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Synopsis

We propose a parametric low-rank representation of major characteristics of cardiomyocyte orientation in a shape-adapted
coordinate system from 3D high-resolution ex-vivo cDTI data by exploiting structural similarity across hearts. We compare two
dimensionality reduction methods, namely Proper Orthogonal Decomposition and Proper Generalized Decomposition. These low-
order descriptions can be fit to sparse, noisy or low-resolution target data. Transferring high-resolution microstructural information
with this parametric representation shows potential for in-vivo denoising and 3D extrapolation.

Introduction

In-vivo cardiac diffusion tensor imaging (cDTI) suffers from low signal-to-noise ratio, low spatial resolution and limited cardiac coverage. To
this end, 3D extrapolation and denoising? of in-vivo microstructural information have been proposed. The alignment of cardiomyocytes
typically follows a double helical structure, suggesting the possibility of compressing the microstructural information. We propose a parametric
low-rank representation in a shape-adapted coordinate system, extracting the predominant characteristics of aggregated myocyte (fiber)
orientation and exploiting the structural similarity across hearts based on 3D high-resolution ex-vivo cDTI data. This parametrization serves as
high-resolution prior for extrapolation of sparse and low-resolution data.

Methods

Stejskal-Tanner diffusion tensor imaging with 3D multi-shot echo planar imaging readout was performed on six Formalin fixated porcine hearts
on a 1.5T clinical imaging system. Fixation was performed by retrograde perfusion after suspending the heart and filling the chambers with
fixative fluids to keep the in-vivo shape. The imaging parameters were as follows: spatial resolution 0.75x0.75x0.75mm? reconstructed to
0.5x0.5x0.5mm3, TR/TE 1000/84ms, 25 profiles per shot, 2 averages, diffusion directions: 8 at b=150s/mm? and 24 at b=1000s/mm?
distributed on two spheres. The data was down-sampled for an extrapolation experiment to a resolution of 2.5x2.5x8mm?3 by cropping and
zero-filling k-space.

Key to the parametrization of cardiac microstructure are shape-adapted physiological coordinates defined on the segmented left ventricular
myocardium ensuring that same positions with respect to the anatomy are assigned the same coordinates across hearts. A linear diffusion
problem with appropriate Dirichlet Boundary conditions®# at distinct anatomical references is solved for transmural (¢),

circumferential (¢) and longitudinal () directions. The resulting fields are normalized for path line length along each direction yielding uniform
coordinate distributions (Figure 1a). The diffusion tensor’s first eigenvector is represented in the local coordinate system at each voxel.

Two order reduction methods are compared, an adapted Proper Generalized Decomposition (PGD)? combined with a Singular Value
Decomposition (SVD) and Proper Orthogonal Decomposition (POD)° using five hearts for mode estimation and one heart for testing (Figure
1b).

PGD modes are computed for each heart separately, allowing for a reduced order representation without prior assumptions®. A PGD mode
consists of three one-dimensional functions along each coordinate direction

#PGD modes
data,e,Dx Y Fu®) - Gu(o) - HaD.

m=1

Each term of the PGD mode is discretized by n piecewise linear shape functions ¢y, k =1,...,z; F, = 55 . a_p)m . The number of degrees
of freedom z, is set to 14, 24 and 10 for transmural (F, (1)), circumferential (G,,(c)) and longitudinal functions (H,,([)) according to data size
along each direction. They are fitted iteratively minimizing the L, -distance to the data®. The similarity across hearts is exploited to parametrize
the PGD modes by means of the SVD, extracting the variation of the degrees of freedom of the one-dimensional functions over the mean of all
datasets. The resulting SVD modes fm,nfm, Emng, > hm,nh,,, represent the main feature variations between hearts along one coordinate. The

resulting parametrization

#PGD modes #SVD modes #SVD modes
data(t, c, l) ~ Z f;n,mean(t) + Z WF,“J’l[ 'f;n,n, (t) : gm,mean(c) + Z WGm,ng : gm,ng (C)
m=1 np=1 ng=1

#SVD modes
hm,mean(l) + Z WH,,.n, * hm,nh (l)

n,=1

consists of a set of PGD modes parameterized by SVD modes, respectively. An example first PGD mode with one SVD mode is shown in
Figure 2. To fit the modes to a target data set, the PGD is applied, and the set of weights Wr,, n, WG,,.n, WH,,.n,- COrresponding to the SVD
modes are fitted.

The PGD based parametrization is compared to a POD along the transmural directions of all hearts after projection to a common grid of size
[t=20, c=200, I=120]. The resulting parametrization
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#POD modes
gridded data(t;, ¢, l) & . (W L (12 k) )]

m=1

provides a set of two-dimensional POD modes (Figure 1.b): L,, (cj, lk). For the interpolation of sparsely distributed data points, “gappy”
POD has been used to fit the weights.

Results

Figure 2 depicts the first mode extracted with both methods. Figure 3 shows the median of the angular difference between the measured and
estimated fiber direction and helix angle® for all hearts in the database and one additional test data set as function of the number of modes.
The median of the angular difference, using the optimal number of modes is PGD: 9.1°+1.1/ POD: 11.1°+0.9 averaged across the database
(meanzstd) and PGD: 15.8°/ POD: 17.0° for the test data with the same mode configuration. Figure 4 compares the helix angle distribution
from DTI with the reconstructions from PGD and POD. The POD approach shows over-smoothing at the endocardium. Figure 5 shows the
angular differences reconstructing the datasets with reduced coverage (9-11/5-6 slices) and lower resolution 2.5x2.5x8mm?. For the datasets
used to derive the PGD/POD modes, the fiber angle difference is below 14.5° for both parametrizations and the helix angle difference is below
10.5° and 14.2° for the PDG and POD, respectively, for all down-sampling schemes investigated. For the extrapolation of the test dataset the
PGD approach performs better compared to POD.

Discussion and Conclusion

We have shown that myocardial fiber orientation can be represented by a low-rank parametrization in shape-adapted coordinates. The spatial
error distribution is heterogeneous and errors are predominantly localized at the endocardial and epicardial surfaces and in the apical region,
which are particularly prone to partial-voluming and segmentation errors. The angle differences found in this study are below previously
reported precision of in-vivo measurements (15.5° in systole and 31.9° in diastole)® and shows the potential for low-rank microstructural
parametrization in conjunction with a shape adapted coordinate system for data-denoising and interpolation or upsampling of sparse and low-
resolution data.
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Figure 1: Workflow: a) Definition of a shape-adapted coordinate system on the segmented left ventricle b) extraction of high-resolution
parametric low-rank representation using PGD and POD and c) personalization of the aggregated myocyte model adapting parameters of a
target dataset.
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Figure 2: PGD mode 1 using 1 SVD mode (a) and POD mode 1 (b). The rows represent the projections of the diffusion tensor’s first
eigenvector on the local coordinate system. The first PGD mode is the product of three 1D functions F(t), G(c) and H(l) represented by colored
curves with the population mean as black curve in the upper plot for each projection. The first SVD mode used to parametrize F(t), G(c) and
H(l) together with an exemplary weight for one heart is shown in the subplot below. Columns 4-5 show a 2D PGD mode reconstruction and
the first 2D POD mode.
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Figure 3: Median across the myocardium of the angular difference between measured and parametric fiber orientation using PGD&SVD (a)
and POD (b) depending on the number of modes. The first and second rows show the fiber angle and helix angle differences, respectively. The
left plots show the reconstruction error as function of number of PGD and SVD modes for one heart. The mid column shows the angles
difference fixing the number of SVD or PGD modes for all hearts. The test dataset is represented by a dashed line. The corresponding
variation over the number of POD modes is shown on the right.

Figure 4: Helix angle distribution over the myocardium for one heart from the database (a) and one additional heart (test case) (b). The left
column of each subplot shows the original DTI data. Columns 2-3 show the parametric representation using PGD (#PGD modes=>5; #SVD
mode=3) and the resulting difference angle to the DTl data. Columns 4-5 show reconstruction and difference angle resulting with the POD
(#POD modes=5) based parametrization.

Figure 5: Median of fiber and helix angles difference when fitting the parametric representation to target data of varying resolution and slice
coverage using PGD (a) and POD (b) and reconstructing the high-resolution cardiomyocyte orientation of the whole left ventricle with the
optimal number of modes. The dark grey bars represent the average over hearts in the database, the error bar denotes min and max
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deviations. The light grey bar indicate the median of the angular difference in the test dataset using the same number of modes.
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