Chapter 10

Personalized Computational Models

of the Heart for Cardiac Resynchronization
Therapy

Maxime Sermesant and Reza Razavi

10.1 Introduction

Cardiovascular diseases (CVD) are the major cause of morbidity and mortality in
the western world. Within CVD, the increasing prevalence of congestive heart failure
(CHF) is mainly caused by the steadily increasing number of heart attack survivors.
They suffer an important scar burden on their cardiac function due to the infarction.
Moreover, CHF has a terrible prognosis with 50% mortality in the first 3 years after
diagnosis. Of all CHF patients, those with an additional dyssynchronous contraction
have the worst prognosis. Cardiac resynchronization therapy (CRT) involves placing
a pacemaker to improve the synchronicity of cardiac contraction. It has recently
been shown to be an effective method of treating patients with dyssynchronous
CHE, inducing significant reductions in morbidity and mortality in large clinical
trials. However, clinical trials have also demonstrated that up to 30% of patients
may be classified as nonresponders. There remains major controversy surrounding
patient selection and optimization of this expensive treatment (e.g., lead positioning,
pacemaker setting). For instance, recent studies showed that patients with heart
failure and narrow QRS intervals do not currently benefit from CRT (RethinQ, [3])
and that no single echocardiographic measure of dyssynchrony may be recom-
mended to improve patient selection (PROSPECT, [10]). Therefore, new approaches
are needed in order to provide a better diagnosis and characterization of patients
while achieving a better planning and delivery of the therapy.

In parallel, the last decades have seen major progress in medical imaging, cardiac
modeling, and computational power that make personalized simulations (i.e., using
models with patient-specific parameters) achievable. While the scientific importance
and enormous clinical potential of this approach have been acknowledged [12, 23],
its translation into clinical applications remains largely to be done. We aim to build
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Fig. 10.1 Global scheme of the clinical data used for the personalized models, the generated
output maps and parameters, and the resulting predictions [54]

on the major scientific progress that has already been made in cardiac modeling, in
order to proceed to the next level and personalize such models to each specific patient
using state-of-the-art multimodal imaging. This personalization of models has the
potential to have a major impact on clinical practice. Indeed, patient management
would be improved by a more accurate diagnosis and characterization, and personalized
and predictive therapy planning for that specific patient could be achieved.

In this chapter, we demonstrate a proof of concept on a first case study of how
the personalization of an electromechanical model of the heart can predict the
changes in cardiac function due to changes in pacing (Fig. 10.1). Such predictions
can be used to quantify the improvement in cardiac function that can be expected
from CRT and also to optimize the location and delays of the pacemaker leads
(stimulation electrodes). In this work we only focus on the acute effects of resyn-
chronization. There is also an important part of the therapy process due to the
reverse remodeling of the heart under the new pacing conditions [58], but this is out
of the scope of the presented work.

There is a growing body of literature on the functional imaging of the heart, for
instance with the measurement of electrical activity, deformation, flows, fiber orienta-
tion [15, 28, 31, 32], and on the modeling of the electrical and mechanical activity of
the heart [24, 33, 39, 42, 63]. Many of these models are direct computational models,
designed to reproduce the cardiac activity in a realistic manner, often requiring high
computational costs and the manual tuning of a very large set of parameters.

Recently, computational models have been used to simulate CRT on a generic
anatomy and compared with animal experiments [26, 27], which provide important
insights on the pathophysiology of dyssynchrony. However, in order to translate to
the clinics and impact the patient management and the therapy planning, such models
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need to be personalized (i.e., with adjusted parameters) to the specificity of each
patient, which is still a very challenging task.

The proposed approach involves models whose complexity is directly related to the
phenomena observed in clinical data. This is the reason why these models are often
simplified compared to the very detailed models available in the literature. The observ-
ability of their parameters is crucial in the personalization step. Involving a limited
number of parameters can allow their identification from clinical measurements on a
specific patient by the resolution of a tractable inverse problem (Fig. 10.1).

We illustrate in this chapter the personalization of several components. A prelimi-
nary section details the clinical context, the data acquisition, and the data fusion
into the same spatio-temporal coordinates. We then present the four sections
concerning the personalization of the model anatomy, electrophysiology, kinematics,
and mechanics. Finally, we demonstrate this first proof of concept on the prediction
of the cardiac function and its agreement to interventional measurements for five
different pacing conditions on each of the two clinical cases presented.

10.2 Clinical Context, Data Acquisition, and Fusion

The construction, testing, and personalization of biophysical models rely on the
ability to fuse data from an array of sources. For cardiac modeling, the fusion of
anatomical, mechanical, and electrical data is of primary importance. This fusion
must be both in the spatial and temporal domains. High-quality cardiac anatomical
and functional data can be obtained from both computerized tomography and magnetic
resonance imaging (MRI). MRI can also be used to obtain functional data such as
myocardial wall motion and blood flow. Electrical data can be obtained from
catheter-based measurements that are guided using X-ray fluoroscopy.

Spatial fusion of these different data requires an effective image registration
strategy. Our solution has focused on the use of the X-ray/MR (XMR) hybrid imaging
system that allows the seamless collection of both MRI and X-ray-based data
(Fig. 10.2). We have developed a real-time registration solution [48] that allows the
spatial integration of MRI-based anatomical and functional data with X-ray-based
catheter data, such as intracardial electrical and pressure signals. For the temporal
integration, the electrocardiogram (ECG) gives information on the heart rhythm
that enables the synchronization of the different datasets.

The first patient of this study is a 60-year-old woman with NYHA class III
symptoms. The etiology of heart failure is thought to be dilated cardiomyopathy
although cardiac MRI did show two nonviable areas of a moderate size corresponding
to the drainage area of the left anterior descending (in the apical and mid-inferoseptal
segments) and of the left circumflex coronary artery [mid-inferolateral segment of
the left ventricle (LV)], which are consistent with a previous subendocardial infarc-
tion. However, there was no flow-limiting disease on coronary angiography. Ejection
fraction of the LV was around 30% on maximal tolerated medication. The patient
suffers from a left bundle branch block as revealed in the ECG, with in particular a
QRS duration of 144 ms (while anormal QRS is less than 100 ms). Echocardiography,
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Fig. 10.2 (a) XMR suite with the MR scanner and the X-ray C-arm. (b) Overlay of MRI-derived
left ventricular (LV) surface model onto live X-ray fluoroscopy image. This real-time overlay was
used to guide the placement of catheters prior to the start of pacing. The catheters are as follows:
(1) St. Jude ESI balloon; (2) LV roving; (3) coronary sinus sheath; (4) coronary venous/epicardial;
(5) pressure; (6) high right atrium; (7) His bundle; and (8) right ventricle

Fig. 10.3 Fusion of late enhancement derived scars (red surfaces), anatomical MR (volume
rendering) and Ensite isochronal map (colored surface)

including tissue Doppler, confirmed significant mechanical dyssynchrony in keeping
with the ECG findings.

The MR examination sequences involve SSFP Cine MR imaging for the
estimation of ventricular function and volumes, late enhancement images with
gadolinium for scar anatomy, and whole heart 3D navigated free breathing sequences
for coronary venous anatomy. The noncontact mapping is performed using the ESI
3000 multielectrode array catheter system (St Jude, Sylmar, CA). This consists of a
64 laser-etched wire braid mounted on an 8 mm balloon. The array records intracavity
far-field potentials. The resulting signals are allowing a reconstruction of over 3,000
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virtual unipolar electrograms superimposed on a computerized model of the LV,
creating both isopotential and isochronal maps. The scar anatomy was manually
delineated in late enhancement images. The XMR fusion provides the location of
the ESI mapping with respect to the MR-derived information (Fig. 10.3).

10.3 Personalized Anatomy

In this work, the anatomy model we use is limited to the compact biventricular myocar-
dium. As we do not model the valves, we do not simulate the papillary muscles and
we only integrate the blood flows in the atria and arteries as preload and afterload
boundary conditions. There is an important literature on the segmentation of the heart
from medical images, see for instance [14] and references therein. However, to cope
with extreme and variable anatomies due to pathologies, we developed a simple yet
efficient method, which combines specific image processing tools to extract the
biventricular myocardium from Cine-MRI. We segment in the mid-diastolic volume
of the cardiac sequence the LV endocardium, the right ventricle (RV) endocardium
and the epicardium. To this aim, we developed an interactive tool based on variational
implicit functions [62]. This tool allows the user to intuitively model any 3D surface
in the 3D scene by placing, moving, or deleting control points inside, on and outside
the desired surface [61].

We then extract the surface mesh from the volumetric binary mask and build the
volumetric tetrahedral anatomical model from the surface mesh. For personalization
of the simulation, each tetrahedron is automatically labeled according to the anatomical
region it belongs to (LV, RV, and scar tissue, see Fig. 10.4). The scar label is based
on the expert manual delineation on late enhancement MRI. Also, for regional
parameter estimation, the mesh was subdivided according to the 17-segment model
proposed by the American Heart Association.

The complex cardiac fiber architecture has an important role in the electrical and
mechanical functions of the heart. The introduction of the fiber orientation in cardiac
electromechanical modeling is essential for simulating properly the cardiac functions.

Fig. 10.4 Labeled volumetric mesh. Three main areas are defined. Left panel: left ventricle, right
ventricle, and scar (in white). Mid panel: Additional AHA segments subdivision is also performed
for regional personalization. Right panel: Fiber orientations assigned to the mesh
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The lack of accurate in vivo measurement of these orientations at high resolution [13]
yields to using prior knowledge. Synthetic models were built with analytical laws
describing general trends of fiber orientations observed in different studies [57]. The
complete 3D reconstruction of fiber orientations from histological slices [40] and,
more recently, its direct 3D acquisition on ex vivo hearts with diffusion tensor magnetic
resonance imaging (DT-MRI) [21] have been used for a more realistic description of
the myofiber architecture. However, it still comes from a single subject and thus do not
take into account any inter-subject variability. We preferred to use here a statistical
atlas of the cardiac fiber architecture [45]. This atlas was computed from a population
of ex vivo canine hearts but was showed to be consistent with human hearts [46].
We use this atlas to generate cardiac fiber orientations, by setting the parameters of an
analytical model of these fibers according to the angles observed in the atlas (Fig. 10.4,
see also Chaps. 7 and 9). The personalized anatomy encompassing a computational
mesh of the compact biventricular myocardium and the local fiber orientations is used
for the electrophysiology model personalization described in the next section.

10.4 Personalized Electrophysiology

Clinical electrophysiological data currently available only reliably describe the
depolarization times, and not the extracellular or transmembrane potentials. So we
chose our electrophysiology model accordingly. Modeling the cell electrophysiology
(EP) has been an active research area since the seminal work of Hodgkin and
Huxley [18]. At the organ level, it involves a cell membrane model embedded into
a set of partial differential equations (PDEs) representing a continuum. There are
three main categories, in decreasing order of computational complexity.

* Biophysical: Semi-linear reaction-diffusion dynamic PDEs with ionic models
(over 50 equations for ions and channels) [2, 30, 41, 43, 59].

* Phenomenological: Semi-linear reaction-diffusion dynamic PDEs with mathematical
simplifications of the biophysical models (bidomain, monodomain) [1, 16, 47].

» Eikonal: One static nonlinear PDE for the depolarization time derived from the
previous models (Eikonal-Curvature, Eikonal-Diffusion) [11, 25].

Solving the dynamic PDEs is computationally very demanding, due to the space scale
of the electrical propagation front being much smaller than the size of the ventricles,
and the stability issues of the dynamic aspect. The Eikonal equation is static, and the
front can be observed at a larger scale, resulting in much faster computations. An aniso-
tropic multifront fast marching method was developed in order to solve the Eikonal
model equations very efficiently [52]. We base our model on the Eikonal diffusion (ED)
equation (see [60] for more details on the ED equation and its parameters).

To personalize the electrophysiology model, there are two important adjustments to
perform: the onset of the electrical propagation and the local conduction velocity,
which corresponds to an apparent conductivity (AC). The idea is to estimate the AC
by matching the simulated propagation times of the model to the clinically measured
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Fig. 10.5 Simulated isochrones on the volumetric mesh, adjusted using the endocardial mapping
as reference. Color encodes the depolarization time (red: 0 ms, blue: 130 ms)

propagation times of the patient. The automatic adjustment method of the AC was
designed for surfaces [8, 9, 37].

Such approaches were extended to volumetric models, by using a coupled error
criterion both on endocardial depolarization times and QRS duration. When applying
this method to the baseline data, we obtain a very good fit to the data with a final
mean error that drops to 3.8 ms. The resulting AC map (Fig. 10.5) provides information
on some potential Purkinje network (high values) and does seem to correlate with
the scars locations (low values).

10.5 Personalized Electromechanical Models

The myocardium constitutive law has to model the active, nonlinear, anisotropic,
incompressible, and visco-elastic properties of the cardiac tissue. Numerous ones
were proposed in the literature, see, e.g., [6, 19-22, 38, 49, 55] and references
therein. The particularity of the models used here is that they were designed to
have a complexity compatible with the clinical data used for the personalization.
As apparent motion and left ventricular pressure are the main components of the
observations, we rely on models with limited parameters representing the passive
and active parts of the constitutive law.

We use two different electromechanical models for the muscle contraction,
depending on the application. We first introduce a simplified model as a deformable
model in order to extract the motion and contours from the dynamic images
(Sect. 10.5.1). We then use this information with additional pressure data in order
to personalize a more complex model of the myocardium mechanics, which allows
to adjust contractility and estimate pressures (Sect. 10.5.2). The cardiac mechanical
models that we use here were presented in detail in [51] and [50]. They rely on the
following key ingredients.
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* An electrically activated constitutive equation based on a multiscale approach
accounting for the behavior of myosin molecular motors, as originally presented
in [4].

* A 3D continuum mechanics formulation integrating this active behavior (acting
along the muscle fibers) with 3D passive visco-elastic components (based on
hyper-elastic potentials and viscous pseudo-potentials) using a rheological model
of Hill-Maxwell type [17].

To carry out simulations, additional needs are Windkessel models and valve laws
to represent the blood flows, and adequate finite element and energy-preserving
time discretization strategies.

We present in the two following subsections how a simplified model is used to
estimate the cardiac motion, and then how a more complex model is used to simulate
the cardiac mechanics.

10.5.1 Personalized Kinematics

In this subsection, we show a deformable model approach to estimate the motion
of the heart using Cine-MRI data and an electromechanical model. The model used
here is a simplified electromechanical model designed for cardiac image analysis
and simulation [51]. We want the complexity of the model to match the relatively
sparse measurements. Thus, we use here a simplified electromechanical model
derived from a multiscale modeling of the myocardium described in [4]. It is com-
posed of two elements. The first one is a parallel element which is anisotropic linear
visco-elastic and which represents the passive properties of the tissue. The second
one is an active contractile element controlled by the electrophysiological com-
mand. Furthermore, we simulate the four cardiac phases (filling, isovolumetric
contraction, ejection, and isovolumetric relaxation) as detailed in [51]. Finally, the
arterial pressures were computed using a three-element Windkessel model
described in [56].

We estimate the motion of the heart by coupling an electromechanical model
and Cine-MRI data, based on the proactive deformable model described in [51].
We have shown in [5] that this method is related to the data assimilation approach
described in [35]. Numerous works on the adjustment of a geometrical model of
the heart to time series of medical images are based on the concept of deformable
models [34, 36, 44]. In this framework, a surface is fitted to the apparent bound-
aries of the myocardium by minimizing the sum of two energies: a data attach-
ment term and a regularization term. In our case, this regularization term consists
in the energy of the dynamical system of the simplified electromechanical model
of the heart.

We want to minimize the difference between the simulated motion of the myo-
cardium and the apparent motion in the images. As Cine-MRI only provides the
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apparent (radial) motion of the endocardium (we do not have information on the
tangential motion), we use the distance from the contours detected in the images to
the mesh. To compute it, we seek for each surface vertex the closest boundary
voxel (based on criteria on the image gradient) along the normal direction of the
mesh. We then apply a force in that direction, proportional to the distance to this
boundary voxel.

Figure 10.6 shows the MR images at end-diastole and at end-systole of the car-
diac cycle. The superimposed lines represent the endocardium and epicardium sur-
faces of the estimated mesh. Colors correspond to the intensity of the image forces.

We can observe that despite the limited quality of clinical routine images, the
estimation of the myocardium contours is good, especially for the LV. Due to the
lack of contrast on the epicardium and the small thickness of the RV, achieving a
good dynamic segmentation of the RV is still very challenging. This approach
allows estimating a complete motion, including the twisting of the heart, while only
using the data where it is reliable, which is in the normal direction for Cine-MRI.
This estimated motion is then used to guide the adjustment of a more complex
model in order to simulate the pressure variation in the ventricles.

Fig. 10.6 Results of the motion tracking: delineation of the estimated mesh superimposed with
Cine-MRI at (a) end-diastole and (b) end-systole. Color encodes the intensity of the image forces
(blue: small, red: large) [54]
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10.5.2 Personalized Mechanics

We now utilize the estimated motion to personalize the mechanical parameters, in
a more complex model in order to ensure a realistic simulation of the stress. Most
of the components of the mechanical model discussed in this section (detailed in
[50]) are quite classically used in heart models. Nevertheless, the emphasis and
originality of our approach lies in the careful choice of modeling ingredients that
are relevant from a physiological point of view and consistent with essential
thermo-mechanical requirements and in their global integration in ways that preserve
these requirements at all steps, from the continuous dynamical equations to the
discrete versions with which actual simulations are performed.

This active constitutive law was used within a rheological model of Hill-
Maxwell type [7]. This rheological model is compatible with large displacements
and strains and led to a continuum mechanics description of the cardiac tissue [50].
In the parallel branch of the Hill-Maxwell model we considered a visco-elastic
behavior, with a hyper-elastic potential given by the Ciarlet—-Geymonat volumic
energy [29]. The pressure within the ventricles is then an output of the model
simulation.

Adjusting the material parameters is made difficult by the fact that we are concerned
with patients whose parameter values differ from nominal ones in pathological
regions, e.g., decreased contractility and increased stiffness in infarcted parts. Some
valuable information on the spatial distribution of these pathological regions may
be obtained from clinical measurements such as late enhancement MRI, but the
actual values of the perturbed parameters cannot be directly measured. Therefore,
the objective of (automatically) estimating the parameter values — using some
appropriate data assimilation procedures — is of utmost clinical interest. Such a
complete automated estimation — still a major scientific challenge — is out of the
scope of the present chapter, but we demonstrate that a proper calibration of the
parameters based on global physiological indicators and using the personalization
steps presented above can provide satisfactory predictability in the direct simula-
tion of the cardiac function.

For this simulation where image information is no longer used, boundary
conditions are especially important. As can be seen, e.g., in MRI sequences,
there is an epicardium area near the apex on the inferior wall with small
displacements, probably in relation with the attachment of the pericardium to
the diaphragm. We modeled this physiological feature by prescribing some stiff
visco-elastic support as boundary conditions in this area. Furthermore, we used
similar visco-elastic support conditions on the base to model the truncated
anatomy. The corresponding visco-elastic coefficients also require proper cali-
bration with respect to the kinematics observed in image sequences.

The other anatomical and electrophysiological parameters have been set as in the
previous sections. The mechanical parameters have been calibrated using the
pressure—volume medical indicators, and also the MRI sequence as explained
above for the boundary conditions. In order to take into account the infarct, the
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Fig. 10.7 (a) Measured (solid) and simulated (dashed) pressure curves in sinus rhythm.
(b) Measured (solid) and simulated (dashed) dP/dt curves during systole in sinus rhythm

contractility parameters were decreased in the scar tissue. We then obtained a simulated
motion relatively close to the one from the personalized kinematics. While there are
still discrepancies, the general behavior is very similar. However, the automatic
adjustment of local parameters is needed in order to be able to improve the fitting.
The work in progress on this automatic identification is very promising [35, 53].

This personalized mechanical model produces simulated pressure in very good
agreement with the catheter measurement (Fig. 10.7).

10.6 Prediction of the Acute Effects of Pacing on Left
Ventricular Pressure

During the electrophysiology study, different pacing conditions are tested to evaluate
the effect of different pacing lead locations and delays. This also gives the oppor-
tunity to estimate what could be the expected benefit from the pacemaker implanta-
tion. There is still a lot of research on what is the optimal number of electrodes,
where are the optimal locations, and what are the optimal delays. This creates a
large number of degrees of freedom that are difficult to optimize during the intervention
itself. Being able to perform this optimization a priori and using an in silico model
would be very useful.

In this section, we test the ability of our personalized electromechanical model
of the myocardium to predict the changes in the heart due to a new pacing condition.
The pacing protocol tested is biventricular pacing with simultaneous endocardial
left ventricular pacing (we will call here this pacing sequence P1TRIV).

For the mechanical simulation, we use here the model personalized in Sect. 10.5.2
on baseline in sinus rhythm without changing any parameter. We then input the new
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Table 10.1 Measured and simulated values for (dP/dr ) in mmHg/s for five different

max

conditions
LV
Sinus rhythm Atrial Right ventricle endocardium PITRIV
Measurement 890 960 1,020 1,410 1,450
Simulation 910 970 1,000 1,480 1,440

electrical command corresponding to the pacing. The volumetric isochrones were
derived as described in Sect. 10.4. We then observe the resulting simulated pressure
curve allowing to test in particular predictions on the slope of this pressure during
isovolumetric contraction. As this is the major cardiac phase that is sought to be
optimized by CRT, we mainly focus on the model predictive power during this
phase, and early ejection.

When simulating this PI1TRIV pacing with the model personalized from baseline
measurements, we observe a very good agreement of the pressure curve with the
recorded data from the pressure catheter, and the dP/d¢ curve is also very similar.
From the data, we can see that dP/dr _ goes from 890 mmHg/s at baseline to
1,450 mmHg/s for PITRIV pacing. In the simulations we obtain 910 mmHg/s at
baseline and 1,440 mmHg/s with pacing. So we can see that the improvement of
the cardiac function brought by the pacing is well predicted by the in silico simula-
tions. We used this methodology on four different pacing modes, with very promising
results on the model predictions (Table 10.1).

10.7 Conclusion

We presented the personalization of a complete electromechanical model of the
myocardium using XMR interventional data and how this personalized model
could be used to predict therapy effects. The behavior of the model in sinus
rhythm as well as the predictions of the model under pacing compare well with
the measured data, which make such an approach very promising. This is the first
case study demonstrating how models of the heart can be adjusted to be patient-
specific and a first proof of concept of how this approach can be useful for therapy
planning. While several steps still require interactive adjustment, the methodology
for automatic parameter estimation is becoming available [8, 35, 53]. By integrating
information about the anatomy, the electrophysiology, the kinematics, and the
mechanics, we can explore the correlation between these different aspects for a
given patient in order to provide an integrated view of the patient cardiac function
and simulate and evaluate different therapies before their actual application.
In the case of CRT, such predictions could help optimize in silico the pacemaker
settings, which include the pacing lead locations and the delays between the elec-
trodes. This will be the purpose of a future work.
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