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ABSTRACT

Personalization of biophysical models to real data is essential to achieve realistic simulations or
generate relevant synthetic populations. However, some of these models involve randomness, which
poses two challenges: they do not allow the standard personalization to each individual’s data and
they lack an analytical formulation required for optimization.

In previous work, we introduced a population-based personalization strategy which overcomes these
challenges and demonstrated its feasibility on simple 2D geometrical models of myocardial infarct.
The method consists in matching the distributions of the synthetic and real populations, quantified
through the Kullback-Leibler (KL) divergence. Personalization is achieved with a gradient-free
algorithm (CMA-ES), which generates sets of candidate solutions represented by their covariance
matrix, whose coefficients evolve until the synthetic and real data are matched. However, the
robustness of this strategy regarding settings and more complex data was not challenged.

In this work, we specifically address these points, with (i) an improved design, (ii) a thorough evalu-
ation on crucial aspects of the personalization process, including hyperparameters and initialization,
and (iii) the application to 3D data. Despite some limits of the simple geometrical models used, our
method is able to capture the main characteristics of the real data, as demonstrated both on 2D and
3D segmented late Gadolinium images of 123 subjects with acute myocardial infarction.

Keywords: Model personalization; image synthesis; myocardial infarction; cardiac magnetic
resonance; gradient-free optimization.

1. Introduction

Biophysical simulations are an invaluable support to medical image analysis. Apart from better understanding of physiological
processes, they are a source of knowledge for data-driven approaches such as machine learning [1]]. Such prior physiological
knowledge can be either integrated into the learning process or used through physiologically-based synthetic data for training or
validation of learning algorithms. The latter approach is particularly interesting as many variants of a simulation can be generated
by modifying a small set of parameters in a relevant range. However, simulations remain simplified models of the reality, and a
substantial gap may therefore exist between synthetic and real data. The process of personalizing a biophysical model explicitly
targets this: it consists in finding the optimal parameters of this model such that it gets as close as possible to the real data [2].
While personalization to a given subject’s data is the standard approach but for deterministic models, we specifically target in this
paper personalization to a population of subjects, which is suited for models including randomness.

1.1. Personalization of biophysical models

As biophysical models can be complex and computationally demanding, a personalization strategy based on grid search or
heuristic approaches should be avoided for efficiency and robustness reasons. However, personalization can be automated by means
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of more adapted optimization methods. Among these, gradient-free approaches are particularly interesting when an analytical
formulation of the models is complex or almost impossible, as they do not require specific knowledge on the internal behavior of
the model. In particular, the Covariance Matrix Adaptation — Evolution Strategy (CMA-ES) [3]] stands as state-of-the-art on many
non-linear non-convex optimization problems, as demonstrated for the personalization of complex biophysical models of the heart
to individuals’ data [4].

Nonetheless, individual personalization to each subject’s data is not always feasible, in particular for models that include
randomness (e.g., for the generation of vascular [3] or electrical [6] networks, or as in our application, the generation of infarct
patterns within the myocardium). In those cases, population-wise personalization should be preferred. It consists of an optimization
process that adapts the distribution of a synthetic population generated by the model to the real population. The KL divergence can
be a relevant choice for quantifying differences between these distributions, provided the data complexity is correctly taken into
account. In previous work, we have shown a proof-of-concept of this population-wise approach for the personalization of simple
geometrical models of myocardial infarction in 2D [7]. However, several crucial challenges remain regarding the robustness of
the personalization procedure, its ability to consider subtle physiological characteristics of the infarcts and its generalization to 3D
data. The first objective of the proposed paper is to explicitly address these issues.

1.2. Geometrical models of myocardial infarction

Myocardial infarct is mostly assessed by late Gadolinium enhancement in magnetic resonance imaging [8]], which provides a
stack of 2D images covering the left ventricle from base to apex (with between-slice resolution around 5 to 8 mm and intra-slice
resolution around 1 to 2 mm). Infarcts have complex 3D shapes, which vary depending on the occluded coronary artery [9]. Across
the course of occlusion, infarcts propagate from the inner surface of the ventricle (endocardium) and progressively extend towards
the outer surface (epicardium), following a complex wavefront propagation [10].

In contrast, the few geometrical models proposed to represent infarct zones are rather simple compared to those for infarct
biomechanics [11]. Several works generating synthetic databases for regional quantification of the myocardial function considered
a set of segments from the American Heart Association definition [[12], whose properties are altered to mimic the diseased tissue
[13]. Partial transmural extent of the infarct was better considered with ellipses centered on the endocardium [14]. A step further
in generating complex infarct shapes was achieved through the union of random spheres, the first one starting at the endocardium
[15]. Much more complex models considering infarct progression from the coronary artery occlusion were also proposed [[16]].

However, all these models have been set heuristically and are therefore hardly representative of a given population. A proper
personalization of such models would not only reduce the domain gap between the synthetic and real data, but would also allow
stating on the relevance of such geometrical models and if further refinements are needed. As some of these models include
randomness, they cannot be personalized to the data of a given individual, and a population-wise approach is therefore needed. The
second objective of the proposed paper is to thoroughly evaluate the population-wise personalization strategy for such models of
myocardial infarct.

1.3. Deep learning-based medical image synthesis

State-of-the-art methods for medical image synthesis from a given data distribution mostly consist of GANs (generative adver-
sarial networks) and diffusion models. For example, different GAN architectures were compared on 2D cardiac MRI images (on
the public ACDC dataset) in [17], the highest performance was achieved by the StyleGAN method [18]. The work in [19] proposed
Medfusion, a conditional latent denoising diffusion probabilistic model (DDPM), which outperformed StyleGAN for medical non-
cardiac datasets. Still on the ACDC dataset, the work in [20] showed that a transformer-based DDPM performed better than 2D
GANSs. On 3D data, first attempts on brain MRIs [21]] showed comparable performance between DDPMs and 3D GANSs. A review
of other previously popular deep learning architectures for medical image synthesis can be found in [22].

Despite these achievements, these algorithms are still extremely long to train. Besides, our underlying interest is in biophysical
models, which provide physiologically-relevant simulations of a given subpart of the body, for example, for better understanding
pathophysiological processes and eventually performing in-vitro digital experiments. These models can also be used into an image
synthesis pipeline, with the asset of adding physiological knowledge to the simulations. Recent state-of-the-art examples in cardiac
imaging are on the echocardiographic sequences [23]] and MR images [24] generation. Our work demonstrates that such models can
be personalized to a whole population (here, we chose simple geometrical models to better focus on the personalization process),
therefore opening the way to the use of more complex simulations for the generation of synthetic but physiologically-realistic
simulations.

1.4. Contributions

In this paper, we detail a population-wise personalization method which is particularly relevant for the generation of realistic
synthetic medical images with models involving randomness. We focus on geometrical models of myocardial infarct which are
simple enough to lay stress on the evaluation of the personalization procedure in 2D and 3D.

We presented a proof-of-concept of this approach at the FIMH conference in 2021 [7]]. It was limited to 2D infarcts with no
evaluation of the method robustness against the personalization design, hyperparameters and initialization and coded in Matlab.
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Fig. 1. Representative real magnetic resonance image (2D slice from a 3D stack) and corresponding infarct segmentation (before and after spatial alignment
to a common reference geometry) used in this work.
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Fig. 2. Left (two columns): anatomical coordinates used to parameterize the myocardium in 2D, with the left/right ventricular junction indicated by the
red dot. Right (two columns): 2D examples of the geometrical models tested in this paper.

The present paper significantly extends this work by explicitly considering these aspects and targeting both 2D and 3D data, with a
publicly available and updated implementation in Python.

2. Material and methods

The following sections summarize the data and preprocessing steps (Sec. [2.1), the way our geometrical models of myocardial
infarct are constructed (Sec. [2.2)), the core of the population-wise personalization strategy we propose (Sec. 2.3), and our evaluation
procedure (Sec. 2.4).

2.1. Data and preprocessing

The real data consisted of segmentations of acute infarcts from the Minimalist Inmediate Mechanical Intervention study (MIMI
/ Clinical Trials ID: NCT01360242) [25]]. This study comprised segmented late Gadolinium enhancement images from 123 patients.
The myocardial borders (endocardium and epicardium) and the infarct were segmented in each slice by experts using commercial
software (CVI42 v.5.1.0 Circle Cardiovascular Imaging, Calgary, CA), as illustrated in Figure [Th. The data from each individual
were spatially aligned to a common reference geometry (a semi-ellipsoid with maximal endocardial and epicardial radii of 30
and 50 pixels, respectively), as described in [9] and illustrated in Figure [Ip and c. This alignment included a rotation along the
circumference such that all infarcts match with the territory of the left anterior descending artery (LAD), therefore providing a larger
dataset at a similar location. Of note, this process may be arguable as infarct patterns slightly differ depending on the occluded
coronary artery. We refer the reader to [25] for more details on these data and to [9]] for its detailed statistical analysis.

After spatial alignment, the images consisted of 3D stacks of 11 slices of 80 x 80 pixels each. We focused on two subsets of
images: (i) the 2D slices at mid-cavity exhibiting a myocardial infarct (118 images), (ii) the 3D stacks for which the left ventricle
was fully covered and segmented (77 images).

2.2. Models of infarct

We investigated two simple geometrical models of acute myocardial infarction (Figure [2) which allow generating synthetic
lesions of varying size, location along the circumference, transmurality and shape:

1. Elliptical: arandom ellipsoid centered on the endocardium and with one axis tangent to the endocardium. The infarct consists
of the intersection between this ellipsoid and the myocardium. In [7]], this model was controlled by the length of the ellipsoid
axes (4 parameters for 2D data: for each axis, the distribution center and its extension). Here, we improve the model by using
means and standard deviations to have better correspondence with the individual fitting of ellipses (4 and 6 parameters for
2D and 3D data, respectively).
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2. Iterative spherical: the union of a random number of spheres of random size, the first one being centered on the endocardium.
Here too, the infarct consists of the intersection between this region and the myocardium. This model is controlled by the
number of spheres and the maximum possible sphere radius (2 parameters for 2D and 3D data).

In both cases, the circumferential coordinates of the starting point (center of the ellipsoid or of the first sphere) were set in the
neighborhood of the weighted average circumferential angle of all infarcts from the real population.

2.3. Population-wise personalization method
2.3.1. Individual vs. population-based personalization

Let’s denote {X,}pe(1,p] and {y,}4er1,01 the sets of P synthetic and Q real infarct images, represented by the distributions # and Q
respectively.

Individual personalization (under the condition that P = Q) means finding the optimal parameters 6, € R™ such that x, =
Ja(6y) = yq, Yq € [1, O], where my is the number of parameters of a given (deterministic) model f;. For example, my = 4 for the
2D elliptical model, and parameters stand for the means and standard deviations of the distribution of the elliptical axes.

In contrast, population-based personalization consists in finding the optimal parameters & € R” which lead to comparable
synthetic and real distributions # and Q, quantified by the loss L, where f; is the (random) model generating the synthetic samples
{x, = fr(0)}pe1,p) and m,. is the number of parameters of the random model. In other words, this amounts at solving:

~

6 = argmin L(1xp = £:O}perrp1: Ygheerr.on) - )
GeRmr

2.3.2. Personalization with CMA-ES

We implemented the personalization with the Covariance Matrix Adaptation — Evolution Strategy (CMA-ES) [3]. This algo-
rithm consists in iteratively adapting a covariance matrix representing candidate samples of the parameters to optimize (in our case,
each sample of parameters serves to generate a given synthetic population). At each iteration (referred to as generation), CMA-ES
randomly samples Ny, parameter sets from a multi-normal distribution in the space of possible parameters and retains the Npeg
parameter sets with the lowest loss values (see definition of the loss in Sec. @]) Then, the covariance matrix is updated with
these samples until convergence. The personalization stops when one of three following criteria is met: the loss is below a given
threshold €, or M iterations have been performed, or the condition number of the covariance matrix exceeds 1014,

2.3.3. Loss function

The KL divergence is relevant to compare the distributions # and Q, approximated from the known samples {X,},¢(1,p) and
{¥4}qer1,01 using a Gaussian kernel density estimation of bandwidth 0. We used two variants of the loss, corresponding to the way
we consider samples in the kernel density estimation:

1. Directly comparing samples using the L2-norm on images of the infarct segmentations, leading to the loss K L,
2. Comparing samples based on two values encoding infarct-related attributes estimated from the infarct segmentations: infarct
size and transmurality, leading to the loss K Ly,

2.4. Evaluation of the personalization approach

The optimization was monitored across iterations using:

1. The decrease of the loss function,

2. The evolution of the covariance eigenvalues, which may increase until the optimum is within the search range encoded by
the covariance and then decrease until a stable search range,

3. The evolution of the optimized parameters.

Gradient-free methods such as CMA-ES may be sensitive to initialization; we evaluated the stability of the final parameters
estimated by the personalization with respect to the CMA-ES initialization (Sec.[3.2.1] [3.2.2]and 3.3 and its parameters (Sec.[3.2.3).
Also, as the elliptical model is deterministic, we compared the population-based personalization of this model against the values
found by personalizing it to each real sample (Sec. [3.2.).

Finally, for interpretation purposes, we encoded the synthetic and real populations into a low-dimensional latent space (one
for each population) and reconstructed high-dimensional infarct images corresponding to {—2,—1,0, +1, +2} standard deviations
along each of the first three dimensions. For the low-dimensional encoding, we used a standard manifold learning algorithm for
which the Euclidean distance in the latent space has a statistical meaning (Isomap [26]). It performs the eigendecomposition of
an affinity matrix encoding the shortest path between pairs of samples, therefore leading to a low-dimensional latent space where
the Euclidean distance approximates the geodesic distance between high-dimensional samples. This algorithm remains simple and
offers relevant statistical meaning to navigate across the latent space, which would not be fully guaranteed with other non-linear
methods (e.g., t-SNE, UMAP, PACMAP, variational autoencoders), and does not suffer the limitations of linear methods (e.g., PCA)
to analyze such data. As decoding (namely, reconstructing high-dimensional samples from the low-dimensional latent space) is not
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intrinsically part of the Isomap method, we reconstructed high-dimensional samples with a multiscale version of the kernel ridge
regression [27]], which is robust to the non-uniform density of samples in the latent space, with equally weighted regularization and
data terms. Note that this regression may provide intermediate values between the healthy and infarcted regions of the myocardium
(dark blue and yellow in 2D images), which we kept on purpose as thresholding would degrade the lesion patterns and lead to
misinterpretations. We only thresholded the values above/below the healthy/infarct limits.

3. Results

The following experiments evaluate the performance and robustness of our personalization on 2D (Sec. [3.2) and 3D (Sec. [3.3)
data, for the iterative (2D and 3D) and elliptical (2D, serving for benchmarking, being deterministic) models.

3.1. Personalization hyperparameters

In the following experiments, we set the sampling size to Ny, = 15 samples generated at each iteration of the personalization
algorithm (except Sec. @] where we explicitly evaluate its influence) and Npesr = 3 best samples were retained to update the
covariance matrix (initialized by the identity matrix).

The other CMA-ES parameters consisted of the maximum number of iterations and the functional threshold, which were set to
M = 34 (leading to Ny, X M = 510 samplings and loss evaluations) and € = 0.004, respectively. Finally, the bandwidth o used for
the kernel density estimation in the KL divergence was set to the average distance between each sample and its 9 nearest neighbors.

3.2. 2D personalization

3.2.1. Elliptical model
Individual personalization. For benchmarking, we first personalized this deterministic model to the data of each individual. This
means estimating the ellipse whose intersection with the myocardium best matches each subject’s infarct pattern. The candidate
ellipses were fit by selecting their center (in the endocardial neighborhood, 20 candidate circumferential coordinates around the
weighted average circumferential angle of all infarcts) and their axes (grid search, 160 candidate values in the interval [0.5, 80]
pixels). Similarity between the synthetic and real infarcts was quantified by the Dice coefficient.

The individual personalization to one image took around 200 seconds and around 6 hours for all 118 imagesﬂ After this process,
the estimated parameters of ellipse axes were (22, 16, 16, 11) pixels, in the order: mean 1* axis, standard deviation 1*' axis, mean
2 axis, standard deviation 2" axis across the 118 individual personalizations.

Population-based personalization. To evaluate the stability of the personalization with respect to the initial parameter values, we
launched the population-based personalization 10 times, for different initial values of each model parameter, and examined both the
final loss and final parameter values. As this can be computationally expensive, we separated the evaluation of the 4 parameters of
the elliptical model in two steps: the means and then the standard deviations encoding the distribution of the ellipse axes. Results
are summarized in Tables [[land 21

The best initialization consisted of the parameters (22, 10, 16, 20) pixels, the final parameters after the personalization being
(18,10, 13, 18) pixels, with standard deviations across the 10 launches of (1, 1,2, 1) pixels.

Figure [3] displays the first three modes of variation of synthetic infarct patterns generated with this optimal solution, to be
compared to those obtained for the real population. The modes of the synthetic population appear to encode the same infarct
characteristics as in the real population (1*': size, 2"¢: transmurality, 3"¢: angular position), indicating that personalization to the
real population was achieved.

Table 1. Sensitivity to initial guess of the 2D elliptical model: average solutions (mean values for 4 model parameters: mean 1* axis, std 1* axis, mean 2"¢
axis, std 2" axis) for variations in initial axes means for K L. The smallest loss corresponds to yellow, the highest to red, the best solution is in bold.

Mean 1st axis / 10 15 20 25 30
Mean 2nd axis

5 (18,18,11,16) (18,16,10,16) (22,16,8,15) (22,13,5,14) (24,13,5,12)
10 (16,18,14,13) (18,14,14,11) (20,13,12,12) (21,13,9,11) (23,12,7,13)
15 (15,17,18,12) (17,16,16,11) (18,11,12,8) (18,11,12,12) 19,11,11,11)
20 (15,16,21,15) (16,15,19,11) (18,12,15,12) (18,11,14,11) (18,11,12,11)
25 (14,16,24,13) (15,14,24,14) (16,13,21,14) (18,11,17,14) (18,11,14,18)
30 (15,13,29,12) (16,13,24,14) (16,13,21,17) (17,13,18,15)

0na computer with an Intel(R) Core(TM) i7-10610U CPU@1.80GHz, RAM 16 GB.
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Fig. 3. First modes of variation for the 2D real population and the 2D synthetic populations generated using the elliptical and the iterative models, with the
best parameters learned by the population-based personalization with K Lg,.

Table 2. Sensitivity to initial guess of the 2D elliptical model: average solutions (mean values for 4 model parameters: mean 1* axis, std 1* axis, mean 2"¢
axis, std 2" axis) for variations in initial axes standard deviations for K L. Displayed similar to Tab.

Std st axis / 5 10 15 20 25
Std 2nd axis

5 (19.11,12,15)  (19,11,12,11) ~ (19,13,12,100 ~ (18,17,13,9)  (17.19,129)
10 (19,10,14,16)  (19,11,13,12)  (19,12,13,11) ~ (20,15,12,9) = (I18:20,11.7)
15 (19,10,14,17)  (19,10,14,16)  (19,11,12,12) ~ (18,17,12,14) | (18.20,12,13)

20 (18,9,12,18) (18,10,13,18)  (19,11,13,18) | (19,16,12,16)

3.2.2. Iterative model

The population-based personalization procedure of this model was similar to the elliptical model’s one. The best initialization
consisted in starting with 5 iterations and radii of 35 pixels, the final values after the personalization being 1 and 32 (10-launches
standard deviations: 0 and 3), as visible in Table@

Figure[3|displays the first three modes of variation of the synthetic infarct patterns generated with this optimal solution. Although
the personalization process was completed, the modes of variation match less with the real population than those of the elliptical
model, as confirmed by the loss after personalization: KLg, = 0.0056 and 0.0155 for the elliptical and iterative models, respectively.
The main reason for this is the limited design of the iterative model, and in particular the way spheres are progressively added to
the existing infarct pattern, with potentially too much randomness in 2D.

3.2.3. Influence of hyperparameters

Figure E| displays the evolution of the loss across iterations for two values of the sampling size: Ny = 15 and 50 (average
curves across 10 repeated launches of the personalization), with proportionally corresponding Npesr = 3 and 12. The personalization
converges in both cases for both 2D models. It is faster and more stable for Ny, = 50, but also more computationally expensive,
which is why we retained the faster procedure with Ny, = 15 (around 4 sec for one iteration compared to 15 sec for Ny = 50).
Note that in this experiment, almost the same solutions for both sampling sizes were obtained:

1. for Nyt = 15: (19, 10,9, 22) pixels (10-launches standard deviations: (1, 1,2, 3) pixels) for the elliptical model, and (1,31)
(10-launches standard deviations: (0, 2)) for the iterative model,

2. for Ny = 50: (19,9, 11, 19) pixels (10-launches standard deviations: (0,0, 3,2) pixels) for the elliptical model, and (1, 30)
(10-launches standard deviations: (0, 1)) for the iterative model.



Table 3. Sensitivity to initial guess of the 2D iterative model: average solutions (number of iterations and maximal radius) for variations in initial parame-
ters for KLy,. Displayed similar to Tab.m

Iterations / 1 5 10 15 20
Max radius
5

10

15

20

25

30 (1,30) (1,28) (2,21) (12,15)
35 (1,34) (1,32) (2,25) (5,18)

(10,14)

We did the initialization in the neighborhood of the best initial values reported in earlier sections. Note that Ny, = 15 with Npege = 7,
Niot = 50 with Nypesr = 25 provided slightly faster convergence. From Figure 4] we see that M = 34 was enough to guarantee the
convergence of the optimization. In all experiments the optimization procedure ended when the maximum number of iterations was
reached, before reaching the functional threshold, thus we decided to keep without testing the reasonably high € = 0.004. Different
bandwidth choices (o = 5, 9, 15) gave similar solutions with a slight tendency towards decreasing final stabilized loss values.

Elliptical model Iterative model

0.05

—— sampling size: 15 0.16 —— sampling size: 15

—— sampling size: 50 —— sampling size: 50

0.04

loss
loss

0 s 10 15 20 25 30 0 5 10 15 20 25 0
iterations iterations

Fig. 4. Influence of the sampling size (N, = 15 and 50) on the convergence of the 2D elliptical and iterative models with KLg,.

3.2.4. Influence of the loss

The first modes of variation obtained for the KL,y loss (meaning samples are compared according to infarct-related attributes)
are provided as Supplementary Material for the elliptical and iterative models. The modes are similar to the ones obtained with
the KLy, although the final parameter values are slightly different: (18,9, 13, 17) pixels vs. (18, 10, 13, 18) pixels for the elliptical
model, 2 iterations and radii of 21 pixels vs. 1 iterations and radii of 32 pixels for the iterative model.

3.3. 3D personalization (iterative model)

Table [] reports the final parameters obtained for the 3D personalization of the iterative model with different initialization
parameters. KLg final parameters (34 iterations and radii of 9 pixels, 10-launches standard deviations: 2 and 0) were comparable
to those for KL,y (33 iterations and radii of 8 pixels, 10-launches standard deviations: 5 and 0). We only tested a limited range
of initialization parameters and repeated 5 times the optimization, due to the substantially higher computational cost for 3D data
(around 9 hours for the experiments with K Lg,; and around 20 hours for the experiments with KL,).

Figure [3] illustrates the population mean (non-linear average reconstructed after low-dimensional embedding by Isomap) for
the real population and the synthetic population after personalization. The pattern of the synthetic mean is more compact, also the
examination of the main modes of variation (not displayed due to space constraints) indicates limited matching of some infarct
characteristics, potentially due to the limits of the iterative model used.

4. Discussion

We presented a detailed evaluation of an original strategy for the personalization of biophysical models with randomness, in the
perspective of using these models to generate populations of realistic synthetic images. We focused the study on simple geometrical
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Fig. 5. Non-linear average infarct patterns for the real and synthetic (3D iterative model with KLy,;) populations.

Table 4. Sensitivity to initial guess of the 3D iterative model: average solutions (number of iterations and maximal radius) for variations in initial parame-
ters for KLg; and KL,y The smallest loss corresponds to yellow, the highest to red, the best solution is in bold.

Initial values /  (1,30)  (10,20)  (20,10) _ (30,1)

Loss types
KLy D@30 (2510) (2L10)  (349)
KLux L2D) | @L6) (208 (339

models of myocardial infarct, enhancing interpretation in 2D and 3D, including comparisons with a deterministic model for which
individual personalization is also possible.

Our results confirm that population-based personalization is feasible, within the limits of the realism of the retained models. In
2D, the main variations in the synthetic data correspond to those in the real data, although the personalization favors very simple
infarcts (1 to 2 spheres for the iterative model, with slightly lower fit performance than the elliptical model). However, in 3D, the
iterative process leads to more complex unions of spheres to represent infarcts and therefore to a better fit to the real population. No
substantial differences were observed with a loss focused on specific attributes of the infarct patterns (i.e., transmurality and size).

Finer geometrical models of infarcts may lead to better realism and therefore better personalization. In particular, mimicking
the wavefront propagation of infarcts [10] with a diffusion process or more constraints on the aggregation of spheres in the iterative
model. However, the design of such models goes beyond the scope of our paper, whose primary purpose was to demonstrate that
population-based personalization is effective even with simple geometrical models.

This personalization strategy paves the way for two types of extensions. First, in the context of myocardial infarct, one could
consider adding finer aspects of the lesions [8]] such as reperfusion lesions (micro-vascular obstruction) that can be represented as
smaller areas within the infarct, border zone (e.g., with intermediate values between healthy and diseased) and potential changes
from acute to chronic infarcts. These could directly be used for generating realistic synthetic images 28], for the training or the
evaluation of learning algorithms (e.g., to estimate myocardial deformation). Then, this work also has high potential for extensions
to other medical imaging applications involving random models (e.g., vascular [5]] or electrical [6] network generation), although
for these applications quantitative comparisons between the synthetic and real populations may be challenging to formulate.

5. Conclusion

We have demonstrated that a population-wise strategy is relevant for the personalization of models that include randomness,
which would not be possible with standard personalization to each individual sample. On simple geometrical infarct models, it
allowed generating synthetic images whose distribution matches a population of real clinical samples. It paves the ground for the
generation of realistic synthetic populations from more complex models, of relevance for training and validation in the context of
machine learning for medical image analysis.
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