ABSTRACT

COLUNGA, AMANDA LEE. Mathematical Analysis of Cardiovascular Hemodynamics
in Disease. (Under the direction of Mette Olufsen and Brian Carlson).

Pulmonary hypertension (PH), defined by an elevated main pulmonary arterial pres-
sure greater than 20 mmHg, is a progressive disease associated with pulmonary artery
thickening and increased pulmonary vascular resistance. PH includes five etiologies: i)
pulmonary arterial hypertension, ii) PH associated with left heart disease, iii) PH stem-
ming from lung disease and hypoxia, iv) chronic thromboembolic PH, and v) PH due to
miscellaneous causes. Symptoms are unique across patient groups, yet severe PH leads
to right-sided heart disease in all PH types. Accurate diagnoses and efficient treatment
strategies rely on measurements from clinical procedures, including echocardiograms,

right heart catheterization, cardiac magnetic resonance imaging, and ultrasound.

The use of computational models predicting blood flow, pressure, and volume characteris-
tics within the cardiovascular system is an active area of research. The studies presented
in this dissertation analyze systems-level mathematical models integrated with avail-
able clinical measurements for analysis and prediction of cardiovascular function and
biomarkers that can differentiate controls and PH. While it is possible to estimate some
quantities from measurements alone, it is well-known that due to a lack of direct mea-
surements, these estimated values may contain significant errors since they don’t take
into consideration the entire cardiovascular system. Studies presented in this dissertation
aim to remedy this problem by integrating data with model predictions providing a more

nuanced insight into patient characteristics.

To generate patient-specific outcomes from computational models we use local and global
sensitivity analyses to determine the importance of each model parameter given a quan-
tity of interest and available data. We use subset selection to determine an identifiable set
of parameters, and parameter estimation, to determine values or distributions for the pa-
rameters. Finally, we use uncertainty quantification to determine the goodness of model
predictions. These techniques are used to track recovery outcomes for heart transplant
patients, investigate if dynamic waveforms improve model calibration and understand-
ing of PH physiological mechanisms, and integrate ventricular interaction modeling and

machine learning to better distinguish PH phenotypes.
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Chapter 1

Introduction

Cardiovascular disease is acknowledged as a leading cause of death, encompassing a wide
array of functional and structural dysfunction in the cardiovascular system. According

to the Heart Disease and Stroke Statistics|2022 Update: A Report From the American
Heart Association (Tsao et al. 2022), globally, an estimated 19 million deaths were asso-
ciated with cardiovascular disease in 2020, an 18.7% increase from 2010. Cardiovascular
disease is not just a global epidemic but also poses a massive economic burden with an
estimated $378.0 billion, direct and indirect, cost from 2017 to 2018 in the US alone.

Many types of cardiovascular diseases a ect the heart and blood vessels. A few condi-
tions include valve disease, coronary artery disease, heart failure, cerebrovascular disease,
and systemic and pulmonary hypertension (PH). The cause of these diseases varies de-
pending on each condition, and risk factors, such as smoking, diabetes, obesity, and high
cholesterol, increase the patient's chance of developing cardiovascular disease. With the
recent COVID-19 epidemic, Tsao et al. (2022) noted that the mortality risk of COVID-19
patients with preexisting cardiovascular disease is increased by a factor of 2.25 compared
to healthy individuals. Moreover, COVID-19 is believed to damage the endothelial layer
of the arteries and veins, which can give rise to the formation of blood clots, blood vessel
in ammation, and damage to small vessels leading to further decline in vascular health,
and precursors which can lead to PH. The latter arises in patients with and without
preexisting cardiovascular disease (Tudoran et al. 2021).

The studies in this dissertation concentrate on PH, a severe and progressive cardiovascu-
lar disease. PH is de ned by a resting mean pulmonary arterial blood pressure (mPAP)



higher than 20 mmHg (Simonneau et al. 2019b). According to Mandras et al. (2020),
approximately 1% of the global population is a ected by PH. This includes up to 10%
of adults over 65 years and at least 50% of heart failure patients. A few prevalent non-
invasive symptoms of PH include shortness of breath, fatigue, and dizziness, which also
underlies numerous other diseases causing a challenge in diagnosis (Dunlap and Weyer
2016). Typical symptoms do not appear until years after the disease onset, and a de nite
diagnosis requires right heart catheterization (RHC) (Hoeper et al. 2017), an invasive
procedure with signi cant risks. Due to the delay in diagnosis, patients who have under-
gone RHC likely have experienced changes in their cardiovascular properties for years,
signi cantly limiting treatment options (Hoeper et al. 2017). Thus, early detection and
diagnosis of PH help choose the correct treatment path playing a role in improved clinical
outcomes (Chazova et al. 2020).

PH is subdivided into ve groups: (1) pulmonary arterial hypertension (PAH), (2) PH
secondary to left heart disease, (3) PH due to lung disease, (4) chronic thromboembolic
PH (CTEPH), and (5) PH due to unknown causes. Of these, PAH and CTEPH are the
only subgroups with available targeted treatments (Mandras et al. 2020), and CTEPH is
the only curable form of PH. PH subgroups are characterized by pathophysiological mech-
anisms, hemodynamic characteristics, presentation, and therapeutic options (Simonneau
et al. 2019b). Common pathophysiological features among the subgroups are increased
pulmonary vascular sti ening and increased peripheral resistance, markers that are not
adequately predicted directly from in-vivo measurements.

Like all uid systems, blood ow in the cardiovascular system obeys laws of physics,
such as the conservation of mass, energy, and momentum. Mathematical models, partic-
ularly patient-speci ¢ models, for inferring cardiovascular dynamics has been an area of
research and is now being applied to clinical data to gain a deeper understanding of the
underlying cardiovascular physiology. Patient-speci ¢ models are developed by integrat-
ing patient and population data with governing equations describing a physical process.
Patient data include biometrics, such as age, sex, weight, and height, and any clinically
relevant (and available) measurements, such as blood pressure and ow. Population data
include non-personalized data obtained from another source, including clinical studies
and literature. Numerous modeling studies have characterized dynamics in the cardio-
vascular system ranging from 3D models (Yang et al. 2018; Kheyfets et al. 2015; Marsden
et al. 2008; Marsden 2014) and 1D models (Paun et al. 2018; Colebank et al. 2019), to
0D models (Smith et al. 2004; Gerringer et al. 2018; Marquis et al. 2018). The level of



model complexity depends on the question examined.

3D models are useful for studying complex ow patterns, e.g., in patients with stenoses
(Spazzapan et al. 2018), or valve insu ciency (Gao et al. 2017). These models are com-
putationally expensive, requiring e cient surrogate methods or multi- delity models for
parameter inference. Marsden (2014) utilized a derivative-free surrogate model to deter-
mine optimal geometries for 3D ow simulations. They state that coupling cardiovascular
simulations to the reduced OD surrogate model is important to predict local hemodynam-
ics and circulatory physiology. Another example is the study by Yang et al. (2019) devel-
oping a 3D pulmonary arterial hemodynamics model coupled with a OD right heart. This
model was informed by computed tomography and/or magnetic resonance angiography
images from children with pulmonary arterial hypertension. To avoid a computationally
expensive optimization process in the 3D model structure, they used a OD surrogate
model replacing the 3D pulmonary artery with resistors and RCR models.

1D and OD models are less computationally expensive, making parameter estimation
obtainable through techniques such as gradient-based optimization. While 1D models
do not resolve the uid ow and pressure in 3D, it has been shown that predictions
of ux (ow averaged over the cross-sectional area) agree with results from 3D models
(Blanco et al. 2018). This model type is an excellent choice for cardiovascular questions
focusing on wave propagation. Examples include the studies by Colebank et al. (2019) and
Qureshi et al. (2019) to estimate model parameters in control and hypertensive mice to
understand how model parameters in uence main pulmonary artery pressure predictions
in the presence of PH in mice. Paun et al. (2018) predicted pulmonary arterial ow
and pressure using a 1D uid dynamics model and utilized Markov chain Monte Carlo
(MCMC) methods for parameter inference. Mynard et al. (2012) developed a 0D/1D
model for simple valve dynamics to study system-level cardio-valvar-vascular interactions.
However, the model is complex and requires extensive geometric data to parameterize
for patient-speci c predictions.

Finally, 0D models are useful for investigating system-level dynamics. Such models use
compartments representing arteries, veins, and the heart. OD models are fast to solve
numerically and, therefore, can provide closer to real-time (seconds vs. hours or days) pre-
dictions that can potentially inform early diagnosis or cardiovascular disease treatments.
These models are typically derived using a hydraulic-electrical analog in which blood
pressure and ow rate analogous to voltage and current. Friction and inertia of blood



ow are related to resistance and inductance, vessel elasticity to capacitance, and blood
volume to charge. Cardiovascular system modeling started with the Windkessel (WK)
compartment model (Frank 1899) relating arterial blood ow to pressure via a function
of resistance and compliance. The original WK model has two elements, a resistor, and a
capacitor. It was extended to the 3-element WK model with two resistors (representing
peripheral and proximal resistance) and capacitance, and the 4-element WK model with
two resistors, a capacitor, and an inductor. Many researchers, e.g, (Landes 1943; Frasch
et al. 1996; Stergiopulos et al. 1999; Jager et al. 1965) have studied this model, adding
additional elements generating improved representations of arterial and venous dynamics.
While these models represent dynamics more accurately, they contain many parameters
that can be hard to estimate. Gerringer et al. (2018) compared the robustness of 3- and 4-
element WK models for studying PAH progression. Results show that the 3-element WK
model was more robust and accurate in predicting resistance and compliance properties
in the pulmonary vasculature consistent with PAH progression. 0D models are generally
considered simpli ed representations of 1D systems (Shi et al. 2011; Milisic and Quar-
teroni 2004); thus, as the estimation of a large cohort of parameters is often non-trivial,
complex 0D arterial models may be less bene cial than 1D representations.

The simple WK models have been expanded to include additional cardiovascular compo-
nents relating to pressure and ow, i.e., one is predicted as a function of the other. Using
a closed-loop model not dependent on inputs and outputs is often advantageous to study
systems-level dynamics. Closed loop OD models typically are comprised of a closed system
of WK compartments. These models have been used to study various hemodynamic phe-
nomena and better understand the interconnected nature of the system. Marquis et al.
(2018) devised a OD model predicting left ventricular pressure and volume time-series
data. This model used frequentist and Bayesian inference to determine patient-specic
model parameters. This study also used uncertainty quanti cation to capture measure-
ment and model error.Huang and Ying (2020) developed an on-line parameter identi -
cation method using a ve-element patient-speci ¢ lumped arterial model, coupled to a
closed-loop cardiovascular system model. This model was used to devise real-time clini-
cal monitoring of arterial vessel characteristics. Liang and Liu (2005) designed a complex
closed-loop model, including the renal, splanchnic, lower, and upper limb circulation in
addition to the vena cava, right heart, left heart, aorta, and pulmonary circulation, to
study hemodynamics in patients with heart abnormalities. Despite the 150+ model pa-
rameters, the accuracy of model predictions suggests that their model could be a useful



tool for computer-aided disease diagnosis. While this model provided excellent predic-
tions of data, without extensive data and analysis determining identi able parameters it
may be challenging to use the model to gain mechanistic insight of cardiovascular func-
tion. To remedy this problem, Smith et al. (2004) developed a simpli ed model using a
minimal number of governing equations.

This dissertation focuses on developing a minimal closed-loop patient-speci ¢ 0D model
predicting pressure and ow dynamics characterizing cardiovascular function in health
and disease. We determine model sensitivity, infer identi able parameters using measured
hemodynamic data, and quantify the uncertainty of model parameters and output pre-
dictions. Using these techniques, the goal is to test if patient-speci ¢ model predictions
obtained via parameter inference, integrated with machine learning classi cation tech-
niques, can discriminate PH patients from controls. Results from this work have been
published in one manuscript (Colunga et al. 2020), of which Colunga is a joint rst au-
thor. One manuscript is under review and available on arXiv Colunga et al. (2023), and
two additional manuscripts are in preparation.

1.0.1 Summary of the dissertation

This dissertation consists of ten chapters summarizing the physiological and mathemat-
ical insights relevant to addressing the project's goals.

~

Chapter 2 describes the cardiovascular system, pulmonary hypertension, and its
associated structural changes.

Chapter 3 describes the 0D mathematical representation of the cardiovascular sys-
tem.

Chapter 4 provides an overview of statistical techniques for solving inverse prob-
lems. These include local and global sensitivity analysis techniques for parameter
identi ability and parameter estimation methods.

Chapter 5 includes the published manuscript \Deep phenotyping of cardiac func-

tion in heart transplant patients using cardiovascular system models" by Colunga,

Kim, Woodall, Dardas, Gennari, Olufsen, and Carlson. Colunga was responsible for
conducting all simulations, setting up and running sensitivity analysis, parameter

inference, and MCMC DRAM.



Chapter 6 includes the manuscript \Parameter inference in a computational model
of hemodynamics in pulmonary hypertension” by Colunga, Colebank, and Olufsen.
Colunga was responsible for running the local and global sensitivity analyses, and
setting up and conducting the parameter identi ability analysis. This manuscript
has been accepted for publication in The Journal of the Royal Society Interface
(Colunga et al. 2023).

Chapter 7 includes a part of the original manuscript from the previous chapter
where we simulate treatment strategies for PAH and CTEPH patients. Colunga
was responsible for conceptualizing and running all the treatment strategies.

Chapter 8 includes the manuscript in preparation \Ventricular-Ventricular Interac-
tion (VVI) Model", where we study the e ects of septal deviation and test if septal
wall deviation is enhanced in PH patients. Colunga is responsible for conceptualiz-
ing the study, running all simulations, and analyzing the results.

Chapter 9 includes the manuscript in preparation \Clustering and classi cation

of pulmonary hypertension”, where a linearized ventricular-ventricular interaction
model was used to determine whether septal wall dynamics are important for dis-
cerning between patient disease groups. Colunga was responsible for conceptualizing
the study, running all simulations, and analyzing the results.

Chapter 10 summarizes the outcomes of the thesis and discusses future work.



Chapter 2

Cardiovascular physiology

This chapter provides an overview of the cardiovascular physiology and structural changes
associated with pulmonary hypertension (PH). Section 2.1 provides a brief overview of
the vasculature and the heart, then describes the volume and pressure distributions in

the body and the cardiac cycle, and concludes with a detailed description of ventricular

interaction. Section 2.2 de nes pulmonary hypertension. Section 2.3 describes diagnostic
techniques and treatment strategies for pulmonary hypertension.

Most of the information relayed in this chapter is extracted from medical physiology
textbooks, including Boron and Boulpaep (2017), Hall (2015), Longenbaker and Mader
(2008), and Betts et al. (2013).

2.1 The cardiovascular system

The cardiovascular system comprises the heart, the systemic and pulmonary circulation
(shown in Figure 2.1). The blood vessels are grouped into three categories: arteries,
capillaries, and veins. Arteries carry oxygenated blood from the heart to the organs,

veins carry deoxygenated blood back from the organs to the heart, and the capillaries
connecting the arteries and veins facilitate the exchange of oxygen and carbon dioxide.
An overview of the blood vessels is below:

1. Systemic artery transport oxygenated blood from the left side of the heart to the
organs.



2. Systemic capillariesfacilitate the exchange of oxygen in the blood for carbon dioxide
generated in the tissue.

3. Systemic veinstransport deoxygenated blood back to the right side of the heart.

4. Pulmonary arteries transport deoxygenated blood from the right side of the heart
into the lungs.

5. Pulmonary capillariesfacilitate the exchange of carbon dioxide and oxygen between
the alveoli of the lungs and the blood in the pulmonary capillaries.

6. Pulmonary veins transport oxygenated blood from the lungs into the left side of
the heart.

Figure 2.1: Diagram of the vascular system including the systemic and pulmonary cir-
culation. Reproduced and modi ed from Litwack (2022)



2.1.1 The heart

The heart is a periodic pump that generates the pressure needed to drive blood trans-
port through the circulatory system. It is located between the lungs, slightly left of the
sternum, and surrounded by the pericardium membrane. We will discuss a few internal
anatomical features of the heart, including the walls, chambers, and valves.

Cardiac tissue

The walls of the heart, de ning the four chambers, are made of cardiac muscle, which
periodically contracts and relaxes to transport blood throughout the body. The walls
comprise three tissue layers: the epicardium, the myocardium, and the endocardium.
The epicardium is the innermost layer of the pericardium and the outermost layer of
the heart's surface. It is composed of mesothelial cells, fat, and connective tissue. The
myocardium is the middle and thickest layer. It is composed of cardiac muscle cells
and broblasts. Its primary function is the contraction and relaxation to change the
ventricular volume. The innermost layer of the heart wall is called the endocardium,
composed of endothelium and subendothelial connective tissue layers, lining the four
heart chambers and extending over the valves. The ventricles have thicker walls than
the atria due to their elevated blood pressure; the left ventricle has the thickest muscular
wall, since it exerts more work to pump the necessary blood through systemic circulation.

Chambers

The heart has four chambers, the left and right atria, and the left and right ventricles.
The septum is a wall of muscular tissue (often considered part of the left ventricle), which
separates the deoxygenated blood on the right side of the heart and the oxygenated blood
on the left side. As seen in Figure 2.2, ow into and out of the two ventricles is facilitated
by four heart valves: the tricuspid, mitral, pulmonary, and aortic valves.

Valves

Atrioventricular valves, mitral and tricuspid, control ow between the atria and ventricles,
while semi-lunar valves, aortic and pulmonary, control ow between the ventricles and
the aortic and main pulmonary artery. The valves, shown in Figure 2.2, act like trap
doors, with opening and closing controlled by pressure di erentials. In this manner, the
valves only allow blood to ow in one direction.



Figure 2.2: Schematic of the heart chambers, heart valves, and large arteries and veins
connected to the heart. Reproduced and modi ed from Betts et al. (2013), Chapter 19.1:
'‘Dual System of the Human Blood Circulation' CC BY

Atrioventricular valves. The tricuspid valve, located between the right atrium and right
ventricle, consists of three cusps (lea ets) known as the anterior, septal, and posterior
cusps. The tricuspid and mitral valves open when the pressure in the atria exceeds ven-
tricular pressure. The mitral valve, located between the left atrium and left ventricle,
consists of only two cusps, anterior and posterior, and is commonly referred to as the bi-
cuspid valve. Fibrous ligaments secure the two atrioventricular valves called the chordae
tendineae, originating from the papillary muscles on the ventricles' inner surface. During
ventricular systole, the cusps are closed shut, and the papillary muscles contract, securing
the cusps from collapsing into the atria.

Semi-lunar valves.The pulmonary valve is between the right ventricle and the main
pulmonary artery and consists of three cusps, the left, right, and anterior cusps. The
aortic valve is between the left ventricle and the aorta and consists of three cusps: the
left, right and posterior. Unlike the atrioventricular valves, the semi-lunar valves have
no chordae tendineae. Instead, the valves are attached to the wall of their corresponding
artery and close the valve when the arterial pressure exceeds the ventricular pressure.
The pulmonary and aortic valves open when the pressure in the ventricles exceeds the
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pressure in the arteries.

2.1.2 Volume distribution

For a healthy adult, the total blood volume is roughly 5L. Approximately 1L is in the
systemic arteries, 3.5L in the systemic veins, and 0.5L in the pulmonary circulation.
The total blood volume cannot be easily measured but can be estimated from various
formulas, including Hidalgo's formula (Hidalgo et al. 1962),

8

< (3:47BSA 1:954) 1000 (mL), if Female
ViotH = | _ ; (2.1)
© (3:29BSA  1:229) 1000 (mL), if Male

where body surface area, BSA, is a function of height (H) and weight (W), and Nadler's
equation (Nadler et al. 1962),

8

< 0:3561H + 0:03308W + 0:1833 (mL); if Female

: (2.2)
- 0:3668H + 0:03219W + 06041 (mL), if Male

totN =

The blood volume that exerts a force on, and causes the stretching of, vessel walls is
known as the stressed volume, and it is calculated as a proportion of the total blood
volume. The remaining volume inside a vessel or heart chamber is called the unstressed
volume. It is not possible to measure stressed vs. unstressed volumes and signi cant
variation exists in determining values. In this study (listed in Table 2.1), we use stressed
and unstressed volume distributions recommended by Beneken and DeWit (1966).

2.1.3 Blood pressure

Blood pressure is determined by the amount of blood volume owing through a vessel
or heart chamber and its compliance, the ability to extend and increase volume without
increased resistance. In physiology, blood pressure is given in mmHg (ImmHg = 133.322
Pa). Pressure waves generated by the left and right hearts are transmitted throughout
the circulatory system. The pressure wave pro les throughout the di erent parts of the
circulatory system is shown in Figure 2.3, depicting the approximate maximum (systolic)
and minimum (diastolic) pressures throughout the cardiac cycle. The systemic arteries
exhibit the largest pressures at approximately 120 mmHg systole and 80 mmHg diastole.
The pressure drops nearly to zero as blood passes through the arterioles passing the
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Table 2.1: Blood volume distributions and stressed volumes in the cardiovascular system.
Stressed volumes are the percentage of the total blood volume distributions e.g., TBV
= 5L, systemic vein is 65% (0.6%L = 3.25L) of which 7.5% (0.0753.25L = 0.24 L) is

stressed. 3.25L). Ventricular stressed volumes are not provided in the literature reference.

Total Volume (mL)

Stressed Volume (mL)

Systemic Arteries
Systemic Veins
Pulmonary Arteries
Pulmonary Veins
Left Atria
Left Ventricle
Right Atria

Right Ventricle

13%
65%
3%
11%
1.5%
2.5%
1.5%
2.5%

27%
7.5%
58%
11%
62%

*

62%

capillaries, venules, and veins. The corresponding systolic pressure in the right ventricle
is about 25 mmHg and remains low, with systolic and diastolic pressures in the pulmonary
arteries at approximately 30 mmHg and 10 mmHg, respectively. Pulmonary capillary and
venous pressures are also near zero and begin to rise in the left ventricle to approximately

115 mmHg.

Figure 2.3: Pressure pro les and distribution in the cardiovascular system. Reproduced
with permission from Noordergraaf (1978).
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2.1.4 The cardiac cycle

A cardiac cycle is described as pressure and volume changes occurring during the con-
traction and relaxation of the heart. The blood is pumped out of the heart at very high
pressure, approximately 100 mmHg, and transported through the arteries to the capil-
laries for oxygen exchange. The cardiac output (or blood ow) is about 5L/min, i.e., the
total blood volume is pumped through the body in about 1 minute. The duration of the
cardiac cycle is the reciprocal of the heart rate, Duration (s/beat) :%. The
opening and closing of the valves de ne the four main phases of the cardiac cycle. These
four phases from the point of view of the ventricles are de ned by Boron and Boulpaep

(2017) as:

A

In ow phase. When the inlet valve is open, and the outlet valve is closed.

Isovolumetric contraction. When both valves are closed, there is no blood ow, but
ventricular pressure increases.

Out ow phase. When the outlet valve is open and the inlet valve is closed.

Isovolumetric relaxation.When both valves are closed, there is no blood ow, but
ventricular pressure decreases

The in ow and isovolumetric relaxation phases are called diastole, while the isovolumetric
contraction and out ow phases are called systole.

As shown in Figure 2.4, the cardiac cycle begins at diastole with the atrioventricular
(AV) valve opening and ventricular volume increasing rapidlyjn ow phase. While the
AV valve is still open, the ventricle continues lling with the atrial contraction ejecting
more blood at the end of the lling. Then the AV valve closes. With both the AV and semi-
lunar valves shut, isovolumetric contraction the ventricular pressure increases rapidly.
Eventually, ventricular pressure exceeds arterial pressure initiating the opening of the
semi-lunar valves. The ventricles begin ejecting bloodut ow phase into the aorta and
main pulmonary artery. Ventricular pressure continues rising throughout this phase since
contraction is still occurring. When arterial pressures exceed ventricular pressure, the
semi-lunar valves closdsovolumetric relaxationalso begins, with both valves shut, where
ventricular pressure decreases rapidly, and the cycle repeats itself.
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Figure 2.4: Arterial, atrial, and ventricular pressures and ventricular volumes during
the cardiac cycle. (A) Right heart. (B) Left heart. Ventricular pressures (blue lines) rise
during isovolumetric contraction exceeding atrial pressures (orange lines), initiating the
opening of the semi-lunar valves. Arterial pressures (red lines) rise during ventricular
ejection and then decrease below ventricular pressure, causing the semi-lunar valves to
shut and begin isovolumetric relaxation. AV valves open once atrial pressures exceed
ventricular pressure. Reproduced with permission from Boron and Boulpaep (2017)

2.1.5 \Ventricular-ventricular interaction

The left and right ventricles are interdependent since they both share the elastic septal
wall. The notion of ventricular interdependence was rst noted by Bernheim in 1910,
during a necropsy of 10 patients with systemic congestion. He observed septal bulging
into the right ventricle. He hypothesized that left ventricular hypertrophy diminished
right ventricular function through septal displacement into the RV; this was called the
\Bernheim e ect" Soon after, in 1914, Henderson and Prince were the rst to experimen-
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tally show, in an isolated cat heart preparation, that pressure and volume loading in one
ventricle a ected the function and out ow in the other ventricle. A few decades later,

in 1956, Dexter described the \reverse Bernheim e ect,” the leftward septal deformation
and reduced LV lling and function accompanied by RV pressure and volume overload.

These e ects have been combined and are now referred to as ventricular interdependence
or ventricular-ventricular interaction (VVI), which encompasses the notion that changes

in pressure/volume in one ventricle may alter the pressure/volume in the other ventricle.
More speci cally, these complimentary ventricular volume changes are referred to as
direct VVI. Direct VVI is also thought to be caused by pericardial constraints where
the higher pressures and increased lling in the right ventricle causes a decrease in left
ventricular compliance and vice-versa (Smith and Tyberg 1988). The pericardium acts
as a regulator for variations of cardiac distension (Belenkie et al. 2008), reducing the
potential for increased ventricular stroke volume (Janicki 1990).

Several experimental studies (Weber et al. 1981; Slinker and Glantz 1986; Maruyama
et al. 1983; Belenkie et al. 2004) have explored the e ects of pericardial constraints on
ventricular interaction. The experiment by Janicki and Weber (1980) investigated ven-
tricular interaction during diastole and systole using 15 isolated canine heart preparations
with and without an intact pericardium. In both scenarios, they observed diastolic VVI,
de ned as an increase in left (right) ventricular diastolic pressure due to the increase
in right (left) ventricular volume increases. They noted that diastolic VVI was signi -
cantly more a ected by the presence of an intact pericardium. While systolic interaction
decreased without the pericardium, the di erence was statistically insigni cant. In sum-
mary, an intact pericardium impacts VVI in diastole but not systole.

The diastolic VVI results agree with several experimental canine studies (Maughan et al.
1981; Weber et al. 1981; Laks et al. 1967; Mitchell et al. 2005; Bemis et al. 1974; Taylor
et al. 1967), an increase in right ventricular lling causes a decrease in left ventricular
end-diastolic volume and pressure. Additional studies have shown that, under normal
conditions, right ventricular function is more dependent on the left ventricle during sys-
tole since the pressure generated by the left ventricle is signi cantly higher than right
ventricular pressure (Yamaguchi et al. 1991; Santamore and Dell'ltalia 1998). Yamaguchi
et al. (1991) evaluated the systolic coupling in canine hearts by measuring changes in
right (left) ventricular pressure to sudden changes in left (right) ventricular pressure by
the release of a systemic (pulmonary) arterial constriction. They found that 20-40% of
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right ventricular systolic pressure result from left ventricular contraction, while only 4-
10% of left ventricular systolic pressure results from right ventricular contraction. Similar
observations have been reported in several studies e.g., Santamore et al. (1990); Bemis
et al. (1974); Maughan et al. (1981, 1987); Elzinga et al. (1974).

In addition to animal studies, human clinical studies have also been conducted. Wey-
man et al. (1976) compared echocardiographic images from 19 patients with paradoxical
septal motion due to right ventricular volume overload and 20 normotensive control sub-
jects. They found that left ventricular geometry remained circular throughout systole
and diastole in control subjects. However, in patients exhibiting right ventricular volume
overload, the septum was convex towards the left ventricle, concave towards the right
ventricle during diastole, and returned to normal during systole. Later, Atherton et al.
(1997) analyzed data from 12 healthy control and 21 chronic heart failure patients with
reduced ejection fraction (EF 35%), con rming their hypothesis that diastolic VVI sig-

ni cantly a ects some patients with chronic heart failure. They measured, via a 4-minute
cardiac scintigram, the e ect of acute volume unloading on the right and left ventricular
end-diastolic volumes. Volume unloading is performed via lower-body suction in which
blood ow into the heart is intentionally decreased by sequestering it in the lower-body
venous pool. Results show that during lower-body suction, left ventricular end-diastolic
volume decreased as expected in all control patients. It increased in association with a
decrease in right ventricular end-diastolic volume in half of the heart failure patients.

2.2 Pulmonary Hypertension

The 6th World Symposium on PH in 2018 de nes pulmonary hypertension (PH) as a
patient with a mean pulmonary arterial pressure (mPAP)> 20 mmHg measured by
right heart catheterization (RHC) in the main pulmonary artery Gale et al. (2019). PH
was previously de ned as mPAP 25mmHg since the 1st World Symposium on PH in
1973. PH is a progressive disease associated with the thickening of pulmonary arteries and
increased pulmonary vascular resistance, which, if left untreated, can lead to heart failure.
As noted by Butrous (2020), PH is likely under reported due to the di culty of diagnosing

the disease, as its symptoms are common and, therefore, often assumed to be caused by
other diseases. The recent increase in surviving COVID-19 patients could likely lead to
increased PH in the coming years. In January 2021, Tudoran et al. observed an increased
PH and right ventricular dysfunction prevalence of 7.69% and 10.28%, respectively, in a
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group of 91 COVID-19 patients with no prior signi cant cardiovascular pathology. While

it is assumed that PH acquired during COVID-19 will lessen throughout recovery, the
long-term e ects of COVID-19 are challenging to assess, hence the continued importance
of studying PH.

Like systemic hypertension, PH is not a single disease but an umbrella term describing
many conditions that are all de ned by an increased mPAP and classi ed by the World
Health Organization into ve subgroups:

Group I:  Pulmonary arterial hypertension (PAH)

Group II:  Pulmonary hypertension due to left heart disease

Group II:  Pulmonary hypertension due to lung diseases and/or hypoxia
Group IV: Chronic thromboembolic pulmonary hypertension (CTEPH)
Group V: Pulmonary hypertension due to unknown causes

The subgroups can be di erentiated based on the location of the disease onset and pro-
gression (See Figure 2.5). A study by Wijeratne et al. (2018) reports the frequency PH
group among adults as follows: 13.8% group 1, 68.5% group 2, 47.0% group 3, and 9.0%
group 4; group 5 was not reported. Approximately 35.4% of adults were categorized as
belonging to more than one group, of which 29.3% were categorized as groups 2 and 3.

2.2.1 Group I: pulmonary arterial hypertension (PAH)

PAH has a prevalence of 6.6 to 26 per million adults with an annual incidence of 1.1
adults per 7.6 million, with an estimated 5-year survival of 66.1% (Tsao et al. 2022). In
addition to mPAP > 20 mmHg, the hemodynamic description of PAH includes a pul-
monary vascular resistance (PVR) o 3 Wood units (WU), 1 WU = 1 mmHg min/L,
and pulmonary capillary wedge pressure (PCWP) 15 mmHg (McLaughlin and McGoon
2006). PAH is sub-categorized as idiopathic (unknown causes), hereditary, drug-induced,
or induced by factors such as connective tissue disease, congenital heart defects, and
infections such as HIV. PAH initially narrow the pre-capillary arterioles causing an ap-
proximate 4-5 times increase in PVR (Rol et al. 2017). Arteriolar wall thickening may
result in partial occlusion of the small arterioles (Guignabert et al. 2013). The obstructive
vascular remodeling increases in right ventricular afterload, which can lead to reduced
right ventricular function and eventual failure.
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