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Abstract
Growth and remodeling in the heart is driven by a combination of mechanical and hormonal signals that produce different 
patterns of growth in response to exercise, pregnancy, and various pathologies. In particular, increases in afterload lead to 
concentric hypertrophy, a thickening of the walls that increases the contractile ability of the heart while reducing wall stress. 
In the current study, we constructed a multiscale model of cardiac hypertrophy that connects a finite-element model repre-
senting the mechanics of the growing left ventricle to a cell-level network model of hypertrophic signaling pathways that 
accounts for changes in both mechanics and hormones. We first tuned our model to capture published in vivo growth trends 
for isoproterenol infusion, which stimulates β-adrenergic signaling pathways without altering mechanics, and for transverse 
aortic constriction (TAC), which involves both elevated mechanics and altered hormone levels. We then predicted the attenu-
ation of TAC-induced hypertrophy by two distinct genetic interventions (transgenic Gq-coupled receptor inhibitor overex-
pression and norepinephrine knock-out) and by two pharmacologic interventions (angiotensin receptor blocker losartan and 
β-blocker propranolol) and compared our predictions to published in vivo data for each intervention. Our multiscale model 
captured the experimental data trends reasonably well for all conditions simulated. We also found that when prescribing 
realistic changes in mechanics and hormones associated with TAC, the hormonal inputs were responsible for the majority of 
the growth predicted by the multiscale model and were necessary in order to capture the effect of the interventions for TAC.

Keywords  Multiscale modeling · Cardiac hypertrophy · Transverse aortic constriction · Finite-element modeling · 
Signaling networks · Systems biology

1  Introduction

Left ventricular hypertrophy is complex in nature and 
involves an array of mechanical and hormonal changes that 
stimulate growth and remodeling of the heart. In particular, 
both aortic stenosis and hypertension lead to an increase in 
afterload and subsequent left ventricular concentric hyper-
trophy, a thickening of the walls that increases the contrac-
tile ability of the heart and reduces wall stress (Lorell and 
Carabello 2000; Grossman et al. 1975). However, devel-
opment of left ventricular hypertrophy is also associated 
with increased risk of further cardiovascular disease, heart 

failure, and mortality (Benjamin et al. 2018; Bruno and Tad-
dei 2014; Cuspidi et al. 2010; Kawel-Boehm et al. 2019). 
Current treatment options for aortic stenosis and hyperten-
sion involve management of afterload and ideally a reduc-
tion in hypertrophy. For example, aortic stenosis is treated 
through surgical repair or replacement of the stenotic valves, 
which can lead to improved cardiac function and even rever-
sal of hypertrophy. However, clinical decisions for aortic 
stenosis are not always straightforward, because the benefit 
of these interventions must be weighed against the risk of 
surgical complications on a patient-by-patient basis (Monrad 
et al. 1988; Gelsomino et al. 2001; Otto 2006; Nishimura 
et al. 2014). In the case of hypertension, current treatment 
options for most patients include lifestyle changes and drugs, 
such as β-blockers, angiotensin-converting enzyme (ACE) 
inhibitors, and angiotensin receptor blockers (ARBs), but 
given the prevalence of the disease there is still a need for 
identifying new therapies to treat or prevent the associated 
hypertrophy. The long-term goal of the work described here 
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is to develop computational models that predict the progres-
sion of hypertrophy in the setting of increased afterload, 
altered hormonal levels, and the presence of pharmacologi-
cal interventions, in order to better understand the underly-
ing processes, develop new treatment strategies, and guide 
clinical decision making.

Several experimental methods, pharmacological and 
mechanical, are used to induce concentric hypertrophy in 
animals; here, we use data from two experimental models 
to construct and validate growth models. Infusion of iso-
proterenol, an FDA-approved β-adrenergic receptor ago-
nist normally used to treat bradycardia and heart block, 
induces cardiac hypertrophy and fibrosis through activation 
of the β-1 adrenergic receptor and subsequent increases in 
G-protein signaling and cAMP (Xiang 2011; Szymanski and 
Singh 2019). Because it is not present as an endogenous 
hormone, isoproterenol infusion provides a straightforward 
way to study the development of cardiac hypertrophy and 
specific interventions that can attenuate growth. By contrast, 
in transverse aortic constriction (TAC), a pressure overload 
is created by tying a suture around the aorta that constricts 
the vessel. The pressure overload caused by TAC induces 
concentric hypertrophy both directly through mechanical 
stimulation and indirectly through increases in circulating 
hormones, such as endothelin-1 (ET-1) and norepinephrine 
(NE), and activation of the renin-angiotensin system, which 
leads to elevated levels of angiotensin II (Ang II) and atrial 
natriuretic peptide (ANP) (Swynghedauw 1999; Lorell and 
Carabello 2000; Yamazaki et al. 1995, 1996; Schunkert 
et al. 1990; Sugden 1999; Izumo et al. 1988; Rapacciuolo 
et al. 2001; Lindpaintner et al. 1987; Yoshida et al. 2015; 
Kamal et al. 2014; Liao et al. 2003). These hormones in 
turn activate pro-hypertrophic pathways in cardiomyocytes 
and further exacerbate the growth experienced by the heart. 
While TAC remains artificial in terms of its sudden onset, it 
recreates features of the complex hormonal and mechanical 
stimulation associated with diseases such as aortic stenosis 
and hypertension.

Computational growth modeling is an evolving area of 
biomechanics aimed at predicting the growth of biological 
tissues in response to their mechanical environment. Most 
computational growth models of the heart use phenome-
nologic equations to predict growth based on mechanical 
stimuli such as stretch and stress, and some of those models 
have proven successful at predicting the different patterns of 
myocyte thickening and lengthening that occur in response 
to both experimental volume overload and pressure over-
load (Kerckhoffs et al. 2012; Taber 1998; Arts et al. 2005). 
However, the main limitation of phenomenologic growth 
laws based on mechanical stimuli is that they are unable to 
predict how hormones and pharmacologic interventions will 
influence the amount of growth experienced by the heart. 
This limitation is especially problematic for models that aim 

to predict clinical outcomes, because nearly all patients with 
clinically significant cardiac disease receive drugs such as 
β-blockers, ACE inhibitors, and ARBs that can alter hyper-
trophic signaling. However, techniques from the field of 
systems biology now offer the possibility to model large 
signaling networks within a cell and predict how cell growth 
and gene expression are altered by specific perturbations. 
For example, Ryall et al. (2012) published a model of hyper-
trophic signaling within a single cardiomyocyte and used it 
to predict increases in cell area in response to both mechani-
cal stretch and hormonal agonists and to identify key intra-
cellular signaling hubs for this process. A more recent ver-
sion of this model, published by Frank et al. (2018), further 
refined and validated the network model against in vivo data 
from 52 transgenic mouse models.

The purpose of the current study was to construct a mul-
tiscale model of cardiac hypertrophy that connects a finite-
element model (FEM) representing the mechanics of the 
growing left ventricle to a cell-level hypertrophy signaling 
network model. In the present work, we test the ability of the 
multiscale model to predict in vivo growth due to isoproter-
enol infusion (hormones only), TAC (mechanical overload 
and hormones), and different genetic and pharmacologic 
interventions that attenuate hypertrophy in TAC (mechani-
cal overload, hormones, and hormonal perturbations).

2 � Methods

2.1 � Finite‑element model simulations

We used a previously published finite-element model of 
the left ventricle as the basis for our multiscale model of 
hypertrophy (Estrada et al. 2020). Briefly, the finite-element 
model was constructed from average endocardial and epicar-
dial surface contours obtained by segmenting and averaging 
magnetic resonance imaging (MRI) scans of a set of canine 
left ventricles from a previous study (Clarke et al. 2015). 
The mesh consisted of 9680 nodes and 7840 linear elements, 
including rigid-body rings of elements at the base and apex. 
The finite-element model had five transmural layers, with a 
fiber distribution of − 60° to 60° from epicardium to endo-
cardium. For this study, the model used the compressible 
transversely isotropic Mooney–Rivlin (TIMR) material in 
FEBio 2.6.4 (febio.org), with growth capabilities added in a 
custom-built plugin, described below. We simulated full car-
diac cycles by prescribing the time course of internal cavity 
pressure and a time-varying activation curve that represents 
the rise and fall of active tension generation in the myocar-
dium due to calcium cycling (Estrada et al. 2020). We gener-
ated these input curves using a previously published com-
partmental model of canine pressure overload that included 
both ventricles and a closed-loop circulation (Witzenburg 
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and Holmes 2018). We matched the left ventricular (LV) 
end-systolic and end-diastolic pressure-volume relationships 
in the compartmental model to the finite-element model, and 
then simulated both baseline and aortic constriction states in 
order to generate LV pressure-time and volume-time curves. 
We then optimized the activation curve for each condition in 
the finite-element model such that the input pressure-time 
curve would result in the corresponding volume-time output 
curve from the compartmental model. The basal rigid body 
ring was fixed in all directions, the basal-most nodes were 
fixed in the base-apex direction, and all other elements were 
allowed to move freely during the simulation. In the iso-
proterenol simulations, we used the baseline pressure-time 
and activation curves throughout the simulation, consistent 
with a previous study (Allwood et al. 2014) showing little 
difference in the pressure versus time curves of sham and 
isoproterenol-infused mice at doses shown to result in hyper-
trophy. For all TAC simulations, we instead used the aortic 
constriction pressure-time and activation curves. Changes to 
the hormonal activation during isoproterenol infusion and 
TAC were represented as global changes present throughout 
the simulation. All finite-element model simulations were 
run using the Pardiso solver in FEBio 2.6.4.

2.2 � Growth implementation

To allow growth in the finite-element framework, we 
implemented the kinematic growth framework proposed 
by Rodriguez et al. (1994) using a custom FEBio plugin 
that redefined the stress in the material to depend on the 
elastic deformation necessary to enforce compatibility after 
growth, rather than on the total deformation experienced 
by the material. The plugin added a user-defined diagonal 
growth deformation tensor with fiber, cross-fiber, and radial 
components (Eq. 1) and a user-defined radial direction vec-
tor in addition to a fiber direction already defined in the 
TIMR material. Using a multiplicative decomposition, we 
calculated the elastic deformation within the plugin from the 
total deformation applied to the model and the user-defined 
growth deformation tensor (Eq. 2). We used the compress-
ible TIMR material as the template for our growth plugin, 
and within its FEBio material file, we redefined the matrix, 
fiber, and dilatational components of the stress (Eq. 3) to 
depend on our calculated elastic deformation (Felastic). Thus, 
stress became a function of the elastic deformation rather 
than the total deformation. The variables in Eqs. (1–3) are 
defined as follows: Fgrowth is the diagonal growth deforma-
tion tensor in the fiber (ff), cross-fiber (cc), and radial (rr) 
directions; Ftotal is the total deformation tensor; σmatrix is the 
isotropic Cauchy stress, Jelastic is the determinant of Felastic, 
Belastic the elastic left Cauchy-Green deformation tensor, 
Ielastic1 the trace of Belastic, and c1 and c2 are the Mooney–Riv-
lin parameters; σfiber corresponds to the Cauchy stress in the 

fiber direction, with Aelastic being the tensor that defines the 
fiber direction, λfiber the stretch in the fiber direction, c3 the 
linear fiber parameter, c4 the exponential fiber parameter, 
and T the time-varying active tension; and σdilatational is the 
volume penalty stress, with K corresponding to the bulk 
modulus of the material. The active tension (Eq. 4) is the 
product of a time-varying normalized activation (Estrada 
et al. 2020), e(t); an instantaneous length-dependent term, 
which depends on the maximum tension Tmax, the initial 
calcium concentration Ca0, the maximum calcium concen-
tration Ca0,max, and the unloaded (l0) and reference (lr) sar-
comere lengths; and a force-velocity dampening function 
Q that depends on the slow tension recovery rate constant 
α1, the slow tension weighting coefficient A1, and the force-
velocity curvature parameter a.

2.3 � Hypertrophy signaling network model

We used a previously published hypertrophy signaling net-
work model (Ryall et al. 2012; Frank et al. 2018) to calculate 
predicted growth in response to stretch and hormonal inputs 
associated with pressure overload. The network model con-
sisted of a system of normalized Hill-type ordinary differen-
tial equations with 107 species and 207 reactions that capture 
the intracellular signaling leading to increases in cell size and 
protein production necessary for hypertrophy. In this frame-
work, the level of activation of every node (input, interme-
diate, or output) is represented as a value between 0 and 1, 
where 0 indicates no input, signaling activity, or output and 
1 represents maximal levels of activation. We show examples 

(1)Fgrowth =

⎡⎢⎢⎣

Fgrowth,ff 0 0

0 Fgrowth,cc 0

0 0 Fgrowth,rr

⎤⎥⎥⎦

(2)Felastic = FtotalF
−1
growth

(3)

�matrix =
2

Jelastic

(
Belastic

(
c1 + Ielastic1c2

)
− B

2
elastic

c2 − I
(
c1 + 2c2

))

�fiber = Aelastic

1

Jelastic
c3

(
ec4(�elastic−1) − 1

)
+ T

(
t, �elastic

)

�dilatational = K
ln
(
Jelastic

)
Jelastic

I

(4)

T
�
t, 𝜆elastic

�
= e(t)

�
Tmax

Ca2
o

Ca2
o
+ ECa2

50

�
𝜆elastic

�
��

1 + aQ
�
t, 𝜆elastic

�

1 − Q
�
t, 𝜆elastic

�
�

ECa50
�
𝜆elastic

�
=

Caomax√
e𝛽[𝜆elasticlr−lo] − 1

Q
�
t, 𝜆elastic

�
= A1

t

∫
−∞

e−𝛼1(t−𝜏)𝜆̇elasticd𝜏



296	 A. C. Estrada et al.

1 3

of the differential equations for the model isoproterenol input 
node (ISO) and for the β-adrenergic receptor downstream node 
(βAR) in Eq. (5) and in Eqs. (6–9), respectively. In these equa-
tions, W corresponds to the weight of the reaction, a meas-
ure of the extent to which the reaction can activate or inhibit 
its downstream nodes, and ymax to the maximum activation 
possible for each particular node. By default, all nodes used 
ymax = 1, Hill coefficient n = 1.4, and half-maximal activation 
EC50 = 0.5 in the Hill-type activation function fact(X) (Eq. 7), 
as described in the original publications (Ryall et al. 2012; 
Frank et al. 2018). The model used a time constant τ = 0.1 h 
for all nodes except for the outputs α-myosin heavy chain 
(aMHC), atrial natriuretic peptide (ANP), β-myosin heavy 
chain (bMHC), brain natriuretic peptide (BNP), skeletal 
α-actin (sACT), sarcoplasmic reticulum ATPase (SERCA), 
and input isoproterenol (ISO), which were set to 1 h, and out-
put Cell Area, which was set to 50 h. Default reaction weights 
were set to 0.06 for all inputs except isoproterenol, 0 for the 
isoproterenol input because it is an exogenous drug, and 1 for 
all downstream reactions. Table 1 summarizes the network 
model parameters. 

(5)
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2.4 � Coupling the network and mechanical models

We built the multiscale model of hypertrophy (Fig. 1) by 
coupling the cardiomyocyte hypertrophy signaling net-
work model and finite-element model of the left ventricle 
described above via MATLAB (R2014b, Mathworks). We 
coupled the two models by mapping key outputs of each 
model to inputs of the other model. Specifically, we used a 
linear transfer function to map strain from the finite-element 
model to the stretch input of the network model and a sepa-
rate linear transfer function to map the cell area output of the 
network model to the growth deformation tensor applied to 
the finite-element model. We present these transfer functions 
and their rationale in more detail below.

For each growth step in the multiscale model, we ran the 
network model to simulate 5 h of real time, sampled the 
cell area output, and used it to drive an increase in mass in 
the FEM by updating the growth deformation tensor Fgrowth 
(Fig. 2). For the simulations of concentric hypertrophy pre-
sented here, we assumed that all growth would occur in the 
radial direction; the potential limitations of this assump-
tion are considered in Sect. 4. We then sampled the elastic 
deformation from the FEM over the course of one simulated 
cardiac cycle and used it to update the stretch input to the 
network model, then iterated to the next growth step. To 
account for the differences in value ranges when coupling 
the model inputs and outputs, we defined linear transfer 
functions as described in the following section.

Our stretch transfer function coupled the mechanical 
behavior of the models by mapping a measure of strain 
from the FEM to the normalized stretch input in the net-
work model. Because the signaling network incorporates 
a single generic stretch input that activates stretch-related 
intracellular pathways, this mapping required calculating a 
single strain metric from the FEM. We chose the minimum 
of the greatest principal cross-fiber strain (min(Ecross,max)) 
during the cardiac cycle, a metric successfully used by 
Kerckhoffs et al. (2012) to drive thickening of the myo-
cardium in previous phenomenologic models of pressure 
overload and volume overload. Based on the fact that the 
pressure gradients imposed in the studies modeled here 
fell in the middle of the range of severities of TAC known 
to induce graded hypertrophic responses (Richards et al. 
2019), we calibrated the mapping between min(Ecross,max) 
in the FEM and normalized stretch in the network so that 
the mechanical changes associated with TAC would stimu-
late a half-maximal increase in predicted cell area (Fig. 3). 
We did this by averaging the min(Ecross,max) values across 
all finite elements in the FEM at baseline and during simu-
lated aortic constriction, and mapping them to values of 
the network stretch input that trigger no growth (0.06) and 
a 50% increase in cell area in the network model when all 
other parameters are held constant. The resulting stretch 

Table 1   Signaling network model parameters

Parameter Baseline value

Hill coefficient n 1.4, all nodes

Time constant � 0.1 h input andmiddle nodes

1 h output nodes

50 h cell area output node

Half-maximal activation EC50 0.5, all nodes

Maximal activation ymax 0.132, isoproterenol input node

1, all other nodes

Reaction weight W 0.06, input reactions

0, isoproterenol input reaction

1, downstream reactions
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transfer function is shown in Eq. (10). In addition to the 
single-network simulations, we ran TAC simulations in 
which we averaged strains within each of five transmu-
ral layers of the FEM and coupled each layer to its own 
representative network. We used the same stretch transfer 
function but shifted along the strain axis, such that the 

average mechanical stimulus for each layer would be at its 
homeostatic point at baseline. 

We also constructed a linear transfer function to map the 
predicted cell area output of the network model to the deter-
minant, Jg, of the growth deformation tensor Fgrowth in the 
FEM. As described in more detail below, we calibrated this 
mapping so that the baseline cell area in the network model 
corresponds to Jg = 1 (no growth), and the cell area value 
in the network model after 2 weeks of simulated TAC cor-
responds to the average fold change in LV mass (Jg = 1.45) 
2 weeks after TAC as reported in the literature. Because we 
assumed all growth to be in the radial direction, we assigned 
the diagonal components of the growth deformation ten-
sor to be Fgrowth,rr = Jg and Fgrowth,ff = Fgrowth,cc = 1. The final 
growth transfer function is shown in Eq. (11).

2.5 � Model tuning: simulating isoproterenol 
infusion and TAC​

We tuned the multiscale model by simulating two dif-
ferent conditions that stimulate concentric hypertrophy: 

(10)StretchNet = 2.0250
(
min

(
Ecross,max

))
− 0.0843

(11)Jg = 1.0744(CellArea) + 0.7642

Fig. 1   Schematic of the multiscale model of hypertrophy. A finite-
element model of the left ventricle is coupled to a network model of 
intracellular hypertrophy signaling in cardiomyocytes. The network 
model shows the change in activation of each node in response to 

simulated transverse aortic constriction (TAC) compared to baseline 
activation. Increased activation is shown in pink and decreased acti-
vation is shown in blue

Fig. 2   Multiscale model coupling process. We apply the growth 
stretch to the FEM in FEBio and run one cardiac cycle. We then parse 
the elastic deformation from the FEM in MATLAB and use it to cal-
culate the network mechanical input. We run the network model for a 
simulated 5 h growth step and sample the cell area, which we use to 
calculate the mass increase and growth stretch for the FEM
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isoproterenol infusion and TAC. We gathered mass fold 
increase data reported in the literature for both isoproterenol 
infusion and TAC (De Windt et al. 2001; Tuerdi et al. 2016; 
Allwood et al. 2014; Sucharov et al. 2013; Drews et al. 2010; 
Tshori et al. 2006; Zhang et al. 2016; Waters et al. 2013; 
Ryu et al. 2016; Jaehnig et al. 2006; Galindo et al. 2009; 
Liao et al. 2003; Akhter et al. 1998; Rapacciuolo et al. 2001; 
Huss et al. 2007; Choi et al. 1997; Ling et al. 2009; Rock-
man et al. 1994; Li et al. 2010; Wang et al. 2016; Patrizio 
et al. 2007) and used these data (Table 2) to tune the level of 
hormonal input to the network model and the growth transfer 
function as follows. Based on data showing that the doses 
of isoproterenol used in these studies did not significantly 
alter blood pressure (Allwood et al. 2014), we simulated 
isoproterenol infusion by maintaining baseline loading con-
ditions for the FEM and increasing the activation level of the 
isoproterenol input node (ISO) in the network model, with 
all other hormonal inputs remaining at their baseline levels. 
Because the data showed that even maximal doses of iso-
proterenol produce a lower steady-state mass increase than 
TAC in murine experiments (De Windt et al. 2001; Tuerdi 
et al. 2016; Allwood et al. 2014; Sucharov et al. 2013; Drews 
et al. 2010; Tshori et al. 2006; Zhang et al. 2016; Waters 
et al. 2013; Ryu et al. 2016; Jaehnig et al. 2006; Galindo 
et al. 2009; Brooks and Conrad 2009), we set the maximum 
activation (ymax) of ISO to 0.132, which restricted maximal 
growth due to ISO to about two-thirds of the growth induced 
in our TAC simulations.

TAC alters both the level of hormonal stimulation and 
the mechanical load experienced by the heart. Based on data 
showing that β-adrenergic pathways are activated but not 
saturated during TAC (Choi et al. 1997), we simulated the 
hormonal environment associated with TAC by increasing 

angiotensin II (AngII), endothelin-1 (ET1), norepinephrine 
(NE), atrial natriuretic peptide (ANPi), and brain natriuretic 
peptide (BNPi) inputs to levels (normalized inputs of 0.09 
for each) that produced a half-maximal increase in cell area 
from baseline in the network model. Finally, we simulated 
TAC in the multiscale model by elevating these hormonal 
inputs in the network and applying pressure-overload load-
ing conditions in the FEM, and tuned our growth transfer 
function (Eq. 11) so that Jg matched the average reported 
mass fold increase 2 weeks following TAC (Liao et al. 2003; 
Akhter et al. 1998; De Windt et al. 2001; Rapacciuolo et al. 
2001; Huss et al. 2007; Choi et al. 1997; Ling et al. 2009; 
Rockman et al. 1994; Li et al. 2010; Wang et al. 2016; 
Patrizio et al. 2007). Simulation conditions for isoproterenol 
infusion and TAC are summarized in Table 3.

2.6 � Model validation: simulating interventions 
for TAC​

We validated the multiscale model by simulating multiple 
genetic modifications (Akhter et al. 1998; Rapacciuolo 
et al. 2001) and pharmacologic interventions (Rockman 
et al. 1994; Li et al. 2010; Wang et al. 2016; Patrizio et al. 
2007) shown to attenuate hypertrophy due to TAC. We 
used the same pressure loading conditions and hormonal 
activation levels as with TAC but with specific perturba-
tions for each intervention. In order to simulate an inhibi-
tion, a knock-out, or a blockade in the network model, we 
set the maximum activation (ymax) of the node of inter-
est to zero, thus preventing any level of activation. We 
simulated a transgenic Gq-coupled receptor inhibitor over-
expression (GqI) that prevented activation of the Gαq11 
network node (Akhter et al. 1998); an endogenous NE 

Fig. 3   Mapping model inputs and outputs. a Steady-state cell area 
response in the network model for different levels of normalized 
stretch input. b Mechanical stimulus from the FEM (min(Ecross,max), 
see text for details), is mapped to the network model stretch input 
using a linear transfer function such that the baseline min(Ecross,max) 

corresponds to the baseline network stretch and values of 
min(Ecross,max) expected during TAC trigger half-maximal increases in 
cell area. c Combining a, b yields an integrated response curve relat-
ing min(Ecross,max) directly to predicted steady-state cell area
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knock-out (NE KO) that eliminated the NE input (Rapac-
ciuolo et al. 2001); the angiotensin II receptor blocker 
losartan (ARB), which blocked the AT1R network node 
(Rockman et al. 1994; Li et al. 2010; Wang et al. 2016); 
and the β-blocker propranolol, which blocked the βAR 
network node (Patrizio et al. 2007). The GqI and NE KO 
interventions each used a version of the network model 
with their respective modifications to obtain initial steady-
state network conditions before TAC was simulated, since 

these genetic modifications were present throughout the 
life of the mice. The ARB and β-blocker interventions 
instead used the baseline network to obtain initial steady-
state conditions and then applied the modifications once 
TAC was induced, consistent with the fact that these were 
administered following TAC in experiments. Simula-
tion conditions for TAC interventions are summarized in 
Table 3.

Table 2   Data used to tune and validate the model

Study Isoproterenol dose (mg/kg BW/day) Mass fold change ± SD Time 
point 
(days)

Tuning: isoproterenol infusion
De Windt et al. (2001) 60 1.25 ± 0.05 14
Tuerdi et al. (2016) 5 1.37 ± 0.03 7
Allwood et al. (2014) 30 1.36 ± 0.03 14
Sucharov et al. (2013) 30 1.20 ± 0.04 7
Drews et al. (2010) 30 1.16 ± 0.01 1

30 1.53 ± 0.08 7
Tshori et al. (2006) 5 1.38 ± 0.14 7
Zhang et al. (2016) 5 1.23 ± 0.01 7
Waters et al. (2013) 47 1.27 ± 0.01 3
Ryu et al. (2016) 25 1.31 ± 0.01 3

25 1.24 ± 0.01 14
Jaehnig et al. (2006) 60 1.29 ± 0.02 10
Galindo et al. (2009) 40 1.49 ± 0.13 10
Brooks and Conrad (2009) 100 1.19 ± 0.01 14

Study Mass fold change ± SD Time point (days)

Tuning: transverse aortic constriction
Liao et al. (2003) 1.50 ± 0.01 7
Akhter et al. (1998) 1.39 ± 0.13 7
De Windt et al. (2001) 1.22 ± 0.10 14
Rapacciuolo et al. (2001) 1.60 ± 0.23 7
Huss et al. (2007) 1.17 ± 0.03 7
Choi et al. (1997) 1.34 ± 0.20 7
Ling et al. (2009) 1.65 ± 0.02 14
Rockman et al. (1994) 1.20 ± 0.08 7
Li et al. (2010) 1.73 ± 0.21 14
Wang et al. (2016) 1.36 ± 0.06 14
Patrizio et al. (2007) 1.29 ± 0.02 14

Study Intervention Mass fold change ± SD Time point (days)

Validation: transverse aortic constriction plus intervention
Akhter et al. (1998) GqI 1.15 ± 0.01 7
Rapacciuolo et al. (2001) NE KO 1.20 ± 0.03 7
Rockman et al. (1994) Losartan 0.96 ± 0.06 7
Li et al. (2010) Losartan 1.20 ± 0.01 14
Wang et al. (2016) Losartan 1.05 ± 0.07 14
Patrizio et al. (2007) Propranolol 1.15 ± 0.07 14
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3 � Results

3.1 � Growth plugin validation

We wrote a custom plugin that implements directional volu-
metric growth in the FEBio framework. Our plugin is based 
on the compressible transversely isotropic Mooney–Rivlin 
(TIMR) material with the capability of active contraction. 
The TIMR growth plugin requires that users specify four 
new parameters: growth deformation in the fiber, cross-
fiber, and radial directions (Fgrowth,ff, Fgrowth,cc, and Fgrowth,rr, 
respectively) and the radial direction vector for each ele-
ment. The plugin rotates the diagonal growth deformation 
tensor from fiber coordinates into local coordinates and 
updates the stress and tangent calculations so that they 
depend on the elastic deformation only. We demonstrated 
the proper implementation of the plugin by prescribing 
growth in an unloaded single-element simulation for five 
distinct cases: fiber growth only, cross-fiber growth only, 
radial growth only, fiber and cross-fiber growth equally, 
and isotropic growth. In Fig. 4a–c, we show the strain in 
Cartesian coordinates induced by each prescribed growth 
case with fibers at 0°, 45°, and 90° from the x axis. We then 
tested the effect of growth on the material stress by applying 
a prescribed stretch and hold in a one-element simulation. 
As shown in Fig. 4d, the initial stretch increased the stress 
within the element, but as the element was allowed to grow, 
the stress decreased despite the sustained total stretch as 
growth reduced the elastic stretch.

3.2 � Multiscale simulations of isoproterenol infusion 
and TAC​

We simulated 2 weeks of isoproterenol infusion using the 
multiscale model by elevating the isoproterenol input to its 
maximum possible value of 1, maintaining all other hor-
monal inputs at their baseline values of 0.06, and allowing 

the stretch input to evolve in response to growth according 
to the coupling equations outlined under Methods. As seen 
in Fig. 5a, the calibrated simulation predicted a steady-state 
mass increase of 1.33 fold with a time course consistent with 
published data from experimental studies of isoproterenol 
infusion in mice (De Windt et al. 2001; Tuerdi et al. 2016; 
Allwood et al. 2014; Sucharov et al. 2013; Drews et al. 2010; 
Tshori et al. 2006; Zhang et al. 2016; Waters et al. 2013; 
Ryu et al. 2016; Jaehnig et al. 2006; Galindo et al. 2009; 
Brooks and Conrad 2009). Figure 5b shows short-axis cross-
sections of the baseline left ventricle and the left ventricle 
after 2 weeks of isoproterenol infusion, both at end diastole. 
These cross-sections show the substantial thickening of the 
left-ventricular walls, consistent with the growth patterns in 
concentric hypertrophy.

We simulated transverse aortic constriction by imposing 
pressure-overload loading conditions and increasing input 
levels of AngII, ET1, NE, ANPi, and BNPi as described 
under Methods. Figure 6a, c shows the mass increase in 
the left ventricle over 2 weeks in response to the combined 
mechanical and hormonal stimulation induced by TAC. 
While there is substantial variability in the experimental 
data, our calibrated model predicts a 1.52 fold mass increase 
that falls near the average of the values reported in the lit-
erature (Liao et al. 2003; Akhter et al. 1998; De Windt et al. 
2001; Rapacciuolo et al. 2001; Huss et al. 2007; Choi et al. 
1997; Ling et al. 2009; Rockman et al. 1994; Li et al. 2010; 
Wang et al. 2016; Patrizio et al. 2007). Imposing pressure-
overload loading conditions in the absence of elevated hor-
monal inputs produced much less growth than observed in 
our TAC simulation (Fig. 6a, see Sect. 4). We also ran TAC 
simulations where a separate network model was coupled 
to each of the five transmural layers of the FEM. In this 
5-layer model, the average mass fold increase was similar to 
that of the single-network simulation, but the dynamics were 
different (Fig. 6b). During initial overload, the inner layers 
grew faster due to greater mechanical stimuli. However, the 

Table 3   Simulation conditions

Simulation

Hemodynamic condition Elevated input nodes
Intervention

target node y max = 0

Baseline 
pressure

Acute 
pressure 
overload

ISO
AngII, NE, 
ET1, ANPi, 

BNPi
Gαq11 NE AT1R βAR

Isoproterenol 
infusion

TAC

GqI

NE KO

ARB

β-blocker
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growth of the inner layers subsequently pushed the mechani-
cal stimuli of the outer layers farther from their homeostatic 
point, thus leading to sustained growth.

3.3 � Simulations of genetic and pharmacologic 
interventions for TAC​

Finally, we simulated the effect of several interventions for 
attenuating the hypertrophy induced by TAC: a transgenic 
Gq-coupled receptor inhibitor (GqI) overexpression model, 
an endogenous norepinephrine genetic KO (NE KO), an 
angiotensin receptor blocker (ARB), and a β-adrenergic 
receptor blocker (β-blocker). We ran each of the interven-
tion models using appropriate modifications to the signaling 
network model and the same mechanical loading conditions 
as TAC. As shown in Fig. 7a–c, all interventions attenuated 
hypertrophy compared to TAC and to an extent that was 
broadly consistent with reported data (Akhter et al. 1998; 
Rapacciuolo et al. 2001; Rockman et al. 1994; Li et al. 2010; 
Wang et al. 2016; Patrizio et al. 2007). The differences in 
growth attenuation among the interventions can be attrib-
uted to the influence of the target nodes on the network. For 

example, removing activation of the Gαq11 node decreases 
the effect of the activation of inputs AngII, ET-1, and NE, 
while removing the NE node does not directly reduce the 
influence of the other hormonal inputs (Fig. 1). Similarly, 
blocking the AT1R node prevents activation of JAK and 
Gαq11 by AngII, while blocking the βAR node only partly 
reduces the influence of NE, because NE also activates the 
αAR node, thus bypassing the block.

4 � Discussion

We present here a multiscale model of cardiac hypertrophy 
that connects a detailed model of intracellular cardiomyo-
cyte signaling with a finite-element model of organ-level 
mechanics. We simulated concentric growth due to isopro-
terenol infusion, transverse aortic constriction (TAC), and 
TAC plus genetic or pharmacologic interventions, and our 
model captured the experimental trends for all conditions 
reasonably well (Figs. 5, 6, 7). The most striking finding 
from our study was that despite the fact that we attempted 
to simulate realistic levels of elevated stretch and hormonal 

Fig. 4   Strain in the X, Y, and Z directions in response to growth in the 
fiber direction, cross-fiber direction, radial direction, fiber and cross-
fiber directions, and isotropically, in the following fiber directions: a 
fibers in the X direction; b fibers in the Y direction; c fibers at 45° 
between the X and Y directions. d Growth reduces stress in a single-
element simulation of constant applied stretch. A single finite element 

is initially stretched (solid pink line), causing an increase in stress 
(solid black line), and this stretch remains constant during the rest of 
the simulation. After the increase in stretch, the element is allowed 
to grow in the fiber direction (dashed pink line). The growth subse-
quently results in a decrease in stress, in spite of the constant total 
stretch
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stimulation associated with TAC, the hormonal inputs were 
responsible for the majority of the growth predicted by the 
multiscale model (Fig. 6a).

In order to better understand this result, we explored the 
impact of each choice we made when constructing the model 
that could affect the relative impact of stretch versus hormo-
nal inputs in driving hypertrophy in the multiscale model. 
The most important choice was how to map physical vari-
ables such as stretch and circulating hormone concentrations 
into normalized (0–1) inputs in the signaling network model. 
We increased the level of several hormones as part of our 
simulation of TAC based on experimental data showing that 
they are elevated (Swynghedauw 1999; Lorell and Carabello 
2000; Yamazaki et al. 1995, 1996; Schunkert et al. 1990; 
Sugden 1999; Izumo et al. 1988; Rapacciuolo et al. 2001; 
Lindpaintner et al. 1987; Yoshida et al. 2015; Kamal et al. 
2014; Liao et al. 2003). We chose to increase them to levels 
which would trigger a half-maximal hypertrophy response 
in the network model, based on data showing that even after 
TAC animals mount a significant additional hemodynamic 

Fig. 5   Simulations of isopro-
terenol infusion for 2 weeks. a 
The multiscale model predicts 
a growth time course consist-
ent with experimental data of 
isoproterenol infusion in mice 
(De Windt et al. 2001; Tuerdi 
et al. 2016; Allwood et al. 2014; 
Sucharov et al. 2013; Drews 
et al. 2010; Tshori et al. 2006; 
Zhang et al. 2016; Waters 
et al. 2013; Ryu et al. 2016; 
Jaehnig et al. 2006; Galindo 
et al. 2009; Brooks and Conrad 
2009). Data are shown as mass 
fold change ratio relative to 
control ± standard deviation of 
ratio. b Finite-element model 
short-axis cross-sections show 
volume ratios at end diastole for 
baseline (pre-growth) and after 
2 weeks of isoproterenol infu-
sion. Baseline outline is shown 
for clarity

Fig. 6   Simulations of transverse aortic constriction (TAC) for 
2  weeks. a When using both mechanical and hormonal stimula-
tion (solid line), the multiscale model predicts a growth time course 
that follows experimental data trends of TAC in mice, from Liao 
et al. (2003), Akhter et al. (1998), De Windt et al. (2001), Rapacciu-
olo et  al. (2001), Huss et  al. (2007), Choi et  al. (1997), Ling et  al. 
(2009), Rockman et  al. (1994), Li et  al. (2010), Wang et  al. (2016) 
and Patrizio et  al. (2007). When stimulated using stretch alone, the 
multiscale model reaches a lower growth steady state than is seen 
in the TAC experimental data. The dashed line corresponds to the 
growth response obtained by stimulating the model with the maxi-
mum network input stretch (1), and the possible growth obtained 
when using the full range of network stretch inputs (0–1) is shown in 
the shaded region. Data are shown as mass fold change ratio relative 
to control ± standard deviation of ratio. b When each transmural layer 
(subendocardium, midendocardium, midwall, midepicardium, and 
subepicardium; solid lines) of the FEM is coupled to its own repre-
sentative network, the inner layers initially grow more rapidly, while 
the outer layers experience sustained growth. However, the average 
behavior (dashed line) is similar to that of the single-network simula-
tion shown in a. Data are shown as mass fold change ratio relative 
to control ± standard deviation of the ratio. c Finite-element model 
short-axis cross-sections show volume ratios at end diastole for 
baseline (pre-growth) and after 2 weeks of TAC. Baseline outline is 
shown for clarity

◂
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response to agonists of some of these pathways (Choi et al. 
1997). Experimental data have shown that levels of these 
circulating hormones will remain elevated and even increase 
over time as hypertrophy progresses toward heart failure 
(Sergeeva and Christoffels 2013; Iwanaga et  al. 2001). 
However, some receptors, such as the β-adrenergic and AT1 
receptors, have been shown to be downregulated due to long-
standing hypertrophy (Lorell and Carabello 2000). While 

we did not include receptor desensitization in our simula-
tions, this is an effect that could be incorporated in future 
versions of these multiscale models looking at longer time 
periods of hypertrophy. We tested higher and lower levels 
of hormone activation but found that these activation levels 
failed to properly capture the growth attenuation of all TAC 
interventions considered here. If we wanted to more pre-
cisely match the intervention data shown here, or to match 
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a wider array of experimental data, we could certainly tune 
each of the individual hormonal input levels further in our 
TAC simulation, but given the high variability in the avail-
able experimental data on both hormone levels and growth 
following TAC, we did not feel that additional fine-tuning 
could be appropriately supported by data.

With regard to mapping stretch, we assumed that aortic 
constriction induced an initial stretch that—if maintained—
would also induce half-maximal hypertrophy, based on data 
showing that the TAC models used in most of the studies 
simulated here fell in the middle of the range of severities 
of TAC capable of inducing graded hypertrophic responses 
(Richards et al. 2019). However, due to the nature of the vol-
umetric growth framework, as growth progressed, it reduced 

elastic stretches in the finite-element model, returning the 
stretch input transmitted to the network model to its baseline 
(homeostatic) value within the first 2–3 days of simulated 
time. To determine if this response depended on the specific 
choice of stretch mapping, we ran additional simulations 
where strains during aortic constriction were mapped to 
network stretch inputs ranging from 0 to 1, five times the 
value normally required to achieve maximal growth in the 
network, and found that none of these mappings could pro-
duce even half the growth observed in our TAC simulation 
(shaded region, Fig. 6a). As discussed further below, this 
aspect of the volumetric growth modeling approach may not 
be the best representation of the underlying biology, and the 
model could certainly be altered in various ways to prolong 
or accentuate the effects of mechanical stretch on growth. 
However, the fact that multiple interventions that disrupt 
hormonal signaling can nearly abolish TAC-induced hyper-
trophy experimentally (Fig. 7) suggests that the balance 
between mechanically and hormonally driven hypertrophy 
in our multiscale model of TAC is reasonable.

Incorporating hormonal effects into a growth framework 
has significant advantages over using a phenomenologic 
growth law driven by mechanics alone. Our multiscale 
model separates the effects of mechanical overload from 
hormonal changes, and it uses a fundamentally different 
approach for predicting growth than traditional phenom-
enologic laws. In our model, the amount of growth that 
occurs depends on the signaling network intermediate nodes 
reaching new steady-state levels. In contrast, the phenom-
enologic laws drive growth based on the differences between 
a mechanical stimulus such as stress or strain and its homeo-
static value, so that the growth will only increase until the 
homeostatic value is reached. Both approaches can be used 
to capture the growth due to an initial mechanical perturba-
tion, such as pressure overload (Kerckhoffs et al. 2012; Lin 
and Taber 1995; Göktepe et al. 2010; Taber 1998; Arts et al. 
2005), and the phenomenologic laws can be parameterized 
to account for elevated hormones. However, any subsequent 
changes to the hormone levels or addition of drugs would 
require re-fitting the phenomenologic laws. Accounting for 
hormones in addition to mechanics through their known 
signaling pathways has the potential to extend the predictive 
capabilities of the multiscale model. Incorporating hormonal 
and pharmacologic effects will likely be necessary for prop-
erly predicting cardiac hypertrophy in individual patients, 
who receive individualized drug regimens for their specific 
conditions. Additionally, our multiscale model may prove 
useful in identifying new therapeutic targets or intervention 
strategies for attenuating growth, be it for concentric hyper-
trophy more broadly or for patient-specific situations.

We simulated growth in our multiscale model using a 
volumetric growth framework. This choice assumes that the 

Fig. 7   Simulations of transverse aortic constriction (TAC) interven-
tions compared to experimental data. The multiscale model simula-
tions of TAC interventions attenuate growth at 2 weeks in a manner 
consistent with experimental trends for a genetic interventions GqI 
(Akhter et  al. 1998) and NE KO (Rapacciuolo et  al. 2001), b ARB 
therapy (Rockman et al. 1994; Li et al. 2010; Wang et al. 2016) and c 
β-blocker therapy (Patrizio et al. 2007), respectively. Data are shown 
as mass fold change ratio relative to control ± standard deviation of 
ratio
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reference state for growth remains constant throughout the 
simulation and that the stress depends solely on the elastic 
deformation required to enforce compatibility in the grown 
tissue. In order to implement this framework in the multi-
scale model, we mapped the network cell area output—a 
single measure of mass increase—to the determinant of the 
growth deformation tensor Fgrowth, assuming that changes 
in cell area for the in vivo model correspond to changes in 
cell volume. However, other growth frameworks, such as the 
constrained mixture approach, could also be used to relate 
the predicted network hypertrophy to organ-level changes. 
Constrained mixture approaches implement growth via 
turnover of individual constituents within a single material, 
allowing for the reference state to evolve and accounting for 
differences in loading for each constituent (Humphrey and 
Rajagopal 2002). The hypertrophy network model also out-
puts gene expression levels for specific proteins associated 
with sarcomere formation and contractile function: α-myosin 
heavy chain (aMHC) and β-myosin heavy chain (bMHC), 
which form the thick filaments of sarcomeres; sarcoplasmic 
reticulum ATPase (SERCA), a critical channel involved in 
calcium cycling; and skeletal α-actin (sACT), which con-
tributes to thin filament formation. These outputs could be 
incorporated into a constrained mixture growth approach 
either directly or within a function that determines addition 
of new constituents.

While our multiscale model provides a new method for pre-
dicting concentric growth, it currently has some limitations. 
First, the simulations included in this study assume spatially 
uniform concentric growth throughout the left ventricle. The 
multiscale model framework can be modified to incorporate 
different signaling networks with different signaling states 
for each individual finite element, but doing so would lead 
to substantially longer computation times. We ran additional 
simulations with separate signaling networks for each of the 
five transmural layers of the FEM and found that, while there 
are differences in the layer-specific growth, the average growth 
time course was comparable to that of the single-network 
simulation (Fig. 6). Additionally, the data used for tuning and 
validation in our study corresponds to fold changes in mass but 
does not include regional differences in growth. Second, the 
current network model cell area output can be interpreted as an 
increase in mass, but it does not account for directional differ-
ences in growth. We assumed that all growth would occur in 
the radial direction in our simulations of conditions that cause 
concentric hypertrophy. Thus, the multiscale model presented 
here could not correctly capture both concentric growth as 
demonstrated here and eccentric growth patterns as observed 
during volume overload. More work is needed to understand 
the signaling events controlling myocyte shape and to incor-
porate them into a multiscale model that can account for both 
thickening and lengthening of muscle fibers. Lastly, the model 

presented here mixes information across species: mechanical 
loading was simulated using an average canine left ventricle, 
the network model was constructed primarily from data on 
cultured neonatal rat ventricular myocytes, and comparison 
data comes from murine experiments. While subsequent ver-
sions of the model could use a finite-element model based on a 
murine left ventricle, the results from this study show that hor-
mones are more important in reproducing observed growth fol-
lowing TAC than mechanics, indicating that the exact choice 
of geometry is probably not critical for matching qualitative 
trends such as whether an intervention will attenuate or accen-
tuate hypertrophy. In spite of these limitations, our multiscale 
model demonstrates a promising strategy for predicting cardiac 
hypertrophy by integrating mechanics and biology.
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