. [40] LAA shape features associated with stroke ~ improved risk ‘*é
stratification =t
......................................................................................................................................................................... =
Nagel et al. [41] virtual population of bi-atrial anatomies in silico trials i 5
Jiaetal [42] LA shape features associated with catheter ~ improved patient E
ablation outcomes selection P
Bhalodia et al. [43] LA and LAA shape features associated with  improved risk _ ;
stroke stratification 3
Bieging et al. [44] LA shape features associated with catheter ~ improved patient %
ablation outcomes selection §-
Goparajuetal. [16] LAA shape variability improved closure device 2
design ®
......................................................................................................................................................................... o
Higuchi et al. [45] spatial distribution of LA fibrosis improved g
understanding of g
pathophysiology o
Varela et al. [46] LA shape features associated with catheter  improved patient
ablation outcomes selection
(atesetal [13] LA shape features associated with AF type improved
understanding of
pathophysiology
coronary artery disease CABG Bademdi et al. [47] proximity of main pulmonary artery tothe  improved surgical
sternum in patients with previous CABG approaches during
re-sternotomy
procedures
coronary anatomy Medrano-Gracia et al. [48] coronary shape variability improved coronary
stent design
post-MI LV aneurysm Goubergrits et al. [49] hemodynamics in template aneurysmal and  improved translation of
non-aneurysmal LV geometries CFD modeling to
clinical application
post-MI LVSD Zhang et al. [50] LV shape features associated with negative  improved risk
remodeling following MI stratification
post-MIVSD Asifetal. [51] VSD shape variability improved closure device
design
cardiomyopathy HM Hermida et al. [52] LV shape features associated with HCM improved diagnosis and
risk stratification
Bernardino et al. [53] biventricular shape features associated with  improved diagnosis
physiological cardiac remodeling (distinguishing from
athlete’s heart)
Takotsubo Pontecorboli et al. [54] LV shape features associated with early improved
cardiomyopathy remodeling in Takotsubo understanding of
pathophysiology
congenital heart disease CAVC defects Nam et al. [55] shape features of CAVC annulus vs. normal  improved surgical
MV annulus approaches during
valve repair
CoA Minderhoud et al. [26] aortic shape features associated with improved risk
cardiovascular events stratification
Hermida et al. [56] virtual population of fetal CoA anatomies in silico trials
Ardakani et al. [57] hemodynamics in template CoA geometries  improved translation of

CFD modeling to
clinical application

(Continued.)



Table 1. (Continued.)

disease category specific condition key findings clinical implications
Sophocleous et al. [58] LV shape features associated with LV strain ~ improved
understanding of
pathophysiology

Bruse et al. [24] aortic shape features associated with clinical ~ improved risk
measures stratification
Bruse et al. [25] aortic shape features associated with clinical ~ improved risk
measures stratification
hypoplastic left heart Wong et al. [59] ventricular shape features associated with improved risk
syndrome clinical measures stratification
Bruse et al. [60] aortic shape features associated with clinical ~ improved risk
measures stratification
TOF Kollar et al. [61] RV shape features associated with improved
hemodynamics understanding of
pathophysiology
Louvelle et al. [62] RVOT and pulmonary artery shape features  improved
associated with hemodynamics understanding of
pathophysiology
Leonardi et al. [63] RV shape features associated with clinical improved risk
measures stratification
heart failure Anthracycline- related Narayan et al. [64] LV shape features associated with clinical improved diagnosis and
LvSD history risk stratification
CRT Warriner et al. [65] pre-CRT LV shape features associated with improved patient
clinical outcomes selection
valvular heart disease aortic valve Asheghan et al. [66] LV shape features associated with TAVI improved patient
outcomes selection
Verstraeten et al. [67] virtual population of aortic valve stenosis in silico trials
anatomies
Cutugno et al. [68] LV shape features associated with clinical improved patient
outcomes selection
Bosmans et al. [69] aortic root shape features and TAVI device improved device
selection associated with outcomes selection
mitral valve Lopes et al. [70] accurate, automated measurement for improved procedural
transcatheter mitral valve replacements planning
tricuspid valve Orkild et al. [71] RV shape features associated with tricuspid  improved diagnosis and
requrgitation risk stratification
vascular disease PH Orkild et al. [71] RV shape features associated with PH improved diagnosis and
risk stratification
Xuetal [72] RV shape features associated with PH improved diagnosis and

aortic shape features associated with clinical
measures

improved risk
stratification

risk stratification

6.2. Diagnosis and risk stratification

8105707 €7 wpan 205 Y7 Jisyeumol/brobunsyandieposiedor [

SSM has demonstrated significant potential in enhancing the diagnosis of CVDs and stratifying patient risk, being successfully
applied to identify shape features associated with various cardiac conditions. By quantifying subtle shape variations that
may not be apparent through traditional clinical measures, models can identify pathological patterns and predict disease
progression.

6.2.1. Biventricular models

Bernardino et al. [53] sought to assess biventricular changes in athletes compared with non-athletes, the need to differentiate
between pathological and physiological cardiac remodeling being crucial in clinical practice. Their analysis of MRI data from 89
triathlon athletes and 77 healthy controls revealed that remodeling in athletes was characterized by a shift in right ventricular



Table 2. Statistical shape-modeling methodology and software used for studies listed in table 1. SSM: statistical shape modeling.

SSM approach details / software compactness
(modes, variance)
point distribution model groupwise, ShapeWorks Bhalodia et al. [43] 243 13,95%
Bieging et al. [44] 254 19,90%
Bieging et al. [40] 244 10,91.7%
Catesetal. [13] 137 8,95%
Goparaju et al. [16] 130 11,95%
Higuchi et al. [45] 160 not reported
Orkild et al. [71] 78 31,99%
groupW|seother ................................... Bademc|eta/[47] ...................................... po— notreported .............
Cutugno et al. [68] 86 8,90%
Hermida et al. [52] 2398 25,91%
Hermida et al. [56] 112 10, 86%
Nam et al. [55] 100 not reported
Xuetal [72] 50 15, 98%
palrW|se T TR o p . raJu . tal[16] ..................................... L 18 S
palrW|se T - g o [4” .......................................... G— 24 S
palrW|seother ...................................... Asheghanetal[66] .................................... o 595% ......................
Bernardino et al. [53] 166 not reported
Bosmans et al. [69] 35 not reported
Goubergrits et al. [49] 125 30, 90%
Lopes et al. [70] 50 not reported
Medrano-Gracia et al. [48] 21 3,71%
Narayan et al. [64] 20 5,76%
Varela et al. [46] 144 8,84.6%
Warriner et al. [65] 50 not reported
Wong et al. [59] 93 10,79%
Zhang et al. [50] 2291 20, 90%
e e A5|fetal[ ; ” .............................................. e - rep R
Goparaju et al. [16] 130 13,95%
Jiaetal [42] 141 not reported
Kollar et al. [61] 36 10, 80%
Minderhoud et al. [26] 65 not reported
Sophocleous et al. [27] 108 9,72%
Sophocleous et al. [58] 110 5, 54%
Verstraeten et al. [67] 97 32,91%
B Bruseetal[ 24] ........................................... oo 243% ......................
Bruse et al. [25] 53 not reported
Bruse et al. [60] 37 not reported
Ardakani et al. [57] 108 not reported
Leonardi et al. [63] 38 20,95%
Louvelle et al. [62] 16 6, 80%
Pontecorboli et al. [54] 28 not reported

(RV) volume distribution towards the infundibulum, increased overall RV volume and increased LV mass. This application of
SSM holds particular value in distinguishing between athlete’s heart and pathological conditions like hypertrophic cardiomyop-
athy (HCM) or arrhythmogenic cardiomyopathy, where current clinical measurements may not be sufficiently discriminating.
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6.2.2. Left ventricular models

Multiple studies have focused on LV remodeling in specific diseases. Zhang et al. [50] demonstrated the utility of SSM in
quantifying LV remodeling after myocardial infarction (MI). Their study, which included 300 patients with MI and 1991 healthy
controls from the CAP, showed that SSM-based shape parameter analysis could characterize remodeling features associated
with MI more effectively than existing measures of end-diastolic and end-systolic volume, and LV mass. Using these shape
parameters may identify patients with more adverse remodeling, requiring more aggressive treatment. Narayan et al. [64]
explored anthracycline-related LV dysfunction. By comparing MRI data from 20 patients previously treated with high- or
low-dose anthracyclines and the healthy LV model of Medrano-Gracia [48], they identified shape modes corresponding to lower
overall size and sphericity in treated patients. Furthermore, the study demonstrated that the addition of shape-based measures
significantly improved the ability of conventional measures to discriminate between individuals who received low or high
dose anthracycline. As such, shape-based LV measures may be able to improve the detection of anthracycline cardiac toxicity.
Hermida et al. [52] investigated obstruction in HCM, using 2298 patients” MRI data. They found HCM to be associated not only
with the previously established measure of basal septal hypertrophy, but additionally with LV lengthening, apical dilatation,
and narrowing of the LV outflow tract. Cutugno et al. [68] studied the association of LV shape with aortic stenosis. Comparing
CT data from 30 control and 65 aortic stenosis patients, they were able to develop a shape-based predictive classification tool
of the need for valvular intervention, which outperformed one based on clinical and demographic indicators. Pontecorboli et al.
[54] investigated Takotsubo cardiomyopathy, their MRI-based analysis of 28 patients demonstrating that early LV remodeling in
Takotsubo is mainly related to changes in size rather than sphericity, providing insights into its pathophysiology.

6.2.3. Right ventricular models

In a study on RV remodeling, Orkild et al. [71] compared 41 patients with tricuspid regurgitation due to pulmonary hyper-
tension (PH) or congestive heart failure, 31 comorbidity-matched controls without tricuspid regurgitation and six healthy
controls. They observed that tricuspid regurgitation, regardless of aetiology, led to similar RV shape changes and that these
could be used to reliably identify patients with regurgitation. Moreover, they found that the RV in patients with PH without
tricuspid regurgitation had distinct shape features; as such, RV shape may be particularly valuable in defining the severity of
PH. In a further study on PH, Xu et al. [72] compared 33 patients with PH and 17 non-PH control patients, analysing both
MRI-based shape data and hemodynamic data from right heart catheter studies. They identified two shape modes related to
PH state: RV free wall expansion and septal flattening. Notably, the latter was significantly correlated with clinical outcomes,
outperforming hemodynamic variables in predicting prognosis. Their identified shape descriptors may provide the basis for
future, non-invasive strategies for identifying patients with PH and decompensating RVs.

6.2.4. Atrial models

Cates et al. [13] investigated left atrial (LA) shape in atrial fibrillation (AF). Through comparison of MRI scans from 37 control
subjects, 50 patients with paroxysmal AF and 50 patients with persistent AF, they were able to identify anteroposterior dilation
as the most significant shape change between groups. This supported previous evidence of LA remodeling that identified
asymmetry index and LA sphericity as markers of disease [34,80]. Regarding stroke risk in AF, both Bhalodia et al. [43] and
Bieging et al. [40] investigated the impact of LA and LAA shape. The former identified the importance of the relative alignment
between the LA and LAA, the latter that a broader, shorter and less angulated LAA increased risk of stroke; combining shape
parameters with CHA,DS;-VASc score significantly improved risk prediction compared with CHA»DS,-VASc score alone.

6.3. Treatment

SSM has found valuable applications in the treatment of CVDs, notably in the context of device-based therapy and surgical
procedures. Here, shape can inform treatment planning, optimize its delivery and guide follow-up.

6.3.1. Predicting treatment response

SSM has shown promise in predicting treatment response across various cardiovascular interventions. Asheghan et al. [66]
combined machine learning (ML) and SSM to predict LV mass index regression following transcatheter aortic valve implanta-
tion (TAVI) based on pre-treatment imaging of the LV in patients with severe aortic stenosis. Their model, based on CT images
from 66 patients, demonstrated the potential of shape modeling as a tool for predicting post-intervention outcomes. Warriner
et al. [65] used SSM to predict response to cardiac resynchronization therapy (CRT). Their analysis of 50 patients” MRI data
revealed that specific pre-CRT LV shape features, such as asymmetric wall thickness, were independent predictors of favorable
remodeling response to CRT. Multiple studies have investigated LA shape as a predictor of recurrence following catheter
ablation treatment of AF, generally finding recurrent atria to be more spherical in shape [42,44,46]. Furthermore, Bieging et
al. [44] were able to demonstrate the additional value of shape information in combination with fibrosis quantification for
predicting recurrence.
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6.3.2. Treatment optimization

SSM has been applied to optimize the sizing and selection of transcatheter valves. Bosmans et al. [69] used SSM to analyze the
aortic root on pre-procedural CT scans of 35 patients with TAVI. They found correlations between specific shape components
and implant size, as well as associations between certain shape features and post-procedure paravalvular regurgitation. Lopes et
al. [70] demonstrated the feasibility of using SSM to automate measurements for transcatheter mitral valve replacements. Their
study, based on CT scans of 50 patients, showed that SSM-derived measurements were in close agreement with expert manual
analysis, offering potential benefits in terms of consistency and time efficiency in procedure planning.

SSM has potential applications in optimizing LAA closure device selection. While current patient selection criteria for LAA
exclusion are mainly based on clinical information, Shin and Park [81] suggested that SSM could help characterize individual
patients’ thrombotic risk based on LAA anatomical characteristics and surrounding hemodynamics, potentially informing more
personalized decision-making regarding this treatment.

SSM has been used in planning for various cardiac surgical procedures. Nam et al. [55] analyzed the structure of the
atrioventricular canal annulus in patients with complete atrioventricular canal (CAVC) defects. Their findings on the planarity
of the left side of the native CAVC annulus compared with the normal mitral annulus may have implications for optimizing
surgical repair techniques. Bademci et al. [47] applied SSM to study the retrosternal area in patients with previous coronary
artery bypass grafting (CABG). Their findings on the proximity of the main pulmonary artery to the sternum post-CABG could
inform surgical approaches during re-sternotomy procedures.

6.3.3. Treatment follow-up

SSM offers a valuable tool for monitoring disease progression and assessing treatment response. Wong et al. [59] compared the
effects of two different Norwood procedure techniques on ventricular shape and function in hypoplastic left heart syndrome
patients. Their study analyzed 93 MRI scans, with 59 patients having a modified Blalock-Taussig (MBT) shunt and 34 having a
right ventricle-to-pulmonary artery (RVPA) conduit. They observed that patients who had undergone RVPA conduit insertion
had focal scarring and volume loading, suggesting the need for continued surveillance post-procedure. Leonardi et al. [63] used
SSM to correlate three-dimensional RV shape with clinical metrics in repaired tetralogy of Fallot (TOF) patients. Their analysis
provided new insights into RV adaptation to chronic pulmonary insufficiency and suggested that RV shape biomarkers could
guide personalized follow-up of these patients.

Multiple studies have focused on patients with previous coarctation of the aorta (CoA) repair. Distinct shape features have
been identified that relate to clinically significant markers such as ejection fraction and LV mass [24,25,27]. Additionally, these
patients have been demonstrated to have more tortuous aortic arches compared with controls, and this has been associated with
cardiovascular events [26]. The aortic arch has also been studied in the context of hypoplastic left heart syndrome palliation
with total cavopulmonary connection [58]. Findings suggested that altered aortic morphology in these patients has important
associations with higher superior cavopulmonary pressure and short-term outcomes after the procedure.

6.4. Research

By relating shape to function and identifying shape features associated with specific pathologies, SSM contributes to our
understanding of mechanisms in CVD. Furthermore, integration of mathematical and statistical models of morphology and
physiology has been pivotal in understanding both the normal and pathological function of the heart [73].

6.4.1. Understanding disease mechanisms

Studies have used SSM to correlate shape features with functional parameters. Sophocleous et al. [58] studied LV shape in
patients with CoA, their analysis of MRI revealed an association between increasing LV sphericity and reduced LV strain
indices, suggesting that variation in shape has functional implications. Farrar ef al. [82] studied eight patients with a previous
Fontan procedure, demonstrating significant relationships between ventricular shape and wall motion abnormalities. Kollar et
al. [61] used MRI-based four-dimensional flow imaging to demonstrate the relationship between RV shape and hemodynamic
forces in patients with repaired TOF. A study by Cates et al. [13] used a combination of MRI and transthoracic echocardiogram
data to compare LAA morphology in patients with and without spontaneous echo contrast (SEC) within the LAA; they
observed SEC to be more prevalent in longer and thinner LA As that curved anteriorly away from the LA body.

Expanding on analyzes of shape and hemodynamics, several studies have combined SSM with computational fluid
dynamics (CFD). Louvelle et al. [62] investigated repaired TOF patients, linking SSM-derived shape parameters to energy
efficiency metrics derived from CFD simulations in 16 paediatric patients. Rather than using personalized CFD modeling,
Khalafvand et al. [83] used SSM to derive five characteristic LV shapes from 150 patients. CFD on these was used to gain insight
into the interplay of LV shape and blood flow dynamics. Similarly, in the study of LV aneurysms, Goubergrits et al. [49] used
CFD to simulate intracardiac flow in seven template geometries derived from the CT data of 125 patients post-MI. Ardakani et
al. [57] investigated CoA, deriving template geometries for repaired CoA, unrepaired CoA, and no CoA. CFD in each template
revealed that small alterations in aortic morphology can have significant impacts on important hemodynamic metrics. Given the
computational cost of CFD, approaches using template geometries may aid in clinical translation, as patients may be classified
to one of these templates rather than requiring patient-specific simulations.
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Template geometries can also aid in the visualization of research measures, producing spatial histograms. For example, [ 14 ]
Higuchi et al. [45] used a template LA geometry to explore the spatial distribution of fibrosis in 160 patients with AF. Comple-
mentary approaches were used by Sharp ef al. [84], Nairn ef al. [85], and Azzolin et al. [86], who derived template LA geometries
to facilitate the comparison of measurements made using different modalities, without variations due to spatial displacement.
Furthermore, in the field of electrophysiology, SSM has been combined with electrophysiological simulations to explore the
impact of segmentation variability on electrocardiographic imaging (ECGI) mapping [87,88].

6.4.2. Device design

SSM has contributed significantly to the field of cardiac device design and development. Medrano-Gracia et al. [89] used
SSM-based analysis of CT data from 211 patients with no history of coronary artery disease to better understand shape
variability at coronary artery bifurcations. Their findings on vessel size, bifurcation angles and inlet curvature angles could
inform more anatomically optimized stent designs. Bruse et al. [90] studied the geometry of extra-cardiac conduit vascular
grafts in patients with Fontan circulation, providing insights that could inform the design and placement of cavopulmonary
assist devices. Asif ef al. [51] analyzed the morphology of post-infarction ventricular septal defects, suggesting that knowledge
of morphological variability could inform both device sizing and design for these challenging cases. Goparaju et al. [16]
investigated LAA morphology in 130 patients with AF, demonstrating the potential of SSM in informing the design of closure
devices through population-level statistics, categorizing LAA morphologies without the subjective error encountered when
performing this manually.

6.4.3. Virtual populations
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Through randomly selecting weights for each shape mode from a normal distribution, statistical shape models have the
ability to generate plausible variations of cardiac anatomy, making them valuable tools for creating virtual patient populations
[3]. Such cohorts can be used for in silico trials; for example, Verstraeten et al. [67] generated synthetic aortic valve stenosis
geometries for in silico TAVI trials, showcasing their potential in device testing and optimization.

This is particularly valuable in the case of rare anatomical variants; for example, Hermida et al. [56] used a model derived
from MRI data of 112 fetuses with suspected CoA to generate a virtual cohort of 1000 openly available synthetic cases. A further
advantage has been highlighted by Nagel et al. [6], who developed and used a bi-atrial SSM to generate 100 virtual bi-atrial
anatomies. Rule-based augmentation was used to add wall thickness, inter-atrial bridges, and fibre orientation, with subsequent
ECG simulations consistent with observational data from large cohort studies. Such an automated approach negates the need
for time-consuming and labour-intensive segmentation and model generation from individual patients” imaging data.

A powerful use case of such virtual populations is in the training of ML models, where they may overcome limitations
of real-world data availability, particularly when combined with other forms of computational modeling. Thamsen et al. [91]
generated a virtual population of 2652 CoA cases with both morphological data and hemodynamic data using CFD. The model
of Rodero et al. [78] has been used by Kim et al. [92] to train a ML model to detect apical foreshortening on two-dimensional
echocardiogram images, and by Zolotarev et al. [93] to train a ML model to predict the impact of different AF ablation strategies.
In the context of AF, Nagel ef al. [41] also used a virtual population derived from their group’s model [6] to train a ML model to
predict the amount of atrial fibrosis from the P wave of a 12-lead ECG.

An important caveat is that synthetic cases sampled from a single statistical shape model are draws from the same generative
fit and therefore are not independent observations in the epidemiological sense. The information content of any synthetic cohort
is bounded by the size, diversity and measurement quality of the real cohort used for SSM; increasing the virtual cohort size can
drive classical p-values arbitrarily low without adding new biological evidence. Accordingly, when used for hypothesis testing,
emphasis should be placed on effect sizes, the virtual sample size should be reported alongside the size of the underlying real
cohort, and the virtual sample size limited to that needed for numerical stability rather than inference. Finally, results obtained
with synthetic populations, whether for in silico trials or ML training, should be validated on held-out real patients.

7. Challenges and future directions
7.1. Clinical uptake

SSMs are often presented through a mean shape and PC modes of variation. If analyzes stop at comparing mean shapes,
granularity is lost and any inferences are necessarily group level. Uptake of SSM into routine clinical care requires more
concrete benefit. In part, this can be provided through improved mechanistic insight into why a particular morphology relates
to physiology or risk. Coupling SSMs with additional tools to provide mechanistic explanations (§6.4.1) is one approach that can
move SSM findings from descriptive to ultimately actionable.

It is also important to recognize that SSM can support patient-specific use, since each individual is represented by a
subject-specific coefficient vector in the learnt shape space that quantifies deviation from the mean across modes. These
embeddings can drive subject-level inference, prediction and decision support when linked to clinical labels or physiological
surrogates with appropriate supervised models. The practical limitation is not that SSMs are inherently non-individualized, but
that low-dimensional truncation or coarse correspondences may discard clinically relevant nuance, and that group associations



can be mistakenly extrapolated to individuals, the ecological fallacy, without proper validation. Prospective evidence that an m
approach changes decisions or improves outcomes is therefore critical to gain the trust of clinicians [94].

Despite these challenges, there are already clinical products deploying SSM-based approaches. Examples include Philips
HeartModel Al, which uses ‘anatomical intelligence’ to automate LV and LA quantification from three-dimensional echocar-
diography [95], and Corify’s DYNAMO framework, which employs a bi-atrial SSM for ECGI [96]. These examples highlight a
practical route that emphasizes tightly scoped, well-validated, model-based tools embedded within clinical platforms, accompa-
nied by transparent performance reporting and ongoing post-deployment monitoring.

7.2. Multi-label and multi-organ models

Most models discussed thus far focus on a single anatomical component of the heart. Yet, the structures that constitute cardiac
anatomy are spatially, functionally and physiologically interconnected, so change in one part can influence the system as a
whole. Multi-label models capture combinations of structures such as the left and right ventricles [53,74,75] or the whole heart
[76-79], and such joint analyzes can reveal clinically relevant remodeling patterns.

A central challenge for these approaches is the treatment of boundaries between structures, that is, the shared surfaces.
In practice, models either treat each component separately and then apply a global alignment to enforce continuity at the
boundaries, or they optimize correspondences jointly across all structures with constraints imposed on the surfaces that two
structures have in common. Iyer et al. [97] introduced an explicit, consistently parametrized shared boundary surface within
PDMs that adjusts the particle-based optimization, so particles interact with the interface without penetrating or separating
from it. This yields anatomically consistent modes with no gaps, overlaps, or misalignment noise and is especially valuable
when estimating biomarkers that are centred on the shared boundary. Applied to a biventricular dataset, the authors demon-
strate septal-specific variation in conditions that raise RV pressure.
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Further extending the multi-label concept, multi-organ models extend beyond the heart to consider the joint impact of CVD
on related structures, for example, the great vessels. Progress in this direction reflects the field’s broader ambition to represent
interacting organs within a single statistical framework. For techniques and applications spanning multiple organs, the reader is
directed to Cerrolaza et al. [98].

7.3. Deep-learning-based statistical shape modeling

A particular challenge in producing such multi-organ models is the existence of nonlinear variability in geometry within a
population [98]. Consequently, deviation from the underlying assumption of Gaussian statistics limits the power of PCA to
capture this variability [99].

In response to this challenge, deep-learning-based SSM approaches have emerged, such as DeepSSM, VIB-DeepSSM [100]
and Mesh2SSM [4]. Deep learning methods create a condensed representation of complex input data in a lower-dimensional
space, known as the latent space. This space aims to capture the essential features of the data efficiently, with each dimension
in the latent space ideally representing a distinct aspect of how the data varies between subjects. The nonlinear nature of
deep learning models offers a key benefit, allowing them to capture more sophisticated and compact relationships between the
original high-dimensional data and its representation in the lower-dimensional latent space [101].

7.4. Spatio-temporal statistical shape modeling

Cardiac geometry is not static but undergoes dynamic changes through the cardiac cycle and over the course of disease
progression; traditional SSM is limited in its ability to capture this variability. Spatio-temporal SSM integrates longitudinal
shape measurement, allowing for the quantification and evaluation of temporal evolution in anatomical structures [5].

In the realm of dynamic motion analysis, Adams et al. [102] used a PSM-based optimization process on four-dimensional
LA data of patients with AF. Although establishing both inter-subject and intra-subject correspondences, they were able to
differentiate between cohort and temporal effects, respectively, and represent dynamic LA geometric changes. Similarly, a
model by Beetz et al. [103] was developed to capture the mechanical deformation of complete three-dimensional ventricular
geometry throughout the cardiac cycle. By analysing subject-specific motion patterns separately from morphology, these models
can help identify abnormalities related to both dynamics and shape, providing invaluable insights into the impact of disease on
mechanical function [104].

In tracking disease progression, spatio-temporal SSM allows for computation of shape trajectories representing average
disease progression in a cohort; for example, Sophocleous et al. [105] studied the progression of aortic morphology in bicuspid
aortic valve patients through serial MRI. Such an approach enables personalized treatment strategies that can adapt to a
patient’s evolving condition, identifying early signs of disease and monitoring the efficacy of interventions.

8. Conclusion

By providing quantitative insights into cardiac shape and its relationship to function and pathology, SSM stands as a powerful
tool in the ongoing effort to improve cardiovascular care. As SSM techniques continue to evolve and integrate with other
advanced computational methods, their role in cardiovascular medicine is likely to grow. Future developments will lead to



more comprehensive, accurate and clinically relevant models, further enhancing our understanding of cardiac anatomy and
function in both health and disease. Thus, SSM is poised to play an increasingly important role in advancing personalized
medicine, optimizing treatment strategies and ultimately improving patient outcomes in CVD.
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