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Abstract. We present a patient-specific biomechanical modeling frame-
work and an initial case study for investigating cardiac amyloidosis (CA).
Our patient-specific heartbeat simulations are in good agreement with
the data, and our model calibration indicates that the major effect of
CA in the biophysical behavior lies in a dramatic increase of the passive
stiffness. We also conducted a preliminary trial for predicting the effects
of pharmacological treatments – which is an important clinical challenge
– based on the model combined with a simple venous return representa-
tion. This requires further investigation and validation, albeit provides
some valuable preliminary insight.
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1 Introduction

Amyloidosis is a systemic disease with extracellular deposition of insoluble ag-
gregates of beta-fibrillar proteins in various organs, leading to disturbances of
normal tissue architecture and function [12]. Cardiac involvement is associated
with poor prognosis. Morphological and functional abnormalities combine in-
crease in cardiac wall thickness due to amyloid infiltration, and left ventricle
(LV) diastolic and systolic dysfunction.

Global LV systolic function evaluated by ejection fraction is often preserved
until advanced stages of the disease [4]. More recently, several studies have shown
the ability of myocardial strain derived from echocardiography to detect subtle
changes in systolic function in various diseases [6]. This approach seems to be
useful in detecting cardiac involvement and was used to evaluate the prognosis
of cardiac amyloidosis (CA) [18, 9, 8]. Moreover, magnetic resonance imaging
(MRI) provides clinically valuable information beyond systolic function such
as characterizing the myocardial tissue, and MRI late gadolinium enhancement
(LGE) has been shown to be helpful for assessing the severity of cardiac amyloid
deposition [16].
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Cardiological treatment of CA is also challenging as the usual drugs used in
heart failure – such as those with negative inotropic and/or negative chronotropic
effects (calcium channel blockers, beta-blockers) – are contraindicated. Further-
more, inotropic drugs may not be tolerated either due to the restrictive type of
the cardiopathy.

Therefore, being able to formulate a biophysical model integrating the essen-
tial mechanisms of CA is expected to be valuable in order to better understand
the pathophysiology of CA and the effect of drugs with different pharmacological
properties. Moreover, setting up this type of model on a patient-specific basis
[2] can be envisioned as a means to ultimately allow for optimizing therapeutic
strategies based on predictive personalised modeling tools.

In the present article we sought to 1) build a personalised cardiac biophysical
model of a patient with cardiac amyloidosis, 2) validate the model, 3) explore
the effects of different pharmacological interventions using the model.

2 Data

Patient description – 72 year old man, with a CA due to a punctual mutation
on TTR gene (Val122Ile). The patient gave his informed consent for the study.

MR imaging protocol and processing – Cardiac MRI was performed with a
1.5-T scanner (Magnetom Avanto, Siemens Healthcare). Contiguous short-axis
sections encompassing the ventricles were acquired by the k-space segmented
Steady State Free Precession Cine sequence, with the following parameters:
TR/TE, 2.8/1.4 (apparent TR, 31.4 ms; 11 segments); flip angle, 82◦; matrix
size, 192 × 192; FOV, 300 × 270 mm; slice thickness, 8 mm. Retrospective ECG
gating was used with 25 phases per section. We then segmented the two ventricles
in the end-diastolic images using the CardioViz3D software [17], and the Image
Registration Toolkit (IRTK, under license from Ixico Ltd., see [13]) was used
– with the motion tracking algorithm of [15] – to propagate the segmentation in
all other time frames, hence, to compute LV volumes.

Echocardiography data acquisition and analysis – Echocardiography was per-
formed using a Vivid 7 system (GE Vingmed). Data were analysed offline using
the ECHOPac software (GE Healthcare). Acquisitions were digitally recorded
at a high frame rate (> 60 frames/s) in three consecutive cycles. Longitudinal
strain was computed from the standard LV apical views (2, 3 and 4 cavities) using
2D speckle tracking echocardiography analysis by automated function imaging
(AFI, ECHO-Pac, GE). For strain processing, the region of interest (ROI) was
automatically positioned to track the LV speckles frame-by-frame throughout
the cardiac cycle. The endocardial contour and width were manually adjusted
when necessary to provide optimal tracking. LV global (GLS) and regional lon-
gitudinal strain values of the 17 AHA classification segments were obtained.
Average longitudinal strain was also calculated at the three LV levels (apical,
mid-cavity and basal).



Pressure measurements – The catheterization procedure was performed in the
fasting state without sedation. Systemic blood pressure, central venous pressure,
pulmonary artery pressure, and pulmonary capillary wedge pressure (PCWP)
were determined over an average of 5 end-expiratory cardiac cycles, at steady
state, with the patient in the supine position. The 0 mmHg reference level was the
mid-axillary line with the patient in the supine position. The pressure transducer
was carefully maintained at the same level throughout the procedure. PCWP
was assessed in West’s zone 3, as verified by fluoroscopy, and found to be around
25 mmHg, a clear symptom of chronic heart failure.

The above 3 sets of data were acquired separately, albeit all within 24 hours,
under the exact same medication, and with similar cardiac frequencies (around
80 bpms).

3 Methods

3.1 Hierarchical modeling strategy

We employ the same cardiac biomechanical model as in [1], for which the funda-
mentals have been presented and analysed in [3]. This model was also experimen-
tally validated in [1], while some clinical validations of its predictive capabilities
were given in [14].

As proposed in [1], in combination with a detailed 3D continuum mechan-
ics model, we also consider a simplified – albeit consistent – model of the left
ventricle. This simplified model is derived from the 3D model by assuming some
spherical symmetry properties while retaining the full complexity of the consti-
tutive properties, based on multi-scale considerations and compatible with the
fundamental thermo-mechanical laws. Of course, spherical symmetry is not quite
present in an actual left ventricle, but the resulting model – being in the form
of a set of ordinary differential equations – is mostly used for fast simulation
and calibration purposes. As explained in [1] we can very effectively calibrate
the biophysical parameters using this simplified model, and then carry over the
parameters to the 3D model in a straightforward manner.

3.2 Personalisation strategy

Fig. 1. Personalised anatomical model: AHA regions (left) and fiber directions (right)



The patient-specific anatomical model was produced by using the segmen-
tation of the end-systolic MR frame. The resulting surface mesh was further
processed using the Yams software, and then the Ghs3D software was used to
create a 3D tetrahedral mesh for a two-cavity (ventricular) model [5]. All the
subsequent steps – for preparing the model and running simulations – were
performed with the HeartLab software4. First, specific regions of interest were
designated on the outer surfaces to provide for adequate boundary conditions
[14], then the tetrahedral elements were tagged according to the AHA regions
specifications. Furthermore, fiber directions were prescribed based on a given
variation of the elevation angle across the thickness of the walls, see Fig. 1.

Concerning the personalisation of the biophysical parameters, in this prelim-
inary study we did not resort to automatic estimation methods as in [2], and
limited ourselves to – mostly global – manual calibration based on the simpli-
fied model and then carried over to the complete 3D model. Nevertheless, this
calibration process is quite complex and requires some progressive systematic
strategy as explained in [1].

3.3 Venous return model

A major challenge for this type of patient lies in determining an adequate
therapeutic strategy – usually by a combination of drugs and pacing device –
specifically adapted to the patient in his/her current state, susceptible to quite
rapid variations. Nevertheless, the actual cardiac state – e.g. as observed in the
pressure-volume loop – is governed not only by the cardiac behavior coupled
with the arterial response that determines the afterload, as accounted for in our
above model, but also by the venous return that determines the preload. The
latter is not included in our modeling components so far, as in fact we prescribed
the preload. In order to account for variations in venous return as well, we use
a description classically employed in cardiac physiology – valid for stationary
states – that relies on total blood conservation written in the form [7]

CvsPvs + CdPd = Veff, (1)

where Pd and Pvs respectively denote the distal arteries and venous system pres-
sures, while Cd and Cvs denote the corresponding global elastance parameters,
and Veff represents the total amount of blood that can fluctuate between the ar-
terial and venous compartments. In addition, the distal flow between the arteries
and veins is given by

Qd =
Pd − Pvs

Rd
, (2)

where Rd denotes the distal resistance. Of course, in a stationary regime this
flow equals the cardiac output Q, hence we can use (1) to eliminate Pd from (2)
and obtain

Q =
Veff

RdCd
−

(
1 +

Cvs

Cd

)Pvs

Rd
, (3)

namely, a linear relationship between cardiac output and venous pressure.

4 Proprietary software of Inria (main author P. Moireau)



4 Results

4.1 Model calibration and simulation results
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Fig. 2. Comparison of simulation results and data for LV. From left to right: volume;
pressure; PV-diagram; outgoing flow. Black dots correspond to MR frames, registered
with pressure recordings based on R-waves of ECGs

Fig. 3. Comparison of simulated mesh contours with MR data at end-systole (left) and
end-diastole (right)

Compared with previous modeling trials, our calibration here was guided by
clinical evidence that amyloidosis results into a stiffer passive behavior, while
the slope of the end-systolic pressure-volume relationship (ESPVR) is roughly
preserved – albeit shifted towards large volumes [11]. As a consequence, we
increased the passive coefficients without changing the contractility parameter
– compared to a normal heart – while adjusting the Frank-Starling function to
operate with larger volumes, see [1] for a definition of this function. We show
in Fig. 2 the resulting LV pressure, volume and flow indicators computed with
the 3D model and compared with the processed data. We also show in Fig. 3 a
comparison of the model boundaries with MRI in short axis view at end-systole
and end-diastole. The calibrated biophysical parameters are given in Table 1,
compared with those calibrated in [1] – in the same units – for a normal heart. As
we immediately observe here, the main difference in these parameters concerns



the passive law, for which an increase by a factor 20 or so – for the main two
parameters (C0, C2) – was found to be consistent with the data.

Table 1. Comparison of CA patient-specific model parameters with normal heart from
[1]. (C0, C2) and (C1, C3) denote elastic parameters, η viscous modulus, σ0 contractility
(active behavior), (Rp, Cp) and (Rd, Cd) Windkessel parameters (proximal and distal)

C0, C2 C1, C3 σ0 Rp Cp Rd Cd η

CA 1.1 105 1.1 10−1 4.2 105 1.8 107 5.6 10−10 1.1 108 2 10−8 560
Normal 5.7 103 1.1 10−1 6.2 105 2 107 2 10−9 2 108 0.5 10−8 70

Fig. 4. Comparison of simulation results and processed data for peak longitudinal
systolic strain in AHA regions. From left to right: data (AHA region #1 surrounded
in bold yellow); simulation with uniform contractility; with non-uniform contractility;
non-uniform contractility scaling coefficients

Having at our disposal peak longitudinal strain data in AHA regions, we
proceeded further in the calibration by allowing the contractility parameter to
vary over these regions. We can thus account for the non-uniform deposition of
amyloid fibrils in the myocardium, with a much higher density near the base [10].
We accordingly prescribed a varying contractility by applying a scaling coefficient
in the AHA regions. This is shown in Fig. 4 with the resulting longitudinal strains
averaged within each AHA region, and compared with the data.

4.2 Prediction of patient states

We now want to conduct a preliminary study of the predictive capabilities of our
modeling, using the simplified cardiac model presented above together with the
venous return relation (3). Assuming a fixed difference between the preload and
the venous return – prescribed to 7.5 mmHg in our simulations, in accordance
with our pressure data – the cardiac function itself determines another relation
between the venous pressure and the output, via the Frank-Starling mechanism.
In fact, we can very effectively use our above simplified model to characterize
this relation by running simulations with a given preload until the cardiac cycle
stabilizes. The current cardiac state is then summarized by the intersection of the
two curves. We plot these curves for our patient in Fig. 5-left, compared with



those obtained for normal hearts. In our case, we inferred the venous return
curve (3) by observing that the maximum flow equals Veff/RdCd, where there is
no reason to believe that Veff differs from a physiological value. Subsequently, as
the operating point is known – from the data – for the patient we can draw the
whole line, and infer Cvs.
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Fig. 5. Computed cardiac function and venous return curves. From left to right: patient
in baseline compared to normal heart in [7] (green) and [1] (black); rhythm variations
(T denotes beat period in s); systemic resistance variations

With this simplified – albeit global and personalized – model of the cardio-
vascular system we can investigate the effect of various drugs on the patient.
Clearly, judging from the differences in 1) cardiac states, and 2) slopes of the
cardiac and venous functions in Fig. 5-left, we can presume that the patient’s re-
sponses will be very different from those of a healthy individual. In Fig. 5-center
we show the effect of varying the heart rhythm, which can be produced by using
beta-blockers, in particular. In our patient’s case, lowering the rhythm – an effect
of beta-blockers – would decrease the output and increase the – already danger-
ously high – venous pressure, hence this should be avoided. In Fig. 5-right we
display the effect of varying the systemic resistance, as could be obtained with
ACE-inhibitors. The effect is more complex, as both cardiac function and venous
return curves are affected by this parameter. We see that a decrease in systemic
resistance – as induced by ACE-inhibitors – would improve the output, but again
at the cost of increasing the venous pressure, quite importantly in fact due to
the low slope of the cardiac curve.

5 Discussion

Concerning the numerical simulations of cardiac cycles, the main difference ap-
pearing in Fig. 2 in the global indicators between the numerical results and
the data pertains to the initial part of the rapid filling phase, during which the
measured LV pressure decreases significantly below the simulated value. In fact,



we know from the ECG that the patient suffers from a strong delay in atrio-
ventricular conduction, hence, during that initial filling phase the left atrium
is already contracting. Therefore, the simulation-data discrepancy can only be
due to a strong heterogeneity between venous, atrial and ventricular pressures
during that phase, whereas our model is designed to instead equilibrate these
pressures. This could be changed, but we do not consider this improvement as
very important from the point of view of the overall cardiac function.

Strain results obtained with varying contractility have already shown some
good adequacy with the data, recall Fig. 4. In order to obtain more accurate
results, a more detailed estimation of the parameter values would be needed, see
below.

6 Conclusions

We have presented a patient-specific modeling framework and an initial case
study for investigating cardiac amyloidosis. Our patient-specific heartbeat simu-
lations show very good agreement with the data as regards the pressure-volume
indicators, and reasonable agreement with the strain measurements when al-
lowing the physical parameters to spatially vary. Better accuracy in the strains
would require resorting to automatic parameter estimation as in [2], which is a
natural perspective of this study.

We also conducted a preliminary trial for predicting the effects of pharma-
cological treatments on the patient based on the model. This of course requires
further investigation and validation, including with retrospective assessments.

Our case study indicates that the major effect of CA in the biophysical
behavior lies in a dramatic increase of the passive stiffness. This needs to be
confirmed by including other similar cases in a further study, albeit provides some
valuable preliminary insight. Also, beyond the specific type of CA considered
here – quite important in terms of prevalence with 4% of African-American
people carrying such Val122Ile gene mutations – other types of CA warrant
similar investigations.
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