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Abstract

Loss of cardiac physiological function following myocardial infarction (MI) is accompanied by
neural adaptations in the baroreflex that are compensatory in the short term but then become
associated with long-term disease progression. One marker of these adaptations is decreased
baroreflex sensitivity, a strong predictor of post-MI mortality. The relative contributions of cardiac
remodelling and neural adaptation in the sensory, central brainstem, and peripheral ganglionic

loci to baroreflex sensitivity changes remain underexplored. We used a computational model-
based approach that accounts for the short-term dynamics of closed-loop human cardiac control

to integrate disparate experimental studies on neural adaptation following Ml into a unified
quantitative framework. We developed an ensemble of 59 distinct model parameterizations that
account for the clinically observed heterogeneity of cardiac control in healthy individuals. We
simulated an /n silico cohort of 35,400 patients with MI, corresponding to six scenarios of one

or more loci of neural adaptation coupled with cardiac remodelling. We evaluated the range

of MI-induced shifts in arterial pressure, heart rate and baroreflex curve responses. Our results
show that adaptation in any single neural locus coupled with cardiac remodelling is sufficient to
account for the MI-induced hemodynamic and autonomic changes observed experimentally. Of the
adaptation pathways, we found that individuals with central or peripheral vagal efferent adaptation
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and preserved baroreceptor gain could maintain high baroreflex sensitivity after ischemic injury.
These results suggest that there are a multitude of adaptive pathways for tuning the baroreflex
circuit to shift cardiac control physiology, potentially explaining patient heterogeneity post-Ml.

Abstract figure.

The baroreflex adapts to compensate for the decrease in cardiac function after myocardial
infarction. We used /n silico patient cohorts representing afferent and efferent loci of neural
adaptation to explore neural remodelling that allowed individuals to maintain higher baroreflex
sensitivity after cardiac injury. The model suggests that adaptation along the vagal efferent
pathway can help maintain higher baroreflex sensitivity after cardiac injury. Figure created with
BioRender.com.
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l. INTRODUCTION

Myocardial ischemia and the subsequent injury to the cardiac tissue trigger a multitude

of changes to heart physiology, including ventricular stiffening and loss of contractility.
Reperfusion leads to an inflammatory response that further exacerbates the injury around
the infarct. These changes can result in a variety of hemodynamic states ranging from
hypotension to hypertension in different individuals (Ma et al., 2015). In addition to
alterations in cardiac physiology, adaptation of closed-loop neuronal regulation occurs
simultaneously in an attempt to maintain cardiovascular homeostasis. While the majority

of the investigational focus and therapeutic attention has been on the cardiac remodelling
aspect, there is mounting evidence that neural adaptation may also play a role in the aberrant
physiological response following MI (Sabbah, 2012). Neuronal adaptations to compensate
for decreased cardiac function after MI deliver short-term gains that are believed to result

in long-term cardiovascular disease progression (Floras, 2009; Herring et al., 2024). Several
questions regarding neural adaptation following myocardial infarction have been posed in
the recent white paper by Herring et al., 2024. We aim to address one such neural adaptation,
the observed decrease in baroreflex sensitivity after cardiac injury, which is correlated with
increased cardiac mortality in patients with recent myocardial infarction (La Rovere et al.,
1998).

The baroreflex is a complex control system that regulates cardiac function on a beat-to-beat
basis via several neural loci. Adaptation contributing to decreased baroreflex function could
originate from the periphery via the baroreceptors, the intrinsic cardiac nervous system
(ICN), dorsal root ganglia, and the stellate ganglia, or centrally in multiple autonomic nuclei,
including the nucleus tractus solitarius (NTS), nucleus ambiguus (NA), dorsal motor nucleus
of the vagus (DMV), rostral ventral lateral medulla, and caudal ventrolateral medulla. There
is a variety of evidence to supporting neuronal adaptation in response to ischemic injury

in these neural groups including neuropeptide and morphological changes in the stellate
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ganglia (Ajijola et al., 2015), transcriptomic changes in the DMV (Gorky et al., 2021),

as well as structural and functional remodelling in the ICN (Rajendran et al., 2016). It is
reasonable to expect that different loci of neural adaptation could adapt, depending on the
individual, contributing to the heterogeneity observed clinically. We propose that differential
balance of nuclei across the baroreflex arc may be partially responsible for the diversity in
baroreflex function observed clinically.

We approach this hypothesis using a computational modelling and simulation strategy

to overcome the challenges in unpacking the experimental complexity to discern the
contributions of each neural locus to baroreflex adaptation in health and disease.
Experimental interventions are likely to induce new adaptations in other parts of the
closed-loop cardiovascular control system, making it difficult to tease apart the cause and
effect relationships. Closed-loop computational models of the baroreflex are established
predictive tools for describing the heart rate response to blood pressure changes (Ursino,
1998). These models have been used to predict changes under a variety of conditions and
gain insights on physiological phenomena including exercise (Park et al., 2020), hypoxia
(Ursino & Magosso, 2000), and respiratory sinus arrhythmia (Ben-Tal et al., 2012). To
date, many models of the baroreflex have been proposed, but only a few have considered
baroreflex changes following myocardial infarction (Kember et al., 2017), and only in ways
that do not explicitly include cardiac damage. On the other hand, computational approaches
that explicitly model the cardiac physiology are usually computationally expensive finite-
element models or are focused on the immune response following M1, and do not include
baroreflex regulation in the quantitative scheme (Berberoglu & Goktepe, 2015; Séez &
Kuhl, 2016). Furthermore, computational models that account for individual heterogeneity
of cardiac physiology have been explored to a limited extent and are actively emerging

in recent studies (Niederer et al., 2020; Argus et al., 2022; Yang et al., 2023). These
computational models tend to address the cardiac, respiratory, or drug response level, but
limited work has been done on variability of the baroreflex.

In the present study, we aim to address a question on adaptations in cardiac control

with cardiovascular disease posed in the recent white paper on translational advancements
and potential in neurocardiology (Herring et al., 2024). The white paper brings forward
the question “How does localized pathology in specific regions of the neural hierarchy
influence the behaviour of the system as a whole?” We aim to address this question more
specifically by exploring the question of how localized pathology in the heart influences
the system as a whole and how specific regions of the neural hierarchy can compensate for
that pathology. We hypothesise that adaptation in a subset of neural loci is sufficient for
maintenance of baroreflex sensitivity after ischemic insult. We generate and simulate an /n
sifico patient cohort that accounts for inter-individual heterogeneity, and is consistent with
the range of hemodynamic behaviour observed clinically, to capture closed-loop cardiac
autonomic control aspects with high fidelity. Our overall strategy is to compare pre- versus
post-ischemia/reperfusion models over the range of neural loci of adaptation and identify
characteristics of virtual patients with higher baroreflex sensitivity after myocardial injury.
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METHODS

The present model extends our previously published work on baroreflex control of the
cardiovascular system (Gee et al., 2023). Briefly, the cardiovascular control model consists
of two main parts: (1) the cardiovascular system, represented by ordinary differential
equations derived from mass balances of blood flow through body compartments, and

(2) the neural control system, represented by sigmoidal functions representing the
saturating firing behaviour of neurons (Fig. 1). The cardiovascular system model includes
representations of the pulmonary and systemic circulatory systems and a pulsatile model
of the heart. The neural portion of the model includes representations of sensory neuronal
groups as well as brainstem and ICN neuronal groups. This model is used to simulated
pre-ischemia and post-ischemia /n silico patient cohorts to examine adaptation following
cardiac injury and the role of inter-individual variability.

A. Pre-ischemia model ensemble

The plausible range of baroreflex curves in healthy individuals was quantified using data
from five individuals and measured using neck chamber pressure (Seredynski et al., 2021).
To quantify the characteristics of these baroreflex curves, these individual data were fit to the
sigmoidal function

Al

T+ exp[A2ECSP—A3)] T A%

RRinterval =

@)

which was previously used by (Fadel et al., 2003; Seredynski et al., 2021). In this case,

we have fit the RR interval response to estimated carotid sinus pressure, which is the
pre-stimulus mean arterial pressure minus the neck chamber pressure. The parameter A1
represents the response range (maximum - minimum), A2 represents the gain coefficient,
i.e. the slope of the sigmoid, A3 represents the centering point for the horizontal shift

of the sigmoid, and A4 represents the minimum response. Eq. 1 is used to quantitatively
compare the model predictions of overall baroreflex function with experimentally measured
baroreflex curves and filter out plausible models.

To develop an averaged cardiovascular control model capturing this pre-1/R RR interval
response to carotid sinus pressure changes, we re-estimated a minimal set of parameters
from our previously published model (Gee et al., 2023). The two parameters represent the
minimum and maximum firing rate of the population of ICN neurons that regulate heart rate
were re-fit to match the average baroreflex curve response of the data from (Seredynski et
al., 2021). All other parameter values were the same as in the previous model and the new
parameter values are provided in Table 1.

The sensory neuronal groups include baroreceptors that convert arterial pressure changes
into electrical signals. Based on prior models (Ursino, 1998; Park et al., 2020; Gee et al.,
2023), the baroreceptors are represented by a linear derivative first-order dynamic function
and a sigmoidal static function in series as indicated by experimental results (Chapleau &
Abboud, 1987):
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)
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Eq. 2 converts the measured arterial pressure P,, to the output variable of the dynamic
function P (with dimensions of pressure). The time constants z, and =, are for the real pole
and real zero in the linear dynamic block. P is converted to the baroreceptor firing rate (£,
in Eq. 3, with the minimal and maximal output firing rate given by f,., and £,.., respectively.
P, is the intrasinus pressure at the central point of the sigmoidal curve and k, is the gain
constant describing the magnitude of the response of the firing rate to pressure changes.
Larger values of k, mean the baroreceptors are less sensitive to pressure changes.

Sensory signals from the baroreceptors are sent to the brainstem where neuronal groups are
represented by sigmoidal functions of the form:

Smin g = Fmax,j
fouLj = /7;( + fmux.‘/

1+(fmpur.j)

midpt, j

©

Eq. 4 describes the input-output behaviour of the /%7 neuronal group, where .., and f,..,
are the minimal and the maximal output firing rates. Changes in the value of the parameter
Fmiam.,; SHift the range of input firing rates to which the neuronal group is sensitive and the
sigmoidal gain, k;, represents the magnitude of the output firing rate change in response to a
change in input firing rate.

These sigmoidal functions are used to describe brainstem neuronal subtypes in the

NTS, NA, and DMV as well as peripheral neuronal subtypes in the ICN. The NTS

includes separate representations for neuronal subtypes based on previous single-neuron
transcriptomic analysis, which indicated that neuronal subtypes in the NTS are distinct
based on the inputs they receive (Park et al., 2014). Therefore, the model incorporates

NTS neuronal subtypes that receive different types of sensory input (baroreceptor inputs
with information on arterial pressure, cardiopulmonary receptor inputs with information on
pressure in the heart chambers, and lung stretch receptor with information on lung inflation).
NTS neurons project to the NA and DMV, which transmit signals through the vagus nerve
to the ICN. Neuronal tracing studies have shown that the NA and DMV project to separate
populations of principal neurons (PN) in the ICN, so we have included representations of
those neuronal groups in the model (PNyna and PNppy). These separate populations interact
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via local circuit neurons (LCN) that also incorporate sensory information, forming an inner
feedback loop.

Effector functions based on mathematical relationships derived from experimental
measurements then translate firing rates from the ICN into changes in HR and ventricular
elastance (Ursino, 1998). Experiments on the effects of sympathetic activity and the time
delays observed were used to inform a logarithmic relationship between elastance and
sympathetic firing rate.

Gy * In[fesn(t = Dgs) = fesmin+ 1] if Fes.n = fesmin
UE.S(t) = .
O lf fcs,h < fex,mm

®)

Where o, is the effect of sympathetic activity on elastance, G, is a gain value, D;, is

a time delay, f..... @ Sympathetic activity constant. based on experiments on the effects of
sympathetic activity and the time delays observed (Ursino, 1998). A first-order filter with
time constant z;,

1
dA t
Emax,lux() _ 1 —A 1
dt - TE,s Emax.lUJ

() + g, (1)
(6)

further blunts the effects on elastance. The parasympathetic contribution to ventricular
elastance has a linear relationship between the vagal firing rate 7., , multiplied by gain G,
with time delay Dy,

650=GEo * feon(t — D)

™

also blunted by a first-order filter.

1
dA ®
Emax. vy
I 1 A 1

dt TE.v Epax. 10,

(t) + o, v(t)]

®)

1

Emax. lvg

The change in elastance due to sympathetic activity (A ) and the change due to

1

Emax. vy

parasympathetic activity (A ) are summed to produce the effect of neural activity on

left ventricular elastance:
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The effect of neural activity is added to the baseline elastance, obtained from a denervated
heart (Ursino, 1998; Ursino & Magosso, 2000; Park et al., 2020) with the baseline elastance
(E,ax.i0.0) to calculate the ventricular elastance:

_——
Epixiv = E max.v + Enax.10.0

(10)

Equations representing the effects of sympathetic activity on arterial resistances and venous
unstressed volumes have the same form as Egs. 5 and 6. Parameters were likewise adapted
from previous models, which were measured or deduced from empirical observations of
relationships between physiological variables (Ursino, 1998; Ursino & Magosso, 2000; Park
et al., 2020).

B. Summary of experimental data used to filter accepted models

Data from three studies were used to filter the accepted models. The data used to constrain
the pre-I/R baroreflex curves were from (Seredynski et al., 2021). These baroreflex curve
data were collected in healthy subjects using a neck chamber pressure device to control
carotid sinus pressure while RR interval was measured. Because paired pre- and post-I1/R
data were not available in humans, experimental data from rats were used (Mastitskaya
etal., 2012). HR and MAP were measured prior to myocardial ischemia caused by a left
anterior descending artery ligation. After 30 minutes of cardiac ischemia, the heart was
reperfused and HR and MAP were measured again 120 minutes later (Fig. 4B). There were
other HR and MAP measurement timepoints included in the study, but the 120 minute
post-ischemia timepoint was selected because it was the closest in time to what could be
measured clinically post-1/R. In addition, this study included other experimental groups with
selective silencing and activation of the dorsal motor nucleus of the vagus. However, because
of the limited data points, large number of parameters estimated in this model, and low
likelihood of finding appropriate baroreflex curve data to help constrain the model, the other
experimental group data points were not used. The available post-1/R baroreflex curve data
were from M1 patients 30—72 hours after the first occurrence of chest pain. The patients

had no evidence of a previous M, no history of hypertension, diabetes, or other major
cardiovascular diseases. Baroreflex curve data were measured using neck chamber pressure.

C. Parametric sensitivity analysis

To decrease the number of cardiac parameters to estimate to represent the pre- and post-
I/R models, we performed a global sensitivity analysis to determine which parameters
significantly affected HR and MAP. A density-based sensitivity analysis known as PAWN
(Pianosi & Wagener, 2018) was selected because the underlying distribution of the outputs
was unknown and because this method has been used successfully in other cardiovascular

J Physiol. Author manuscript; available in PMC 2026 March 01.
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system models (Park et al., 2020; Gee et al., 2023). To determine the underlying distribution,
PAWN uses cumulative density functions (CDF) to characterise the model output of interest
(») and determine the output sensitivity to the parameter of interest (). Two sets of
simulations were performed. The first set varied all parameters simultaneously to produce
unconditional CDFs (F,(y)). The second set varied all inputs except the parameter of interest
to produce conditional CDFs (F,,(y|6,)). To determine the sensitivity of the output to

changes in the parameter of interest, the distance between the unconditional and conditional
CDFs was quantified using the Kolmogorov-Smirnoff (KS) statistic. The sensitivity index
for the /4 input factor is

S" = StatmaXG: V|Fy(y) - Fy|a,-(J’|9i)|

(1)

where stat is a statistic chosen by the user (e.g., median). If the conditional and
unconditional CDFs are close together, the output is sensitive to that parameter because
varying other parameters did not cause a significant change in the output. If they are far
apart, the output is not sensitive to the input parameter of interest. Because the KS statistic
depends upon the value of the constant parameter, the PAWN method determines the KS
statistic across many values. To combine these KS statistics, we use a summary statistic
(e.g., median) to characterise the distribution of the KS statistic. This summary statistic
varies from 0 to 1, with a value closer to 1 indicating a greater parametric influence on

the output. To determine a threshold value for significant summary statistics, the PAWN
method introduces a dummy parameter, which is known to have no effect on the output.

If the summary statistic of a parameter is greater than the summary statistic of the dummy
parameter, it is likely that the output is sensitive to that parameter. In this analysis, we
performed 40,000 simulations with six conditioning intervals and checked for convergence
by performing additional simulations and confirming that the results remained the same. The
PAWN method also includes bootstrapping to determine 95 percent confidence intervals for
each sensitivity index.

D. Peripheral versus central contributions to heart rate regulation

The peripheral versus central contributions to heart rate regulation were quantified using the
Shapley value, which is a metric from game theory used to estimate the contributions of
each player in a coalition game (Loh et al., 2022). To obtain the Shapley values, accepted
parameter sets were used as the inputs to a support vector machine regression model with

a polynomial kernel function that predicts heart rate. The regression model was validated
using the mean square error between the predicted and actual heart rates. Because the
relationship between each parameter and heart rate could be nonlinear, the Shapley value
was calculated for each parameter set. The average over each of these sampled points was
calculated for each individual model for central (NTS, NA, DMV) and peripheral (ICN,
baroreceptors) parameters. The ratio of peripheral to central contributions was then taken for
each parameter set.

J Physiol. Author manuscript; available in PMC 2026 March 01.
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E. Clustering analysis

Post-I/R models were clustered based on average afferent vagal activity, average efferent
vagal activity, and baroreceptor responsivity. The analysis was performed using MATLAB
R2023Db’s tsne function using the Barneshut algorithm (van der Maaten, 2013), which was
selected for its computational efficiency (Mathworks, Natick, MA). The “cityblock’ distance
metric was used because the input metrics are in different units. Twenty was used for the
perplexity value, which quantifies the weighting of the local versus global aspects of the data
in running the analysis.

F. Model equations

All model equations are adapted from (Ursino, 1998; Ursino & Magosso, 2000;

Park et al., 2020; Gee et al., 2023). The full set of nominal model parameters

can be found at https://github.com/Daniel-Baugh-Institute/CardiovascularControl/tree/main/
Virtual_patient_cohorts.

The vascular system is composed of mass and force balances. These equations from first-
order principles are derived for the pulmonary and systemic circulatory system. The body
compartments included in the model are the systemic, splanchnic, extrasplanchnic, skeletal
muscle, thoracic and pulmonary arteries, and veins. In the pulmonary arteries we have the
mass balance for flow out of the right ventricle and into the pulmonary arteries:

dP,, 1
= C—[m( o.r = Fpa)
(12)
The corresponding force balance at the pulmonary arteries is:
dF,, 1
dtp =TM(PPH_PPP_ R, * FP”)
(13)
The conservation of mass at pulmonary peripheral circulation (pp) is modeled as:
dPnp_LF _Ppn Pm
a G\ ™ R,
(14)
The conservation of mass at pulmonary veins (pv) is modeled as:
dP,, _ 1 (P, — P, P,— P,
d ~ Cu\ R, R,
(15)

The mass balance at systemic arteries (sa) is:

J Physiol. Author manuscript; available in PMC 2026 March 01.
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dP, _ 1
dt - FW(FU,[ - Fsu)
(16)
The force balance at systemic arteries is:
dF,, 1
g =T (Pu=Py= Ro* Fy)
(17

Conservation of mass at peripheral systemic circulation — splanchnic, extrasplanchnic, and
lower body compartments (sp, ep, mp) is:

dP, _ 1 . P, — P, P, - Py, P, - P
a Cw + Cfp + Cmu Rsp ch R,

(18)

Where

1

Ry = + R,

1

Ry
(19)

To incorporate the effects of varying abdominal pressure P,,, due to respiration, transmural

pressure is calculated by subtracting P,,, from P,,. Equations for P,,, are provided in later
equations.

P.vp—lmns = Pxp — Puy

(20)

This transmural pressure is subsequently used to determine downstream pressures.

The conservation of mass at extrasplanchnic venous circulation (ev) is:

dPy, _ 1 (P, — Py Py — Py,  dVi,u
dt ~ C, R, R., dt
@1
The mass balance at skeletal muscle, part of the lower body (mv) is:
dev_ 1 (Psp - Pmu_va - Ptv_ qu.mu
dt = Cp Ry R, dt
(22)
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The conservation of mass at thoracic vein (rv) is:

= + +

de 1 Pml) - qu P('u - Pru Pw - Pn; Pru - Pru
dt Cw R, R., R., Ry,

(23)

To incorporate the effects of varying thoracic pressure P,,. due to respiration, transmural
pressure is calculated by subtracting P, from P,. Equations for P, are provided in later
equations.

Py_tvans = Piw— Pipor

(24

The conservation of mass determines splanchnic venous circulation, which assumes total
blood volume (¥,) is known.

Py, = C%U(Vx —Cu * Py = (Cp+ Cop+ Cpp) * Pyy=Cop * Poy=Cpy * Ppy—=Cpp * Py—Cry * Pra—
Vie=Cp * Ppu=Cpp * Ppp=Cpp * Ppy=Cpy * Piu= V3= V.,)

(25)

Here, v,, and v, are the volumes of the right and left ventricles. v, is the total unstressed
volume, defined by:

Vi=Visat Vip+t Vi Visot Virat Vipa + Vg + Vo + Vieiat Voo + Vewp + Vo

(26)

The model includes a pulsatile model of the heart, again based on conservation of mass and
force. Conservation of mass at the left atrium:

dP, 1 (P,— P,
i ~C.\ R,

- Fy

@7
where F,, refers to flow into the left ventricle, determined by the mass balance:
07 P[a < Pll
Fii={P,— P,
! IR[a lvPIazplb
(28)

Ventricular volume is calculated as:
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av,

g = Fu—Fo
(29)
where flow out of the left ventricle (F, ) is calculated from:
0, Ppax.io < Py
o= Prusem Pap o b,
(30)

P,..., represents the isometric pressure in the left ventricle, which is used to determine
ventricular pressure during the cardiac cycle. It is used to determine R,, the viscous
resistance of the left ventricle:

— *
RIU - kR[U Pmax,lu

(S

where kg ,, is a constant parameter. Instantaneous pressure in the left ventricle represents the
difference between the isometric pressure (P,...,) and viscous losses, therefore:

— *
PIU - Pmax,lu - R/u Fo,l

(32

Isometric pressure is time-dependent and varies throughout the cardiac cycle. The base
model by (Ursino, 1998) assumes that isometric pressure/volume can be characterised by an
exponential function during diastole, when the ventricle is relaxed, and by a linear function
at the end of systole, when the ventricle is contracted maximally. Thus, isometric pressure
transitions between an exponential and linear function over the course of the cardiac cycle.

Pooio(t) = @(t) * Epario * Vie= Vi) +[1=@(0)] * Poy * (explke * Vi) =1

(33)

witho < ¢ < 1.

E,..., is the ventricular elastance at the maximal contraction of the ventricle. v, , is

the corresponding unstressed volume of the ventricle and is the x-axis intercept of the
end-systolic pressure/volume function. P, ,, and k., are constant parameters that describe
the monoexponential pressure/volume function at diastole. The term ¢(z) represents the
“activation function” of the ventricle. When ¢(t) = 1, the ventricle is at maximum
contraction, when ¢(r) = 0, it is at complete relaxation. This activation function is defined
as:

J Physiol. Author manuscript; available in PMC 2026 March 01.
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(34)

T represents the heart period (i.e., inverse of heart rate). T.,, is the duration of systole and
u is a dimensionless variable ranging between 0 and 1 and represents the fraction of the
cardiac cycle. A value of u = 0 corresponds to the beginning of systole. This variable has
been modeled as an integral pulse frequency modulation function.

u(t) = frac A ’ﬁ‘” + u(to)]

(35)

The fractional part of this equation, frac[ ], indicates that the variable u(z) is reset to zero as
soon as the value reaches a value of 1.

The duration of systole is determined by the following equation:

1

Txy,\' = Txy,\',[) - k&ys * T

(36)

where k,,, and T,,, , are constant parameters. A separate set of equations analogous to those
above are used to describe the right heart as well.

Afferent input types—L.ike the baroreceptors, a first-order low-pass filter in series with
a sigmoidal static characteristic function is used to model the cardiopulmonary receptors.
Because cardiopulmonary receptors depend on transmural pressure at the pulmonary veins,
this pressure difference is used as an input to first-order low-pass filter:

dP,
g = = Pit (P = Punw)
@7
_ fmax,l
ki
(38)

Here P,,— P,,, is the transmural pressure at the pulmonary vein or input value to the
low-pass filter function. P, is the output variable of the low-pass filter. ., is the spike
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frequency of the afferent fibers from the cardiopulmonary receptors and f,..., is the upper
saturation limit of the frequency discharge of these receptors, the lower limit being zero.
P, represents the pulmonary venous pressure at the central point of the sigmoid curve. &,
is another constant that determines the slope of the sigmoid curve, or sensitivity of the
cardiopulmonary receptors.

Lung stretch receptors are modeled using a first-order lowpass filter:

df, .
dtl = Tung * (=S + G * Viug)

(39

Sympathetic efferent outflow—Sympathetic efferent outflow is modeled to be
dependent on the afferent input signals sent by the baroreceptor, cardiopulmonary, and lung
stretch receptors. Moreover, the combined effects of these input signals affect sympathetic
efferent outflow to different effector functions differently. Therefore, a series of calculations
are included to determine i) the afferent firing frequency input that is then used to determine
ii) the distinct sympathetic efferent outflow signals to the respective effector functions
associated with the heart (&), peripheral circulation (p), and unstressed volumes (v)

fa:,thah,h * fhr_Ga!h * flr+Gac,h * fcp

(40)
Jasy=Gabp * Sop+ Gap ™ [l + Gaep ™ [op

(41)
Jas, v=Ganv * for+ Gao * fir+ Gaco * fop

(42)

G.,.;, where j is a general index for the heart, peripheral circulation, or unstressed volume,
represents a constant gain factor indicating how much influence each afferent input has on
determining sympathetic efferent outflow. A factor of -1 is used for G, , as this provided
the best fits for the model. The resulting f.,. ; values are then used to determine sympathetic
efferent outflow to the respective effector functions using a negative monotonic function to
relate afferent activity to efferent neural pathways,

Jesn = fes.oot (fes,0= feso0) * exp(—kes * fusn)
43)

fe.&.p=fes.oo+(fe:,0_fm,oo) * exp(_kex * fas.p)
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(44)

fes.v = fes.w + (fes,O - fes,oo) * exP(_kes * fas.u)
(45)

Lung volume, thoracic, and abdominal pressures A linear relationship between lung volume
and thoracic pressure is used to model lung volume measured by the lung stretch receptors:

thg = V/ung,o -0.1 * Pipor

(46)

Thoracic pressure varies with time due to the effects of the respiratory cycle, which is
modeled independently from any autonomic regulation. Parameters were chosen based
on experimental work by (Moreno et al., 1969). Thoracic pressure varies linearly during
respiration between a minimum of -9 mm Hg and a maximum of -4 mm Hg, which
represents steady-state thoracic pressure during the respiratory pause, as modeled by the
following equations:

Tres T
P insp
thar, max — (Prhor,max — Fipor, mm) * * s 0 <s< T
insp resp
(P!hor max — Prhar min) Tim T; + T,
_ 8 3 sp insp exp
Plhor = Plhnr,max - T * (Tfrup - Texp -5 * Tresp)! T <s< Ti
exp resp resp
me + T
3 exp
Prhar,max —— <s<1
resp
(47

Where T.,.,, is the period of respiration. T,,, is the inspiration time, T.,, is the expiration
time. P,... .. 1s the value of the intrathoracic pressure at the end of inspiration while P,,,. ,..
is the max value of intrathoracic pressure at the end of expiration and throughout the
respiratory pause, which takes place in between each respiration period. The parameter s is
dimensionless, varying between 0 and 1, and represents the fraction of the respiratory cycle.
A value of 0 represents the beginning of the respiration cycle. Similar to other parameters
representing a fraction of cycle completion, an expression for s(r) has been developed by
introducing yet another state variable e(r), which is determined by the following equation:

de 1

dT - Trcsp

(48)

with s(n) = frac(e).

Abdominal pressure is modeled similarly:
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T, Tinspl2
_ * % resp insp

25 * 5 71,““” %3 4 0<s< 77",”,,
_25 T[nsp/2 <s< Tin:p
P, = Trmp Trmp

abd —
o5 s Dot Tew=5 Ty Ty _ T+ Ty
exp resp resp
e T+ Ty =Ty, Ty +Tey _
Texp Thresp

(49)

Where T.,.,, represents the respiratory period, T, represents the duration of inspiration and
T.., represents the duration of expiration. s is a dimensionless variable, which is the same as
Eq. 47.

Respiratory sinus arrhythmia—A gating function to modulate the outputs of the NTS
that go to the NA (f fy....) based on the phase of the respiratory cycle was added to the
extended model to capture RSA. The respiratory phase, s, varies between zero and one and
resets to zero at the end of each respiratory cycle. The inspiration and post-inhalation phases
of s are defined using the inhalation time (7,.,,) divided by the total respiratory cycle time
(T..,). During inspiration, outputs from the NTS (f fyrs...pu) @re decreased by the gain value
(Krs4), and during exhalation, outputs from the NTS are unaffected to mimic the observed
NA input gating behaviour.

Tinsp

Krsa * fINTS outpus S <

ffNA,inpur =

SINTS, outpurs S =
Tresp

(50)

Intrinsic cardiac nervous system—We included in the model a first-order filter on the
output of principal neurons that receive direct inputs from the dorsal motor nucleus. This
filter is added to represent the slower dynamics of signal transmission due to the muscarinic
receptor type that this population of neurons uses. The output, filtered (f £ iuered, pnpary) 1S

delayed by z,y,,,, compared to the iNput (£ fou. pvpar)-

dffﬂlrered PN

3 DMV

3, =17TpN ffazu, PN - fffr/rered,PN 1
dt DMV DMV DM

(51)

Inputs to the local circuit neurons are a linear combination of firing frequencies from the
baroreceptors (f,;), cardiopulmonary receptors (f.,), sympathetic efferent firing frequency

(f ), and vagal efferent firing frequency (f,..) multiplied by their respective gain values.
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Sinpur,1en = Krengrfor + Kienepfor + Kienogpfesn ¥ Kien popfen

(52)

Heart period—We have modified the original model developed by (Ursino, 1998) and its
subsequent iterations (Ursino & Magosso, 2000; Magosso et al., 2002; Magosso & Ursino,
2002), to account for the differences in the effect vagal activity has depending on when in
the cardiac cycle it occurs. The same functions as Ursino (Egs. 53-56) are used to calculate
the change in heart period from baseline due to vagal activity (AT,).

Gr.s * In[fesnt = Do) = fesmin+ 1] fesn 2 Ses.min
GT..Y(I) =

0, Ses.n < Sfes.min
(53)
dAT,
S0 = ¢ (AT + 0r.0)
(54)
or.0=Gro * feont — Dr)
(55)
0= AT+ or ()
(56)

The change in heart period due to vagal activity is then modified using a gain value
calculated from data on the change in heart period as a function of the timing of vagal
activity in the cardiac cycle in dogs by (Levy et al., 1972; lano et al., 1973).

In equation S.6, the timing of the stimulus (r) was measured as the time which had elapsed
between the application of the stimulus (z,.,) and the midpoint, in time (tz....), of that cardiac
cycle (lano et al., 1973). The gain value to be multiplied by the change in heart period

was determined using Eg. 60, which is a function fit to data from (lano et al., 1973). The
constants in Eq. 60 were selected to fit the experimental data curve for the relationship
between the heart period change and the timing of the stimulus relative to the midpoint

of the cardiac cycle as found by (lano et al., 1973). Because vagal activity affects the
subsequent cardiac cycle in addition to the current one, the gain values were split into

krr, @Nd kgr .., to modify the effect of vagal activity on heart period for the current and
subsequent cardiac cycles. For example, if lano et al., 1973 found that heart period increased
by 10 percent for vagal activity that occurred at a given point in the cardiac cycle, then the
gain value would be 1.1. If the next cardiac cycle started within a time range such that the
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stimulus still had an effect on it, that gain value was determined from Eq. 60 to obtain the
gain value kgg 1.

t = IRR, mid — rev

(57)
kRR,t = g(s)lr
(58)
krri+1 = g(s)lwl
(59)
(s) = Krr.i _ Krrolés + 1)
8 (trras + D(zrros + 1) (zgras + D(zgras + 1)
(60)
T = AT + kg AT, + kgr.i+1AT, + T
(61)

G. Credible practice in modelling

This work followed the Ten Simple Rules of Credible Modelling and

Simulation in Healthcare (Erdemir et al., 2020) and the associated rubric is

included on GitHub (https://github.com/Daniel-Baugh-Institute/CardiovascularControl/tree/
main/Virtual_patient_cohorts). The Ten Simple Rules are a conceptual framework for
modelling and simulation design, implementation, evaluation, dissemination, and usage in
healthcare. The rules cover best practices on model documentation, purpose, limitations, and
independent reviews. We evaluated our model with the Ten Simple Rules and found that the
model complies with each rule adequately to extensively.

RESULTS

A. Generation of an in silico patient cohort

To account for the inter-individual variability, we generated a cohort of 59 individual models
that produced baroreflex curves within the range of behaviour observed experimentally (Fig.
2) (Mastitskaya et al., 2012; Seredynski et al., 2021). To generate the cohort, we started with
a model based on that of (Gee et al., 2023) that fit the average of the baroreflex curve data
from five individuals (Fig. 3B) (Seredynski et al., 2021). The model includes 51 parameters
that represent the neuronal groups in the baroreflex arc as well as left ventricular function.
To select parameters that affect HR and MAP, we used a parametric sensitivity analysis
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known as PAWN. Of the 51 parameters, 28 significantly affected HR and/or MAP (Fig.

3A). These 28 parameter values were then varied simultaneously over a £2.5 fold range
from the nominal parameter values to generate 500 potential individual models. Given that a
large number of parameters were selected (28) and the possibility of degenerate models, we
considered the possibility of over-fitting. Thus, the criteria for accepted models were based
on neck chamber pressure responses over a range of perturbation pressures. Each individual
model prediction of the baroreflex curve was fit to Eq. 1 to quantitatively describe each
model using parameters representing (1) the response range (maximum-minimum), (2) slope
of the sigmoid, (3) centering point of the sigmoid, and (4) minimum response were within
the range observed experimentally (Seredynski et al., 2021). The models were filtered so
that the parameter values for the sigmoid fit are within the 95% confidence intervals based
on the data from the five individuals reported in Seredynski et al, 2021. Additionally, the
minimum and maximum RR interval values were required to be within the pre-1/R 95%
confidence interval observed for HR and MAP (Mastitskaya et al., 2012) and the maximum
RR interval was required to be not greater than 1.2 seconds (Fig. 3C). While the range of
the values for accepted parameter sets for any individual criterion usually overlaps with the
range of the values for the rejected parameter sets, only 59 of the 500 individual patient
models generated satisfied these criteria simultaneously (Fig. 3D). Rather than try to fit
models any one individual, this method generates a cohort of plausible individuals that cover
the range of baroreflex characteristics observed clinically.

B. Cardiac remodelling alone partly accounts for post-MI baroreflex control

The cardiac parameters identified via sensitivity analysis were used to develop post-1/R
models from each of the 59 pre-I/R models (Fig. 4A). Post-1/R RR interval and MAP

were modeled to represent the time point following 30 minutes of myocardial ischemia and
120 minutes of reperfusion (Fig. 4B). One hundred post-1/R models were generated for
each pre-1/R model using Sobol sampling in a +1.5 fold range from the respective pre-I/R
parameter values, for a total of 5,900 post-I/R models. The post-1/R models were filtered
based on the following criteria calculated from the 95% confidence interval of clinical data:
(1) heart rate between 58 and 116 bpm, (2) systolic pressure between 96 and 142 mm Hg,
and (3) RR interval response to neck chamber pressures of 8, 13.2, 18.5, 23.7, 30, and 37.5
mm Hg (Osculati et al., 1990). If multiple plausible post-1/R models were found for a single
pre-1/R model, they were all included in the analysis. Of the 5,900 parameter sets sampled,
85 post-1/R parameter sets met the criteria.

C. Adaptation in neural loci after ischemia

Because autonomic changes accompany myocardial remodelling in acute MI, we developed
alternative computational models (Fig. 1) to represent cardiac changes coupled with
autonomic changes at different loci in the baroreflex arc (baroreceptors, NTS, NA/DMV,
ICN). We start peripherally at the baroreceptors (Fig. 5A) and proceed through the
baroreflex arc to the brainstem nuclei, then back down to the ICN. Baroreceptor adaptation
coupled with cardiac changes yielded 88 out of 5,900 post-IR models that matched the
criteria involving baseline MAP (Fig. 5B) and RR interval (Fig. 5C) ranges as well as the
baroreflex curve (Fig. 5D). The final number of accepted models for cardiac remodelling
combined with baroreceptor adaptation is similar to the number of accepted models for only
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cardiac remodelling. These results suggest there are many degenerate ways in which the
baroreflex can adapt. There is a significant amount of diversity in baroreflex behaviour that
still remains within the bounded space for baroreflex function and there are several loci that
can adapt to account for the hemodynamics observed post-1/R.

Comparison of the baroreceptor adaptation coupled with cardiac remodelling pre- and
post-1/R baroreflex response curves reveals significant overlap (Fig. 5E). The baroreceptor
response curves vary in the gain value representing the incremental increase in firing rate
for a given arterial pressure increase. While there is a decrease in the baroreceptor gain
from pre- to post-1/R due to the parametric constraints enforced during model development,
the range of pre- and post-1/R baroreceptor responses overlaps. These results suggest that
decreases in baroreceptor sensitivity post-1/R can be responsible for heart rate and blood
pressure changes in some individuals, but in others the afferent pathway is intact and the
defect is in cardiac dysfunction.

D. Central versus peripheral adaptation post-Mi

The post-1/R cohort of models representing central adaptation in the NTS and NA/DMV
coupled with cardiac remodelling yield similar numbers of accepted models (Fig. 6A). Of
the 5,900 post-1/R models screened for each model alternative, 75 NTS adaptation models
and 86 NA/DMV adaptation models met the screening criteria for MAP (Fig. 6C), RR
interval (Fig. 6D), and baroreflex curve (Fig. 6B). The number of accepted models is
comparable to that for other loci of adaptation, suggesting that adaptation in any of these
loci are plausible or that there are many degenerate ways in which the baroreflex can adapt
post-1/R. These /n silico patients are within the clinically observed baroreflex behaviour,
but it is apparent that the individuals that adapted via the NTS neuronal group pathway
have a more limited range of baroreflex curves. NTS adaptation may not be as suitable for
maintenance of baroreflex function as a result.

Cardiac remodelling coupled with peripheral ganglionic adaptations in the ICN could also
account for the hemodynamic changes observed post-1/R (Fig. 7A). Of the 5,900 post-1/R
models sampled, 93 models recapitulated the experimentally observed MAP decrease (Fig.
7B) and RR interval changes (Fig. 7C) in addition to the baroreflex curve (Fig. 7D).
Because the central versus peripheral contributions to neural adaptation post-1/R have been
of interest, we investigated the shift in balance between central and peripheral neural loci
before and after cardiac injury in all post-I/R models. To quantify the contribution of central
and peripheral model parameters, we use Shapley values, which are used in game theory to
calculate the contribution of each player in a coalition game. The average pre-1/R Shapley
values are higher for parameters representing peripheral loci compared to central loci. This
balance shifts post-1/R so that the contributions of central loci to heart rate regulation are
greater.

E. Combinatorial adaptation in all neural loci

While we had hypothesised that adaptation in a subset of neural loci was sufficient to
maintain baroreflex function post-1/R, it is also possible that cardiac remodelling is coupled
with simultaneous adaptation in all neural loci (Fig. 8A). Of the 5,900 post-I/R models
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considered, 72 of the models met the criteria (Fig. 8 B and C) in addition to the baroreflex
curve requirements (Fig. 8D). These results suggest that simultaneous adaptation in these
neural loci coupled with cardiac changes are sufficient to match the experimentally observed
hemodynamic and autonomic changes. The possibility of a baroreflex-wide response to
ischemic injury could not be ruled out.

F. Adaptation along vagal efferent pathway can compensate for cardiac injury

A t-distributed stochastic neighbor embedding (t-SNE) was performed to visualize the
output characteristics of each post-1/R model (Fig. 9). These characteristics include vagal
afferent activity, vagal efferent activity, and baroreceptor responsivity. The clustering
analysis revealed a sub-group of post-1/R individuals in the virtual cohort with high
baroreflex sensitivity (Fig. 9A). These individuals tended to adapt via the ICN, NA, and
DMV— peripheral and central vagal efferent pathways (Fig. 9B). The individuals in the
virtual cohort with high baroreflex sensitivity also stemmed from a subgroup of pre-1/R
individuals with high baroreceptor responsivity (Fig. 9C). Taken together, these results
suggest that central or peripheral vagal efferent adaptation and preserved baroreceptor gain
may be sufficient to maintain high baroreflex sensitivity (BRS) post MI. No trends between
baroreflex sensitivity and the ratio of central versus peripheral contributions to heart rate
were identified, reinforcing the idea that vagal efferent dysfunction contributes to poor
baroreflex sensitivity post-1/R rather than central versus peripheral imbalance.

IV. DISCUSSION

We developed an ensemble of /n sifico patient models of the baroreflex capturing cardiac
and autonomic physiology pre- and post-I/R to address the question posed in the white paper
by Herring et al., 2024 of how localized pathology in the heart affects adaptation in specific
regions of the neural hierarchy and the influence on the behaviour of the system as a whole.
Because autonomic adaptation is known to occur to compensate for lost cardiac function, we
tested alternative models representing adaptation in sensory afferent, central, and peripheral
ganglionic loci coupled with cardiac remodelling. The virtual patient cohort was filtered
using observed hemodynamic behaviour with baseline MAP, RR interval, and baroreflex
curves within the 95% confidence intervals (Seredynski et al., 2021) and trends in MAP

and RR interval changes before and after (Mastitskaya et al., 2012). We found a subgroup

of /n silico patients that maintained higher baroreflex sensitivity post-1/R. These individuals
adapted via central or peripheral vagal efferent neural loci and had preserved baroreceptor
gain. There were also individuals with preserved baroreceptor gain that did not adapt along
the vagal efferent pathway who had lower baroreflex sensitivity, highlighting the role of
adaptation in parasympathetic efferent nuclei in maintaining cardiac health post-1/R. These
model predictions lead to the experimentally testable hypothesis that correlations between
post-1/R baroreflex sensitivity and electrophysiological or transcriptomic measurements of
neural adaptation may exist.

The model suggests that preserved baroreceptor responsivity after cardiac injury is
necessary for maintaining baroreflex sensitivity. These results are in agreement with several
experiments in animal models showing that there is both denervation around the infarcted
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area and functional transmission changes (Salavatian et al., 2022; Kazci et al., 2022).
Paradoxically, the number of neurons in the nodose ganglia was increased, but functional
transmission decreased in a porcine model of cardiac injury. Impaired afferent transmission
is also associated with decreased vagal tone, which increases the risk of ventricular
arrhythmias and heart failure (Salavatian et al., 2022). When performed prior to myocardial
infarction, sinoaortic denervation has been found to induce additional impairment of vagal
activity in rats (Mostarda et al., 2014). In a porcine model of cardiac ischemic injury,
decreased functional afferent transmission is thought to contribute to vagal withdrawal,
further impairing baroreflex function (Vaseghi et al., 2017; van Weperen & Vaseghi, 2023).
Likewise, the computational model results suggest that impaired baroreceptor function
blunts overall baroreflex sensitivity, which is correlated with vagal tone (Kollai et al., 1994).

Resetting of the baroreceptor firing rate is a well-studied mechanism in baroreflex
adaptation (Kosinski et al., 2018; Jezek et al., 2022). Baroreceptors can adapt to a new
steady-state blood pressure that shifts the entire curve to the left or right if the arterial
pressure is elevated for longer than 3-5 minutes (Kunze, 1985). This mechanism is likely

a major driver of changes in baroreflex control post-1/R. While this baroreceptor resetting
was not explicitly included in the model, it is implicitly included when the parameters are
resampled between pre- and post-1/R. The post-1/R baroreceptor parameters reflect the reset
baroreceptors. Furthermore, a central component to baroreflex resetting has been suggested
(Kunze, 1985; DiCarlo & Bishop, 2001). The resampling of parameters representing central
brainstem nuclei post-1/R also implicitly represent baroreflex resetting.

Adaptation in parasympathetic efferent nuclei post-1/R was necessary to maintain baroreflex
function in most individuals. While neural adaptation is difficult to regulate, vagus nerve
stimulation (VNS) can restore afferent and efferent vagal tone after myocardial infarction
and during the subsequent development of heart failure (Hadaya et al., 2023). Increasing
parasympathetic drive with vagus nerve stimulation following myocardial infarction in a
chronic porcine infarct model decreased ventricular arrhythmia inducibility (Vaseghi et al.,
2017). These results support the idea that augmenting vagal efferent tone after infarction
can improve autonomic regulation of cardiovascular function. During pacing-induced heart
failure development, cervical VNS was found to improve baroreflex sensitivity, heart rate
variability, and ejection fraction in a canine model (Zhang et al., 2009). While cervical VNS
stimulates both afferent and efferent vagal fibers, auricular VNS stimulates predominantly
afferent fascicles. In a meta-analysis of six auricular VNS studies in humans, only one found
a significant effect on BRS, supporting the idea that augmented vagal efferent tone improves
BRS (Soltani et al., 2023). However, all six studies were in healthy subjects, who tend to
experience less of an effect compared to those with poor autonomic function according to
some studies (Soltani et al., 2023). It is also difficult to make a direct comparison between
transcutaneous auricular VNS and cervical VNS due to necessary differences in stimulation
level to produce similar physiological effects. Due to limitations in the current literature
available, the model prediction that vagal efferent adaptation may be necessary to maintain
BRS post-1/R is testable with a dataset that includes post-1/R stimulation of the cervical and
auricular vagus normalized based on heart rate changes to see if afferent versus efferent
stimulation improves BRS.
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This model captures the progression of cardiovascular physiology from pre-1/R to the
acute phase of post-I/R but has several limitations. Due to mismatch of the experimental
data used to parameterize the pre- and post-1/R models, the average baroreflex sensitivity,
characterised by the slope of the baroreflex curve, is higher post-1/R. It is well known that
baroreflex sensitivity decreases post-1/R and that lower baroreflex sensitivity is associated
with the progression of cardiovascular disease (La Rovere et al., 1998, 2013; Vaseghi et
al., 2017). A large mammal model of myocardial ischemia and reperfusion with baroreflex
response curves, continuous heart rate and blood pressure, electrophysiology recordings, and
responses to VNS would be useful to further validate and extend this virtual population
model. There is also the opportunity to extend this computational model to include a
higher-fidelity representation of sympathetic contributions to sympathovagal balance. This
model extension could expand our understanding of VNS alternatives including dorsal
root ganglion stimulation, which has been shown to reduce sympathetic outflow and
long-term blood pressure (Sverrisdottir et al., 2020). Our cohort of models is primed

for investigating the effects of heterogeneity in the underlying closed-loop physiology on
therapeutic responses following M.
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A. Data availability

All model equations can be found in the Methods and in our prior work

(Gee et al., 2023). All model files and nominal parameter values are

available on GitHub (https://github.com/Daniel-Baugh-Institute/CardiovascularControl/tree/
main/Virtual_patient_cohorts) and through the NIH CommonFund SPARC Program Portal
(https://doi.org/10.26275/wabs-qul8). Simulations can be performed online through the
02S2PARC platform (https://osparc.io/study/65a52908-1b13-11ee9cd1-02420a0b1bed). All
data used for model development and validation were publicly available. This work also
followed the Ten Simple Rules of Credible Modelling and Simulation in Healthcare and the
associated rubric is included in the GitHub repository (Erdemir et al., 2020).
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Key points:

Baroreflex sensitivity is a strong indicator of post-myocardial ischemia
survival and is variable among individuals

We fine-tuned a computational model ensemble based on physiological
observations to develop an /n silico patient cohort consistent with the range of
baroreflex responses observed experimentally

Simulation and analysis of the /n silico cohort show that individuals with a
functional afferent pathway and the ability to adapt along the vagal efferent
pathway can maintain baroreflex sensitivity post-cardiac ischemia
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Fig. 1. Baroreflex anatomy and physiology mapped onto alternative computational models
representing adaptation in different loci of neural regulation.

(A) Anatomical representation of neuronal controllers involved in closed-loop regulation

of cardiovascular function. (B) Schematic of closed-loop baroreflex model. Parameters
representing cardiac muscle property changes that occur after myocardial ischemia and
reperfusion are adapted in alternative model 1. Alternative models 2-5 represent cardiac
parameter adaptation to represent myocardial injury along with neural adaptation in: (2) the
baroreceptors, (3) the nucleus tractus solitarius (NTS), (4) the nucleus ambiguus (NA) and
the dorsal motor nucleus of the vagus (DMV), and (5) the intrinsic cardiac nervous system
(ICN). The lines in blue represent the forms of the functions (e.g., sigmoidal for the neuronal
groups). Image of the heart used with permission from (Achanta et al., 2020). NA-ctr,
nucleus ambiguus contribution to cardiac contractility; BR, baroreceptor neuronal subtype;
LS, lung stretch receptor neuronal subtype; CP, cardiopulmonary receptor neuronal subtype;
LSR, lung stretch receptor; BR, baroreceptor; CPR, cardiopulmonary receptor; PNpmv,
principal neuron with inputs from the DMV; PNna, principal neuron with inputs from the
NA; LCN, local circuit neuron; SA, sinoatrial; resp., respiration; symp., sympathetic. Figure
created with BioRender.com.
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1. In silico patient cohort generated from mathematical modelling
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Fig. 2. Creation of in silico patient cohort to explore inter-individual heterogeneity and neural
loci of adaptation coupled with cardiac injury.

1. An in silico patient cohort was generated from a previously published baroreflex

model (Gee et al., 2023). Fifty-one parameters representing neural loci of adaptation

along the baroreflex arc and characterizing left ventricular function were identified. Of

the 51 parameters, 28 have a significant effect on heart rate (HR) and/or mean arterial
pressure (MAP) based on sensitivity analysis. The significant parameters were Sobol
sampled over a 1.5-fold range to generate parameter sets representing different individuals.
Simulations were performed using these parameter sets, then selected based on experimental
observations of the baroreflex curve response and baseline HR and MAP. 2. Post-ischemia/
reperfusion (post-1/R) models were generated from the pre-ischemia/reperfusion (pre-1/R)
models for each locus of neural adaptation coupled with cardiac injury. Four neural loci
were identified: baroreceptors, nucleus tractus solitarius (NTS), nucleus ambiguus (NA)
and dorsal motor nucleus of the vagus (DMV), and intrinsic cardiac nervous system

(ICN). A model with only cardiac injury and a model with all neural loci coupled with
cardiac injury results in a total of six model alternatives. Post-1/R models were generated
from each pre-1/R model for each model alternative, then screened based on experimental
bounds on the HR and MAP change from pre- to post-1/R (Mastitskaya et al., 2012) and
the post-I/R baroreflex curve (Osculati et al., 1990). 3. Model analyses and predictive
simulations were performed to identify neural adaptation constraints based on the neural
locus, inter-individual heterogeneity, and post-1/R therapeutic response diversity. NA-ctr,
nucleus ambiguus contribution to cardiac contractility; BR, baroreceptor neuronal subtype;
LS, lung stretch receptor neuronal subtype; CP, cardiopulmonary receptor neuronal subtype;
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LSR, lung stretch receptor; BR, baroreceptor; CPR, cardiopulmonary receptor; PNpmv,
principal neuron with inputs from the DMV, PNy, principal neuron with inputs from the
NA; LCN, local circuit neuron; SA, sinoatrial; resp., respiration; symp., sympathetic. Figure
created with BioRender.com.
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Fig. 3. Generation of pre-1/R patient cohort models.
(A) Twenty eight of 51 parameters representing baroreflex and left ventricular function had

significant effects on heart rate and/or MAP. A PAWN global sensitivity analysis was used
to quantify which parameters have a significant effect on hemodynamics. Heart rate was
measured as the average over a 15 s period and MAP was measured as the average of a

30 s period. Sensitivity indices range between 0 and 1, with 0 indicating that the model
parameter has no impact on the output, and 1 indicating that the parameter of interest has
a major influence on the output. Parameters with a sensitivity index greater than the red
line are significant based on the use of a dummy parameter known to have no influence on
the output. Parameters were varied over a 2 fold range from the nominal value and six
conditioning intervals were used. Each error bar represents the 95% confidence interval of
the sensitivity index based on bootstrapping tests that involved 40,000 iterations of a random
sampling of the simulated output. (B) Baroreflex curves of individuals from (Seredynski

etal., 2021). Dotted lines representing baroreflex curves for each patient were fit to these

Al
1 + exp[A2(ECSP — A3)

A1 represents the response range (maximum - minimum). A2 represents the gain coefficient
of the slope of the sigmoid. A3 represents the centering point for the horizontal shift of

the sigmoid. A4 represents the minimum response. (C) Accepted patient cohort models that
were generated by simultaneously varying the parameters over a +2.5-fold range using Sobol
sampling. The criteria for model acceptance into the patient cohort were: (1) coefficients Al,
A2, A3, A4 within the 95% confidence interval observed in individuals in (Seredynski et al.,
2021), (2) RR interval and MAP within the converted 95% confidence interval observed in
(Mastitskaya et al., 2012). Conversion between rat and human RR interval and MAP was
done by assuming a mean model RR interval of 0.87 s and a MAP of 91 mm Hg. All values
were then converted using percentage changes. (D) Distribution of sigmoidal parameters Al,

data using the sigmoidal function: RRinterval = + A4. The parameter
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A2, A3, and A4 and baseline heart rate and MAP for accepted (blue) and rejected (green)
models compared to individual data in the absolute value of the slope parameter (A2) of
the sigmoidal function fit to the baroreflex curve. Black bars represent the 95% confidence
interval of the experimental data that were used to filter the models. Of the 6,000 pre-1/R
candidate models generated, 59 models met the criteria. PNna fmig, midpoint firing rate
for principal neurons that receive inputs from the nucleus ambiguus (PNna); PNNa fmin,
minimum firing rate of PNNA; NA¢min, minimum firing rate of nucleus ambiguus neurons;
PNpmv.fmin, Minimum firing rate of principal neurons that receive inputs from the dorsal
motor nucleus of the vagus; Py, left ventricular pressure at diastole; kg, gain for volume
effects on pressure changes in left ventricle; fes;,s constant describing sympathetic efferent
tone.
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Fig. 4. Adaptation of cardiac parameters produces physiological post-1/R models.
Starting from 59 pre-I/R models that yielded 5,900 post-I/R models, we filtered to obtain

85 models within the acceptable range of physiological behaviour. The criteria for filtering
the post-1/R models were (1) heart rate between 58 and 116 bpm, (2) systolic pressure
between 96 and 142 mm Hg, and (3) RR interval response to neck chamber pressures of

8, 13.2, 18.5, 23.7, 30, and 37.5 mm Hg (Osculati et al., 1990). (A) Model schematic
highlighting modified heart parameters: Cy,, left atrial compliance; #y, left ventricular
pressure at diastole; kg, gain for volume effects on pressure changes in left ventricle; V.,
left ventricular unstressed volume; 7es;,5 constant describing sympathetic efferent tone.

(B) Experimental procedure with pre-ischemia/reperfusion (pre-1/R) and post-ischemia/
reperfusion (post-1/R) time points. (C) Comparison of experimental and model mean arterial
pressure (MAP). Error bars represent the standard deviation. Experimental data were
collected in rats and converted to human HR and arterial pressure by assuming that the
pre-ischemia rat and baseline human cardiovascular metrics were analogous (Mastitskaya
etal., 2012; Seredynski et al., 2021). Experimental values for post-I/R HR and MAP were
converted using the percent change from pre-ischemia. Paired pre- and post-1/R models

are connected by a line. (D) RR interval experimental data and models corresponding to
MAP data. (E) Baroreflex curve predictions for post-I/R models with cardiac parameter
adaptations filtered based on the criteria that the RR interval response be within the

95% confidence interval of the experimental data (Osculati et al., 1990). Each purple line
represents one model that met the criteria. The experimental mean and 95% confidence
interval are plotted in red. Panels A and B created with BioRender.com.
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Fig. 5. Baroreceptor adaptation coupled with cardiac produced models that match experimental
observations.

Starting from 59 pre-I/R models that yielded 5,900 post-1/R models, we filtered to obtain
88 models within the acceptable range of physiological behaviour. The filtering criteria
were the same as what were used for the cardiac adaptation model. (A) Model schematic
highlighting the neuronal group adapted to represent the baroreceptor remodelling coupled
with cardiac changes (see Eq. 2 and Eq. 3 for equations represented by this block).

(B) Comparison of experimental and model mean arterial pressure (MAP). Error bars
represent one standard deviation. Experimental data were collected in rats and converted

to human HR and arterial pressure by assuming that the pre-ischemia rat and baseline
human cardiovascular metrics were analogous (Mastitskaya et al., 2012; Seredynski et al.,
2021). Experimental values for end-ischemia HR and MAP were converted using the percent
change from pre-ischemia. (C) RR interval experimental data and models corresponding

to MAP data. (D) Baroreflex curve predictions for post-1/R models with cardiac parameter
adaptations filtered based on the criteria that the RR interval response be within the 95%
confidence interval of the experimental data (Osculati et al., 1990). Each yellow line
represents one model that met the criteria. The experimental mean and 95% confidence
interval are plotted in red. (E) Comparison of pre- (blue) and post-1/R (yellow) baroreceptor
response curves. Shaded regions represent one standard deviation from the average for both
model ensembles. Panel A created with BioRender.com.
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Fig. 6. Adaptation in brainstem (NTS or NA and DMV) neural loci coupled with cardiac
remodelling models has a limited set of models that match experimentally observed

hemodynamic and autonomic changes.

Starting from 59 pre-I1/R models that yielded 5,900 post-1/R models per neural locus
of adaptation, we filtered to obtain 75 NTS models and 86 NA/DMV models within
the acceptable range of physiological behaviour. The filtering criteria were the same as

what were used for the previous alternative models. (A) Model schematic highlighting

Page 35

the two brainstem models: NTS adaptation coupled with cardiac changes and NA+DMV
remodelling coupled with cardiac alterations. (B) Baroreflex curve predictions for post-I1/R
models with cardiac parameter adaptations filtered based on the criteria that the RR interval
response be within the 95% confidence interval of the experimental data (Osculati et
al., 1990). Each green line represents one NTS model and each pink line represents one
NA/DMV model that met the criteria. The experimental mean and 95% confidence interval
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are plotted in red. Pre- and post-1/R MAP and HR changes for each parameter set for
NTS models coupled with cardiac remodelling (C) and (D) and for NA/DMV models
coupled with cardiac remodelling (E) and (F). Error bars represent the standard deviation.
Experimental data were collected in rats and converted to human HR and arterial pressure
by assuming that the pre-ischemia rat and baseline human cardiovascular metrics were
analogous (Mastitskaya et al., 2012; Seredynski et al., 2021). Experimental values for
end-ischemia HR and MAP were converted using the percent change from pre-ischemia.
Panel A created with BioRender.com.
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Fig. 7. ICN adaptation combined with cardiac remodelling predicts limited models that match
experimentally observed hemodynamic and autonomic changes.

Starting from 59 pre-I/R models which yielded 5,900 post-I/R models, we filtered to
obtain 93 models within the acceptable range of physiological behaviour. The filtering
criteria were the same as what were used for the previous alternative models. (A) Model
schematic highlighting ICN remodelling coupled with cardiac changes. (B) Comparison of
experimental and model MAP. Error bars represent the standard deviation. Experimental
data were collected in rats and converted to human HR and arterial pressure by assuming
that the pre-ischemia rat and baseline human cardiovascular metrics were analogous
(Mastitskaya et al., 2012; Seredynski et al., 2021). Experimental values for post-I/R HR
and MAP were converted using the percent change from pre-1/R. (C) RR interval data
corresponding to MAP data. (D) Baroreflex curve predictions for post-I/R models with
ICN adaptation coupled with cardiac parameter adaptations filtered based on the criteria
that the RR interval response be within the 95% confidence interval of the experimental
data (Seredynski et al., 2021). Each blue line represents one model. The experimental
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data and 95% confidence interval are plotted in red. (E) Ratio of peripheral to central
contributions to heart rate regulation for all accepted pre- and post-1/R models as calculated
using Shapley values that quantify parametric contributions to an output. A ratio above one
indicates that peripheral parameters (baroreceptors, ICN) play a larger role in heart rate
regulation compared with central (brainstem) parameters. The distribution of the averaged
contribution for central and peripheral parameters, quantified using Shapley values averaged
over many points, is shown for pre- versus post-1/R (p = 0.00160). Five outliers were not
shown in the plot for ease of viewing but are included in the analysis. Panel A created with
BioRender.com.

J Physiol. Author manuscript; available in PMC 2026 March 01.


https://BioRender.com

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Gee et al.

Page 39

S 1200 1
o
& 8 T 10 B Experimental ¢ Tndividual Model
oNTS £ Model 100! B
E 120 =
= )
s g 1o
2 =
- émo g 900
s 2
S 80 i 800
Receptors 2 @ 700
T 60
=
[Heart ] g 600 |
(]
. =

N
o

700
100

PrelR  PostlR Pre-/R  Postl/iR ek Srariiter peessure o gy

Fig. 8. Simultaneous adaptation in all neural loci combined with cardiac remodelling predicts
models that match experimentally observed hemodynamic and autonomic changes.

Starting from 59 pre-I1/R models that yielded 5,900 post-I/R models, we filtered to

obtain 47 models within the acceptable range of physiological behaviour. The filtering
criteria were the same as what were used for the previous alternative models. (A) Model
schematic highlighting ICN remodelling coupled with cardiac changes. (B) Comparison of
experimental and model MAP. Error bars represent the standard deviation. Experimental
data were collected in rats and converted to human HR and arterial pressure by assuming
that the pre-ischemia rat and baseline human cardiovascular metrics were analogous
(Mastitskaya et al., 2012; Seredynski et al., 2021). Experimental values for post-I/R HR
and MAP were converted using the percent change from pre-I/R. (C) RR interval data
corresponding to MAP data. (D) Baroreflex curve predictions for post-I/R models with ICN
adaptation coupled with cardiac parameter adaptations filtered based on the criterion that
the RR interval response be within the 95% confidence interval of the experimental data
(Seredynski et al., 2021). Each blue line represents one model. The experimental data and
95% confidence interval are plotted in red. Panel A created with BioRender.com.
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Fig. 9. Individuals that maintain afferent function and adapt along the vagal efferent pathway

are able to compensate post-1/R.

(A) T-distributed stochastic neighbor embedding (t-SNE) plot of accepted post-1/R models
colored by baroreflex sensitivity. Each point represents an individual. Each model was
characterised by vagal efferent activity, vagal afferent activity, and baroreceptor responsivity.
Points that are closer together are more similar to each other based on these characteristics.
(B) The same t-SNE plot colored by the post-IR locus of adaptation. (C) t-SNE of post-

I/R models colored by pre-I/R patient number. Text boxes below the plots created with

BioRender.com.
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Updated parameter values for nominal model that differ from (Gee et al., 2023).

Table 1.

Parameter | Value | Units
Suinpwwa | 169 | Hz
f'"”XPNNA 7.33 Hz
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