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Abstract

Abnormal myocardial function is associated with ad-
verse cardiovascular outcomes, including myocardial in-
farction (MI), but clinical strain measures often reduce
complex regional dynamics to just a few metrics. Tagged
Magnetic Resonance Imaging (MRI) encodes a spatial
reference pattern within the myocardium, enabling di-
rect tracking of tissue deformation and modelling of my-
ocardial material motion, beyond the anatomical shape
changes observable in cine MRI. In this work, we pro-
pose a principal component analysis (PCA)-based statisti-
cal shape and motion model (SSMM) to capture this high-
dimensional spatiotemporal variation in myocardial ge-
ometry and deformation over the cardiac cycle from tagged
MRI-derived motion fields. Using 759 UK Biobank sub-
Jjects with paired tagged and cine MRI, we fit the SSMM
and demonstrate its ability to predict MI with an area un-
der the receiver operating characteristic curve (AUC) of
0.706. We assess model interpretability through qualitative
analysis of the modes of variation, revealing deformation
patterns unique to tagged MRI that distinguish MI from
non-MI subjects. By modelling spatiotemporal myocar-
dial variation, the proposed SSMM provides a data-driven
framework for characterising myocardial functional dy-
namics and their association with disease, with potential
to improve disease phenotyping and detection.

1. Introduction

Myocardial function is strongly associated with cardio-
vascular disease (CVD), with myocardial strain predic-
tive of adverse outcomes. Despite growing evidence that
regional and temporal deformation patterns provide ad-
ditional clinical insight, including in myocardial infarc-
tion (MI) [1], standard strain measures are typically sum-
marised as peak values along principal directions (circum-
ferential, radial, and longitudinal), providing a constrained
view of myocardial deformation.

Tagged magnetic resonance imaging (MRI) enables di-

rect characterisation of myocardial deformation by encod-
ing tissue tag lines that deform with the myocardium, pro-
viding observation of material motion, unlike more preva-
lent clinical modalities such as cine MRI, which provide
more limited measures of deformation. However, recent
studies using tagged MRI [2] continue to rely on strain,
while data-driven approaches focus on strain estimation
and motion tracking [3], rather than modelling full spa-
tiotemporal deformation.

A separate line of work has focused on statistical shape
modelling and geometric deep learning of dynamic biven-
tricular anatomy from cine MRI [4]. While effective for
modelling anatomical variation, motion is represented us-
ing endocardial and epicardial surfaces, with no ability to
capture myocardial material deformation.

Overall, despite the rich spatiotemporal information
available in tagged MRI, few data-driven approaches
model myocardial deformation beyond strain, while cine-
based models provide limited access to material motion.

In this work, we characterise regional myocardial de-
formation throughout the cardiac cycle using tagged MRI.
We estimate dense myocardial motion via optical flow,
validated against manual tag annotations (average error
1.33£0.99 pixels), and propose a statistical shape and mo-
tion model based on principal component analysis (PCA)
to capture spatiotemporal variation in myocardial geome-
try and deformation. We show that SSMM-derived fea-
tures predict myocardial infarction in 759 UK Biobank
subjects (area under the receiver operating curve (AUC) =
0.706), with performance comparable to ejection fraction
and cine-derived features, and demonstrate interpretabil-
ity through latent space analysis. Code and animated
figures are available at https://github.com/MultiMeDIA-
Oxford/SSMM _myocardial_deformation.

2. Methods

2.1. Dataset

The dataset consists of 759 UK Biobank subjects with
paired cine and tagged MRI [5]. Subjects were stratified
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into healthy (464), incident myocardial infarction (iMI,
124, subjects who develop MI after imaging), and preva-
lent myocardial infarction (pMI, 171, subjects with prior
diagnosis at imaging time) groups. Cine MRI was pro-
cessed using [6] to obtain 3D point clouds of the biventric-
ular anatomy. Tagged MRI acquisitions comprised three
short-axis slices with 15-30 temporal frames.

2.2. Mpyocardial Point Cloud Construction

For each subject, myocardial material points were ini-
tialised at end-diastole (ED) by fitting a template mesh
to point cloud-derived anatomical contours aligned with
the tagged MRI slices, enabling consistent point corre-
spondence in the mesh. In-plane motion was estimated
from tagged MRI using optical flow (Farnebick algorithm,
Gaussian filtering [7]) to obtain frame-to-frame displace-
ment fields; material points were propagated through time
via advection to track myocardial motion. Finally, tracked
points were mapped into the normalised cine point cloud
space and aggregated across slices to form myocardial
point clouds over the cardiac cycle (Figure 1).

2.3. Statistical Shape and Motion Model

The proposed statistical shape and motion model
(SSMM) consists of two components: a shape model that
encodes myocardial geometry at each time point, and a
motion model that captures the temporal dynamics of this
geometry. Model pipeline is illustrated in Figure 2.

Shape Model. We denote each myocardial point cloud
attime ¢t by O = {p%,...,p&;} C R3. We represent the
point cloud of the nth subject by stacking point coordinates
into a feature vector q!, € R*™ . Pooling feature vectors
across subjects and time, we apply PCA to obtain a low-
dimensional representation of myocardial geometry. Each
point cloud is projected onto the leading components as

Zéeom,n = UT(qu - (_I)a

where U contains the leading eigenvectors and q is the
mean feature vector. ]

Motion Model. Let zg(;é?)mﬁn (t) denote the value of latent
variable j for subject n at time ¢. The temporal evolution
of this latent variable over the cardiac cycle defines a tra-
jectory,

(9)
Zgeom,n
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To account for variable temporal sampling across subjects,
trajectories are resampled using piecewise cubic Hermite
interpolation (PCHIP), yielding Z&hm.n € RY.

A second PCA is then applied across subjects to the re-
sampled trajectories for each component. Specifically, the

temporal latent representation is obtained as

2o = VT (8o = 20 )
where V) contains the leading temporal eigenvectors and

de)om is the mean trajectory.

2.4. MI Prediction/Detection Model

We evaluated the clinical relevance of the extracted fea-
tures using ridge regression to predict iMI/pMI from latent
encodings. We benchmarked against (i) ejection fraction
(EF), and (ii) PCA features from ED and end-systolic (ES)
cine anatomies.

3. Results

The shape model was fit on 412 healthy subjects using
30 principal components explaining 98% of shape vari-
ance, while the motion model used 5 principal components
per shape mode.

3.1. Tag Tracking Validation

We manually tracked myocardial tags in 6 subjects
across all slices and cardiac phases. For each tag, the
nearest ED point was identified and propagated using opti-
cal flow. Performance was assessed by the Euclidean dis-
tance between propagated and manually tracked trajecto-
ries, yielding a mean error of 1.33 +0.99 pixels, below the
average tag size of 3 pixels. Error varied with slice loca-
tion, with lower error in the basal slice (1.18) compared to
the apical slice (1.46).

3.2. MI Prediction/Detection

We report prediction results for iMI and pMI in Table 1.

Table 1. Performance of regression models. Popula-
tion (Pop.) indicates the target (iMI or pMI). Features
(Feats.) denote the input representation: proposed method
(Ours), PCA features, or EF. Metrics include accuracy
(Acc.), AUC, Fl-score (F1), precision (Prec.), and sensi-
tivity (Sens.).

Pop. Feats. Acc. AUC F1 Prec.  Sens.

Ours 0.787 0.706 0.331 0.402 0.287
iMI  PCA 0805 0.663 0.152 0.595 0.094
EF 0.805 0.616 0.029 0.267 0.016

Ours 0.778 0.766 0.542 0.556 0.529
pMI PCA  0.794 0.768 0.451 0.700 0.341
EF 0.773 0.706 0.320 0.644 0.216

For iMI, the proposed method achieves the highest AUC
and F1-score, indicating improved detection performance
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Figure 2. Overview of the SSMM. (1) Shape model: Encodes myocardial point clouds to shape features; (2) Temporal
features: PCA on resampled trajectories captures key temporal patterns.

compared to baseline approaches, which favour precision
at the expense of sensitivity.

For pMI, the proposed method achieves the highest F1-
score and sensitivity, while maintaining comparable AUC
to PCA, suggesting improved identification of positive
cases. Notably, both PCA and EF exhibit lower sensitivity,
indicating reduced effectiveness for detection.

3.3. Latent Space Traversal

We provide example latent space traversals of two shape
features and associated motion features, illustrating inter-
pretable variations in shape and motion (Figure 3). Motion
features shown were significant at the 1% level in a logistic
regression predicting iMI/pMI.

4. Discussion

We present a statistical shape and motion model for
characterising myocardial deformation from tagged MRI.
To our knowledge, this is the first data-driven approach to
model three-dimensional myocardial deformation over the

cardiac cycle using dense motion information. The learned
representation captures both boundary-derived structure
and intra-myocardial deformation not accessible from cine
MRI. Figure 3 provides a concrete example of this: Mode
8 reveals behaviour not observable in cine imaging, where
the region marked (1) exhibits predominantly tangential
displacement, reflecting material deformation rather than
simple boundary motion.

Importantly, the associated motion modes (2, 4) indicate
that these patterns reflect meaningful temporal variation
rather than artifacts of mesh initialisation, with Mode 8
capturing genuine differences in myocardial deformation.

Mode 28 highlights the model’s ability to capture
spatially heterogeneous deformation and coordinated be-
haviour across slices. In the highlighted region (2), defor-
mation differs between slices, with the apical myocardium
moving inward while the basal myocardium moves out-
ward relative to the centre at the same phase of the car-
diac cycle. This shows that the model captures structured
regional variation in deformation, as well as relationships
between slices.

Beyond prediction, the model learns a compact latent
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Figure 3. Latent space traversal illustrating the effect of varying individual geometric and temporal components.

representation of myocardial motion that enables genera-
tion of physiologically plausible deformation, supporting
applications in simulation and personalised modelling.

Although our proposed features improved sensitivity in
iMI detection, it remains low. Our analysis used only three
slices; if the future infarction lies outside their coverage,
any signal may be too weak to detect. This could be im-
proved with a more comprehensive acquisition.

S. Conclusion

This study introduces a PCA-based statistical shape and
motion model to quantify biventricular myocardial func-
tion throughout the cardiac cycle. The proposed features
achieve competitive performance for myocardial infarc-
tion prediction and provide an interpretable representa-
tion of myocardial deformation. Key latent features cap-
ture clinically relevant patterns, including localised, non-
uniform thickening and distinct temporal behaviour be-
tween iMI and pMI, highlighting the value of modelling
dense spatiotemporal myocardial function beyond conven-
tional summary metrics.
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