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ABSTRACT

A mathematical model of the relationship between respiration and RR interval
is important for understanding physiological mechanisms and in clinical practices.
Linear approaches are not sufficient to characterize the interactions because these
interactions are complex and nonlinear. In this study, heart rate variability was studied
during handgrip exercise. As result, the sympatho-vagal balance (LF/HF ratio) was
found to have increased during dynamic handgrip exercise. Moreover, the nonlinear
model that assesses the dynamic changes in cardiovascular regulation was investigated
by using Nonlinear AutoRegressive Moving Average (NARMA) method. Arterial
blood pressure, respiration and electrocardiography (ECG) were recorded from
healthy subjects in supine position. These signals were separated into training sets and
test sets. Parameters of the NARMA model were estimated by applying the training set
in an artificial neural network. Normalize Mean Square Error (NMSE) and Mean
Absolute Percentage Error (MAPE) were computed to indicate the performance of the
model. NMSE and MAPE were very low when compared with previous methods
(nonparametric method, ARX model and Volterra-Weiner model). These findings
indicated that the NARMA model may be useful to complete the cardiovascular

regulation mechanism.
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CHAPTER I
INTRODUCTION

1.1 Background

Autonomic nervous system (ANS) is a division of central nervous system
(CNS) which is unconsciously controlled [1]. The smooth and cardiac muscles, glands
and fat cells are controlled by ANS. The important function of ANS is maintenance of
homeostasis of organs and physiological functions. ANS can be divided into
sympathetic and parasympathetic divisions. Both sympathetic and parasympathetic
divisions affect various organs such as eyes, skin, skeleton muscle, tear glands,
adrenal glands, digestive system, urinary system, respiratory system and
cardiovascular system.

Especially in cardiovascular system, ANS adjusts blood vessel and heart to
keep adequate blood flow. The sympathetic division controls the vasoconstriction and
vasodilation in blood vessel. Sympathetic division also increases the heart rate, forces
of contraction and blood pressure in heart, but parasympathetic division decreases
these activities [1]. ANS has a cardiovascular center, which consists of cardiac and
vasomotor centers to monitor the alteration in blood pressure, pH, and dissolved gas
concentrations [1]. The cardiac centers control cardiac output and they consist of
cardioacceleratory and cardioinhibition centers. The cardioacceleratory centers
enhance cardiac output via sympathetic innervation while the cardioinhibition centers
decrease, the cardiac output via parasympathetic nervous system. The vasomotor
centers function is to adjust the peripheral resistance and it can be classified into
vasodilation, vasoconstriction and venoconstriction [1]. Vasodilation occur when the
vasomotor center is inhibited, thus decreases the peripheral resistance by increasing
the diameter of arterioles. Both vasoconstriction and venoconstriction increase
peripheral resistance when the vasomotor center is stimulated, by compressing the

peripheral arterioles and veins, respectively.
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In the cardiovascular system there are autonomic reflexes that response to the
change in blood pressure and chemical compositions. The autonomic reflex are
baroreflex and chemoreceptor reflex. Baroreflex responds to fluctuations in blood
pressure and returns sensory information to the medulla oblongata. If the blood
pressure is increased, the cardioacceleratory and vasomotor centers are inhibited:;
cardioinhibitory center is stimulated to reduce blood pressure. On the other hand,
when blood pressure is below the normal range, baroreflex inhibits the
cardioinhibitory centers and stimulate cardioacceleratory centers and vasomotor
center in order to restore blood pressure. Chemoreceptor reflex is other type of
autonomic reflex and it is sensitive to the change in carbondioxide level, oxygen level
or pH in blood and cerebrospinal fluid. The chemoreceptor reflex is stimulated when
there is a decrease in oxygen level or pH, increase in carbondioxide level in blood or
cerebrospinal fluid. Then the chemoreceptor reflex stimulates the cardioinhibitory
center and vasomotor center. Moreover, the chemoreceptor reflex also stimulates the
respiratory centers in medulla oblongata to increase the respiratory rate. The effect of
this stimulation cause increased oxygen and pH levels and decreased carbondioxide
level in blood. Finally, homeostasis is restored in normal level.

Since these mechanisms of ANS and cardiovascular system have reciprocal
interactions and are not independent, a change in any single parameter can influence
entire structure with the complex mechanism through the neural system. The
evaluations of ANS support the integration function of cardiovascular regulatory
mechanisms in both health improvement and disease progression [2]. Thus, many
research works tried to study the relationship between ANS and cardiovascular
system, for example, heart rate variability (HRV), the relationship between RR
interval and systolic blood pressure (the mechanical path), the reversal causal path
(the baroreflex path), etc.

HRV is a beat to beat alteration in heart rate [3]. ANS affects HRV through
the sinus node, the natural pacemaker of heart. Measurement of heart rate can be
widely used for evaluating cardiovascular autonomic function in various
physiological conditions [4-9]. HRV analysis during exercise enhances our
understanding of central autonomic control. The power spectral analyses of heart rate

are applied to demonstrate the cardiac function depending on the autonomic nervous
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system and physiological control. Power spectral method provides the basic
information on the distribution of power as a frequency function of HR. The spectral
band of HR can be divided into a very low frequency (VLF) (0-0.04 Hz), a low
frequency (LF) (0.04-0.15 Hz) and a high frequency (HF) (0.15-0.4 Hz) components.
The LF band is hypothesized to relate with the sympathetic activation but the HF band
is suspected to relate with vagal activation [10]. Hence, the LF/HF ratio is an
important index for studying the sympatho-vagal balance. For example, during and
immediately after exercise, the risk of sudden death was increased [11-12]. Other
studies [13-15] demonstrated that diminished parasympathetic nervous system activity
at rest was associated with an increased mortality and sudden cardiac death.

Both the mechanical path and baroreflex path are also important factors that
influence the ANS. The relationship between systolic blood pressure (SBP) and RR
interval is a closed loop [16]. Thus, the alteration in SBP affects RR interval (the
baroreflex path) as well as the change in RR interval also causes the modulation in
SBP through a change in cardiac output (the mechanical path) [16]. The studies of the
complicated behaviors enhance cardiovascular regulatory mechanisms in heath and
disease. Furthermore, they provide new clinical tools that may be improve the care
and management of patients with a variety of cardiovascular and neurologic disorders
[2]. The power spectrum of RR interval and arterial blood pressure variability is a
noninvasive method for assessing the autonomic nerve activity through frequency
components of fluctuations [17]. The transfer function of SBP and RR interval
explained the clinical baroreceptor function [16-18].

Muscle sympathetic nervous activity (MSNA) is a recording of multiunit
sympathetic impulses and it can be recorded in skeletal muscles [19-20]. MSNA
increase vasoconstrictor tone in skeletal muscles to adjust arterial blood pressure [19-
20]. MSNA has been used to assess sympathetic nerve activity in patients with
various pathophysiological conditions, such as hypertension [21,22], diabetes mellitus
[23], myocardial infarction, and congestive heart failure [24].

Respiration influences the cardiovascular regulation in short term recording.
The phenomena that affects cardiovascular regulation through heart rate, is known as
respiratory sinus arrhythmia (RSA). RSA is the heart rate variability in synchrony

with respiration, as seen through the RR interval on electrocardiography (ECG),
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which is reduced during inspiration and extended during expiration [25]. This
phenomenon is associated with the tidal volume and the breathing rate. The RSA can
be found at a HF (0.20-0.25 Hz) of the fluctuation of the RR interval [26]. It is related
with several parasympathetic controls including the vagal tone and its modulation.
The vagal phase variation is related to respiration, and the parasympathetic baroreflex
response [27]. HRV was applied for assessing autonomic function and also in
neurologic disorders such as obstructive sleep apnea [28-30] and diabetes [31].

These evaluations of autonomic heart rate control provided better insight in

both autonomic controls and clinical illnesses.

1.2 Problem Statement

To study the relationship of between ANS and cardiovascular system, the
system identification method was applied. This method consists of two types of
mathematical representations, linear and nonlinear. Linear approaches are more
widely used than nonlinear approaches because there are simple and easy to
understand. However, linear approaches have some drawbacks. Linear methods
entirely estimate the system behavior around a given operating point. Nonetheless, the
whole system should not be determined by operating point. Due to the linear
consideration, linear system identification approaches can not analyze the nonlinear
coupling in the system. The nonlinear interactions between respiration and heart rate
have been proposed [32-33]. Saul et al [32] illustrated the nonlinear interactions
between respiration and heart rate. During modulation of heart rate, nonlinear linear
dynamics not only influence arterial blood pressure but also affect the instantaneous
lung volume (ILV) [33]. Thus, to conduct the autonomic function studies, nonlinear
system identification methods can be used to analyze the interactions between

respiration and heart rate effectively.
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1.3 Challenges

The nonlinear interaction in autonomic control is an integrated trouble to
analysis the autonomic heart rate control. Thus, the nonlinear modelings were applied
to clear this problem. For previous researches, the applications of nonlinear method
are very scarce due to their complexity. There are many hindrances in theoretical
foundations and also practical applications. However, the usefulness of nonlinear
approaches in cardiovascular evaluation requires the comprehensive and further
studies. These reasons inspire us to propose the better nonlinear method for studying

the autonomic function.

1.4 Goals of the Thesis

The main objectives of this research study as follows.

1. To study the responses of HRV during handgrip exercise for examine
autonomic control by using the power spectral analysis.

2. To evaluate the relationships between the RR interval and arterial blood
pressure by using NARMA model.

3. To study the interaction between muscle sympathetic nerve activity and
RR interval by using NARMA model.

4. To analyze the effect of autonomic heart rate control and broadband
respiration by using NARMA model.

5. To examine the effect of various lower body negative pressure on

autonomic control of heart rate.

1.5 Research Outcomes

First of all, the responses of HRV during handgrip exercise can be determined
for assessing autonomic control. Next, this research proposed a novel method for
assessing the autonomic heart rate control. It provides several advantages. For
example, it evaluates the relationships between the RR interval-arterial blood pressure
(ABP) and muscle sympathetic nerve activity-RR interval. It determines the

interaction between respiration and RR interval. This model provides a suitable result
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to predict the RR interval by using broadband respiration. Moreover, RR interval can

be evaluated during the various lower body negative pressures.

1.6 Thesis Organization

This thesis is organized as follows:

Chapter 1. Introduction consists of the background, problem statement,
challenges, goals of this thesis and research outcomes.

Chapter II: Literature Review briefs on physiology of ANS, cardiovascular
system. The system identification method and related work are also
discussed in this chapter.

Chapter Ill: Materials and Methods propose the schematic of the
experimental design. It consists of data collection, preprocessing, model
analysis, model validation.

Chapter 1V: Experimental Results provide the consequence of model
validation and model prediction.

Chapter V: Discussion affords comments and suggestions for revision or
improvement model.

Chapter VI: Conclusion gives a summarization of this research.
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CHAPTER Il
LITERTURE REVIEW

This chapter consists of 3 parts. The first part explains brief reviews of
physiology of ANS cardiovascular system. The next part describes a frequent system
identification method for assessing relationship between cardiovascular control and
autonomic nervous system. The related works are shown in the last part of this
chapter. The advantages and disadvantages of each model are also discussed in this

part.

2.1 Anatomy and physiology
In the first part can be classified into 3 sections. Each section explains short
reviews of anatomy and physiology of autonomic nervous system, cardiovascular

system and respiratory system, respectively.

2.1.1 Autonomic nervous system (ANS)

Autonomic nervous system (ANS) is the subdivision of the nervous system. It
provides involuntary regulation of smooth muscle, cardiac muscle and glandular
activity or secretion [1]. Figure 2.1 shows the anatomy of the ANS, there is a synapse
between central nervous system (CNS) and peripheral effector. The preganglionic
motor neuron in the CNS, transmit an efferent nerve to autonomic ganglia outside the
CNS through their axons, known as preganglionic fibers. In these ganglia, there are
synapses between preganglionic fiber and ganglionic neurons. The axons of
ganglionic neurons, called the postganglionic fiber stimulate the cardiac muscle, gland
and fat cells.

The ANS can be divided into 2 subsystems: the sympathetic and
parasympathetic nervous systems based on anatomical and functional differences.

Figure 2.2 summarizes major differences of two subsystems.



Piyawan Massa-ard

RS —
i . L V\T\\
e ey
. st 0 J BRAIN \\
i 7 ¥ 5
/) A / i 4 A
. r T { Y
'\\, Autonomic A
| nucleus i 1

in brain

Preganglionic ‘\\
neuron

neuron :
Autonomic

ganglia

neuron

Glands

Adipocytes

Ganglionic
neuron

Autonomic
nuclei in
spinal cord

Cardiac
muscle

Figure 2.1 Autonomic nervous system.
(adapted from [1])

Literature Review / 8

Preganglionic

The sympathetic nervous system is known as “fight or flight” system because

it stimulates organs and physiological systems to deal with emergencies. The

sympathetic division includes the preganglionic neurons, ganglionic neurons, and

specialize neurons inside the adrenal gland. The preganglionic neurons of sympathetic

division lies between the vertebrae segments T; and L,. The ganglionic neurons are

near the spinal cord. The preganglionic neurons connect to ganglia via the

preganglionic fiber. At the preganglionic synapse, acetylcholine (Ach) is released to

stimulate ganglia neuron. After stimulation at ganglia, the norepinephrine (NE) and
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epinephrine (E) are released at postganglionic synapse. Then, the signal is transmitted

to the next nerve or organ.
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NERVOUS SYSTEM
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|
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~ Division
N e

send | | preganglionic
fibers | | to

inglia in or
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' release ACh (excitatory),
stimulating

ganglionic neurons

: stimulating ‘
ganglionic neurons

which send postganglionic which send postganglionic

fibers | [ to fibers to
Target organs Target organs
Most postganglionic All postganglionic fibers
 fibers release NE at release ACh at
neuroeffector junction neuroeffector junction

"Fight or flight" "Rest and repose”
response ) response

Figure 2.2 Division of the autonomic nervous system.
(adapted from [1])
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On the other hand, the parasympathetic is frequently referred as the “rest and
repose” system because it slows and relaxes roles of organs and body systems. The
parasympathetic division also consists of the preganglionic neurons and ganglionic
neurons. The preganglionic neurons of parasympathetic division lie between brain
stem and sacral segments of the spinal cord. The ganglionic neurons locate within or
next to target organ. The preganglionic neurons connect to ganglia via the
preganglionic fiber. The neurotransmitter, Ach, is released to stimulate ganglia neuron
at preganglionic synapse. After stimulation at ganglia, the Ach are released at
postganglionic synapse and the signal is carried to the next nerve or organ. The
responses of various organs to sympathetic and parasympathetic nervous system are

summarized in Table 2.1.

Table 2.1 The effects of sympathetic and parasympathetic nervous system on various
organs. (adapted from [1])

Structure Sympathetic innervation | Parasympathetic innervation
effect effect

EYE Dilation of pupil Constriction of pupil
Focusing for the distance | Focusing for near vision
vision

SKIN

Sweat glands Increase secretion None ( not innervated)

Arrector pili muscles Contraction, erection of | None ( not innervated)
hairs

TEAR GLANDS None ( not innervated) Secretion

CARDIOVASCULAR

SYSTEM

Blood vessels Vasoconstriction and None ( not innervated)
vasodilation

Heart Increases heart rate, Decreases heart rate, force of
force of contraction, and | contraction, and blood
blood pressure pressure
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Table 2.1 The effects of sympathetic and parasympathetic nervous system on various

organs. (Cont.) (adapted from [1])

Structure Sympathetic innervation | Parasympathetic innervation
effect effect
ADRENAL GLANDS Secretion of epinephrine | None ( not innervated)

and norepinephrine by

adrenal medullae

RESPIRATORY
SYSTEM
Airways

Respiratory rate

Increases diameter

Increases rate

Decreases diameter

Decreases rate

DIGESTIVE SYSTEM
General level of activity

Liver

Decreases activity
Glycogen break down,
glucose synthesis and

release

Increases activity

Glycogen synthesis

SKELETAL MUSCLES

Increase force of
contraction, glycogen

break down

None ( not innervated)

URINARY SYSTEM
Kidneys
Bladder

Decreases urine
production

Constricts sphincter,
relaxes urinary bladder

Increases urine production
Tenses urinary bladder,
relaxes sphincter to eliminate

urine

2.1.2 Cardiovascular system

The function of the cardiovascular system is mainly transports of substances

such as food, hormones, metabolic wastes, and gases (oxygen, carbon dioxide) to and

from cells. Moreover, it has an important role to maintain body temperature and pH

(part of homeostasis). The basic components of the cardiovascular system are
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circulating fluid (blood), conducting pipes (blood vessels such as arteries, veins, and
capillaries) and a pump (the heart) [1]. The cardiovascular system consists of a
pulmonary circuit and a systemic circuit. The pulmonary circuit transports blood to
and from lungs whereas blood from the rest of body is carried by the systemic circuit.
Both of these circuits start and stop at the heart. An overview of the cardiovascular
system is shown in figure 2.3.

Schematic representation of pulmonary
and systermic circulatory systems

Fight lung Le‘h lung
Fulmonary
artery
Fulmanary wveins
RIGHT HEART % LEFT HEART
Inferior vena cava
Hepatic weain
Liver Kidneys

Fuaortal wein

Digestive organs
(intestines, stamach]

Extrernities, abdmaonial and pelvic
organs, skeletal muscles, bones

Figure 2.3 An overview of the cardiovascular system.

(adapted from http://webschoolsolutions.com/patts/systems/heart.htm)

In pulmonary circuit, beginning of the right atrium obtains deoxygenated
blood from the systemic circuit via the inferior and superior vena cavae. The blood
are passed to the right ventricle through the tricuspid valve, which has three flaps (or
cusps) of tissue. In right ventricle, blood is pumped to pulmonary veins via the
pulmonary or semilunar valve, which consists of three half-moon-shaped flaps. The
blood is passed through pulmonary arteries to the lungs. The main function of lungs is

to exchange carbon dioxide and oxygen. The lungs transmit oxygenated blood to the
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left atrium via pulmonary vein, ending the pulmonary circuit. The systemic circuit
begins at the left ventricle. The oxygenated blood is transported to the left atrium to
left ventricle via mitral valve, which has two flaps (or cusps) of tissue. Then blood is
pumped into the aorta through the aortic valve, which has a semilunar shape. The
aorta consists of a lot of branches; blood is passed to the rest of body via these
branches. Finally, the deoxygenated blood returns to the right atrium via inferior and
superior vena cavae, finishing the systemic circuit.

The main function of the cardiovascular system mostly relates with the heart.
Each heart contraction pumps blood to the whole body. To ensure that the blood is
pumped in the right time and the right places, the heart has to have a special muscle,
known as cardiac muscle. The cardiac muscle can be divided into: contractile cells
and specialized cardiac muscles and called conducting system. Firstly, the contractile
cells have an important function to contract for moving the blood. The other is
conducting system; the function of this system is to control the contractile cells. The
conducting system consists of the sinoatrial node (SA node), atrioventicular node (AV
node), AV bundle, the bundle branches and the Purkinje fibers. The component of the

conducting system of heart is summarized in figure 2.4.

Sinoatrial
(SA) node

Atrioventricular

(AV) node
AV
N \ N4 bundle
- Bundle
e el branches
Internodal <G
pathways Purkinje
fibers

Figure 2.4 The conducting system of the heart.
(adapted from [28])
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The impulse conduction through the heart consists of 5 steps. This process is
summarized in figure 2.5. Firstly, beginning with the activation of the pacemaker,
which is in the SA node, produces 60-100 action potentials per minute. Secondly, the
action potentials from SA node are sent to the AV node through three different paths
of conducting cell in atrial wall. The elapsed time in this process is 50 msec. For the
next step, the impulse spreads over the cardiac muscle of the left and right atria
causing atrial contraction. At the AV node, the impulse is delayed for about 100 ms.
As a consequence of this time delay, the simultaneous contraction of atrium and
ventricle is presented. The elapsed time is now150 ms. Next in the order, the impulse
is sent through the interventricular septum via AV bundle. At this point, it is divided
to left and right bundle branches, which are located in the inner surface of the left and
right ventricles, respectively. The signal reaches to the Purkinje cell and the elapsed
time become 175 ms. Finally, it is sent to the contractile cells of ventricular
myocardium and the elapsed time is 225 ms. Ventricular contraction occur 75 ms,
after the atrium contraction is ended,. The amount blood driven by a single ventricular

contraction is known as the stroke volume (SV).
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SA node

STEP 1:
SA node activity and atrial
activation begin.

Time=0

STEP 4:

The impulse travels along the
interventricular septum within
the AV bundle and the bundle
branches to the Purkinje fibers.

Elapsed time = 175 msec

STEP &:

The impulse is distributed by
Purkinje fibers and relayed
throughout the ventricular
myocardium. Atrial contraction
is completed, and ventricular
contraction begins.

Elapsed time = 225 msec

Purkinje
fibers

Figure 2.5 The impulse conduction through the heart.
(adapted from [1])

Copyright by Mahidol University



Piyawan Massa-ard Literature Review / 16

Electrical activity in the heart can be detected on the body surface and the
recording of these signals is called the electrocardiogram (ECG and EKG) [1]. The
ECG of a normal heart beat consists of: a P wave, a QRS complex and a T wave, as

shown in figure 2.6.

e ' 800 msec—»

+1
R R
5 P-R S-T
P wave segment segment
(atria Q T wave /
" depolarize) (ventricles repolarize) Sy Sy s
5 I
= 0
- : & r v/
! P-R | ! S-T ! 7 4
0.5 interval | interval | /i
| Q-T : QRS interval
interval (ventricles depolarize) ‘

Figure 2.6 The Eletrocardiogram.
(adapted from [1])

The P wave represents the depolarization of the atria. The QRS complex signifies the
ventricular depolarization. The T wave displays the ventricular repolarization. The
ECG analysis is used for assessing abnormal cardiac activity, for example, myocardial
(cardiac muscle) defects, enlargement of the heart, congenital defects, heart valve
disease, arrhythmias (abnormal rhythms), tachycardia (heart rate too fast) or

bradycardia (too slow), ectopic heartbeat, coronary artery disease, inflammation of the
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heart (myocarditis), changes in the amount of electrolytes (chemicals in the blood),
present or impending heart attack.

The principal function of the cardiovascular system is to maintain that the
blood flows at the right time and to the right area. The factors that control this system
can be classified into primary and secondary factors. The primary factors are blood
volume reflex, autonomic innervations, and hormones. The secondary factors are the
concentration of ions in the extracellular fluid and body temperature. These factors

are summarized in figure 2.7.

To

F : 1 peripheral < oy

tissues

pinephrine
norepinephrine.

Atrial
reflex

Figure 2.7 Factors affecting cardiac output.
(adapted from [1])
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The first primary factor is blood volume reflex. Blood volume reflex consists
of atrial reflex and ventricular reflex, which reacts the alteration in blood volume. The
arterial reflex affects to cardiac output by increasing heart rate after an increasing
venous return (the flow of venous blood to the heart); due to mechanical and neural
factors. The ventricular reflex affects to stoke volume, when the venous return
increase, the force of ventricular also increase, known as Frank-Starling law.

The second of primary factors is autonomic innervation and hormones. Both
sympathetic and parasympathetic division of ANS influences the activity of the heart

as shown in figure 2.8.
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Figure 2.8 Autonomic innervations of the heart.
(adapted from [1])



Fac. Of Grad. Studies, Mahidol Univ. M.Eng.(Biomedical Engineering) / 19

For sympathetic division, the postganglionic sympathetic neurons locate in the
cervical and upper thoracic ganglia. The vagus nerve conducts the parasympathetic
preganglionic fibers to ganglia in the cardiac plexus. Both sympathetic and
parasympathetic stimulate both the SA node, AV node, the atrial and ventricular
cardiac muscle cells. The autonomic innervation affects to both heart rate and stroke
volume to adjust cardiovascular function. These sympathetic neurons release the
norepinephrine (NE) to increase heart rate and stroke volume. The parasympathetic
neurons release the acetylcholine (ACh) to decrease heart rate and stroke volume. The
epinephrine (E) and norepinephrine (NE) are hormones that are released by adrenal
medullae to increase heart rate and stroke volume during sympathetic activation.

2.1.3 Cardiovascular regulation

The main function of the cardiovascular system is to maintain blood flow at
the right time and area. There are 3 factors that affect cardiovascular regulation, as
shown in figure 2.9: local factor (autoregulation of blood flow), neural mechanism

and endocrine factors.
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Figure 2.9 Local, neural and endocrine adjustments that maintain blood

pressure and blood flow. (adapted from [1])
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Local factor (autoregulation of blood flow) involves chemical changes in the
interstitial fluid. In the resting condition, cardiac output still unchanged but peripheral
resistance of each tissue is changed to maintain blood flow. A precapillary sphincter is
the important factor to control blood flow. If it contracts, blood flow decreases; if it
relaxes, blood flow increases. The local environment also influences the precapillary
sphincter. For example, when oxygen levels increase, smooth muscle cells in the
precapillary sphincter constrict and reduce the flow of blood. On the other hand, when
oxygen levels falls, carbon dioxide levels increases, and the pH decreases, smooth
muscle cells in the precapillary sphincter are induced relax and increasing blood flow.
Other specific chemicals in the intestinal fluids affect to contraction of the
precapillary sphincter. For example in the inflammation response, vasodilation occurs
at an injury site because histamine, bacterial toxins, and prostaglandins also induce a
relaxation of the precapillary sphincter. The factors that influence relaxation of
precapillary sphincter are called vasodilators. The factors affect to contraction of
precapillary sphincters are known as vasoconstrictors.

The other factor that affects cardiovascular regulation is neural mechanism.
The nervous system maintains blood flow by adjusting the cardiac output and
peripheral resistance. These factors are controlled by cardiovascular centers such as a
cardiac centers and vasomotor centers of the medulla oblongata. The cardiac centers
such cab de divided into cardioacceleratory and cardioinhibitory center. The
cardioacceleratory centers enhance cardiac output via sympathetic innervation but the
cardioinhibition centers decrease the cardiac output via parasympathetic nervous
system. The vasomotor centers function is to adjust the peripheral resistance and it
can be classified into vasodilation, vasoconstriction and venoconstriction.
Vasodilation occur when the vasomotor centers are inhibited, they decrease peripheral
resistance by increasing diameter of arterioles. Not only vasoconstriction but also
venoconstriction increase peripheral resistance when the vasomotor centers are
stimulated, by compressing the peripheral arterioles and veins, respectively.

In cardiovascular system, there are autonomic reflex that react to the alteration
in blood pressure and chemical composition. These autonomic reflex are baroreflex

and chemoreceptor .
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The baroreceptor functions are to maintain arterial pressure by adjusting the
cardiac output and peripheral resistance. Baroreceptors measure the change in the wall
of distensible organ. They can be divided into aortic baroreceptors, carotid sinus

baroreceptors and atiral baroreceptors.
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Figure 2.10 Diagrammatic representation of major arterial baroreceptors.
(adapted from [34)

Aortic baroreceptors discover the location within the aortic sinuses; they
measure the pressure change in aorta. Carotid sinus baroreceptors are located in the
walls of the carotid sinuses and they are very sensitive because they measure the
pressure change in brain. Both aortic and carotid sinus baroreceptors are
undifferentiated terminal nerve fiber [34]. Their diameter is or less than 5 p and their
branch extent in the adventitial and medial of the wall. Fibers from carotid sinus
baroreceptors connect to the sinus and glossopharyngeal nerves but the fiber from the
aortic baroreceptors attach to the vagus nerve [34]. The end of fiber from both aortic

and carotid sinus is in vasomotor area in medulla oblongata.
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The last one is the atrial baraoreceptors. They are located in the wall of the
right atrium. These receptors differ from the aortic and carotid sinus because they deal
with blood pressure in atrium. When the pressure in atrium rises, the cardioaccelertor

center is stimulated by atrial baroreceptors until the atrial pressure return to normal.
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Figure 2.11 The carotid and aortic sinus baroreceptor reflex.
(adapted from [1])

The baroreceptors are stimulated when there is alteration in blood pressure.

When blood pressure increases above normal range, baroreceptors are excited. They



Fac. Of Grad. Studies, Mahidol Univ. M.Eng.(Biomedical Engineering) / 23

send this information to the medulla oblongata. The medulla oblongata inhibits the
cardioacceleratory center, stimulates the cardioinhibitory center to decrease the
cardiac out put. They also inhibits vasomotor to reduce peripheral resistance. Finally,
blood pressure is reduced into normal range as shown in figure 2.11. On the other
hand, when blood pressure falls below normal range, baroreceptors are inhibited. The
medulla oblongata stimulates the cardioacceleratory center, inhibits the
cardioinhibitory center to increase cardiac output. The vasomotor centers are
stimulated to increase peripheral resistance. In the final manner, blood pressure is
restored to the normal range.

The chemoreceptor affects the alteration in the carbon dioxide levels, oxygen
levels, or pH in the blood and cerebrospinal fluid. The chemoreceptor monitors the
arterial blood pressure and they can be divided into carotid bodies and aortic bodies.
They are located in close proximity in the carotid sinus and aortic arc [34]. Sensory
nerves of these receptors connect to both the respiratory and cardiovascular centers in
medulla oblongata [34]. Thus chemoreceptors affect to both pulmonary ventilation
and peripheral resistance [34]. The other type of chemoreceptor is found on the
ventrolateral surfaces of medulla oblongata. Their function is to measure the
composition of cerebrospinal fluid. The mechanism of chemoreceptor starts when a
decreased O,, pH or increased CO; levels. The reflex response activates the
cardioacceleratory center and inhibits the cardioinhibitory centers to increase cardiac
output. The vasomotor centers are stimulated to increase the peripheral resistance.
The respiratory centers are also stimulated to increase respiratory rate. As a result, the
accelerating tissue blood flow increase O, and pH until the homeostasis is restored as

shown in figure 2.12.
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Figure 2.12 The chemoreceptor reflex.
(adapted from [1])

The last factor that influences cardiovascular regulation is hormones.
Hormones affect the cardiovascular fluctuation in both short term and long term
regulation. Hormones, influencing the short term regulation, are epinephrine (E) and
norepinephrine (NE). Both epinephrine (E) and norepinephrine (NE) relate with
cardiac output and peripheral resistance as discussed above. Hormones that affect the
long term regulation, are antidiuretic hormone (ADH), angiotensin Il, erythropoietin
(EPO), and atrial natriuretic peptide (ANP). These hormones are associated with long

term regulation of blood pressure and volume.

2.1.4 Respiratory system
The respiration system consists of the upper and the lower respiratory system.

The upper respiratory system consists of the nose, nasal cavity, and sinuses. The
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lower respiratory system involves the pharynx (throat); the larynx (voice box); the
trachea (windpipe), the bronchi and bronchioles (conducting passageways) and the
alveoli (exchange surface of the lungs) as shown in figure 2.13. The main functions of
respiration are giving an area for gas exchange between air and circulating blood,
moving air to and from the exchange surface of lung, saving respiration surfaces from
environmental variations and protecting the respiratory system and other tissues from
invasion by pathogen, allowing vocal communication and giving olfactory sensation
in CNS [1].
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Figure 2.13 The components of the respiratory system.
(adapted from [1])
The routine of the respiration consists of four phases [1]. The first phase is

pulmonary ventilation or breathing, which is the physical movement of air into and
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out of lungs. The second phase is gas diffusion across the respiration membrane,
which isolates the alveolar air from the blood within the alveolar capillaries. The third
phase is the storage and transport of oxygen and carbondioxide between the alveolar
capillary and capillary beds in the other tissues. The last phase is the exchange of
dissolved gases between the interstitial fluids and blood.

The activity of respiration has important functions that describe above. The
factors that affect control of the respiration are [1]

1. Local regulation compensates for small oscillations affecting individual
tissues and organs; large scale or extended changes require the integration of
cardiovascular and respiratory responses.

2. Local factors regulate blood flow (perfusion) and air flow (ventilation).
Alveolar capillaries constrict under conditions of low oxygen, and bronchioles dilate
under conditions of high carbon dioxide.

3. The respiratory centers include three pairs of nuclei in the reticular
formation of the pons and medulla oblongata. The respiratory rhythmicity centers set
the pace for respiration. The apneustic centers cause strong, sustained inspiratory
movement and the pneumotaxic centers inhibit the apneustic centers and promote
exhalation.

4. The inflation reflex prevents overexpansion of the lungs during force
breathing. The deflation reflex stimulates inspiration when the lungs are collapsing.
Chemoreceptor respond to changes in the Py, and Py, of the blood and cerebrospinal
fluid.

5. Conscious and unconscious thought processes can affect respiration by
affecting the respiratory centers.

In this section, the anatomy and physiology of ANS, cardiovascular system,
cardiovascular regulation and respiratory system are discussed. These systems are not
independent and very complex. Thus, the system identification approaches are

considered to accessing this mechanism.

2.2 System identification

System identification approaches were applied in cardiovascular regulatory

mechanisms for a longstanding tradition. These methods try to fit the parameters in
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the used model by using the input-output data pairs. Recently, Ljung L. proposed the

scheme of system identification as shown in figure 2.14 [35].

Data
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E Criterion of Fit |«
; Y v
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Model Not Oﬁ: Revise
Validation
l OK: Use it!

Figure 2.14 Scheme of system identification
(adapted from [29])

Prior
Knowledge

There are three basic steps in system identification method; (1) data

generation, (2) model determination, and (3) model validation. If the model is not

validated, steps (1) and (2) will be repeated. The parameters in model will be adjusted

until the satisfied model validation is obtained. A priori knowledge can be put in

wherever appropriate in this process.

In this chapter, we will discuss advantages and disadvantages of linear and

nonlinear system identification approaches. A number of interesting related works

will be presented together with the open problems.
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2.2.1 Linear Models

Linear system identification techniques are well-known methods for analyzing
fluctuation in cardiovascular system due to their simple computing formulation and
results interpretation. Linear system identification can be classified into

nonparametric and parametric methods, as described below.

2.2.2 Nonparametric System Identification

Nonparametric system identification methods analyze data without assuming
any underlying distribution. This method fits data into a mathematical equation
without adjusting parameters. The noncausal Wiener filter is the most popular
nonparametric system identification method for identifying fluctuation in the
cardiovascular system [36-39]. Wiener filter is a ratio of cross spectrum over the
autospectrum of the input and can be defined as

=" (60)
{p N

>

(2.1)

where is the S, (w) is the cross spectrum between input (x(n)) and output (y(n));

§XX (w) 1s the autospectrum of the input and H (@) is called transfer function.
The cross spectrum is the Fourier transform of cross correlation (F,, (k)). The cross

correlation is the mean of a cross product between input and output for a time
difference and it defined as [40]:

N-1
Fy (K) = %Zx(n)y(n+ k), k=01 2.,N-1. (2.2)
n=0
where k define as the number of time units that the signal y(n) is delayed or lagged, N
is the length of signal.

Thus, the cross spectrum defines as [40]:

Sxy(a)) =DTFT [fxy(k)] (2.3)
where DTFT defines as the discrete time Fourier transform.
The autospectrum is the Fourier transform of autocorrelation (7, (k)). The cross

correlation is the mean of a cross product of input for a time difference and it defined
as [40]:
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N -

%Zx(n)x(n+k), k=01 2..,N-1. (2.4)
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Fo(K) =

Thus, the autospectrum is[40]:
S, (@)= DTFT [F, (k)] (2.5)

The output of system can be calculated by using transfer function

y(n) = x(n)* IDFT [H(w) ] (2.6)
where * defines as the convolution operator, IDTFT is the inverse discrete time
Fourier transform. Finally, we obtain the output of system by convolution between
input and inverse Fourier transform of transfer function.

Generally, transfer function (H(w@)) is a mathematical representation that

describes to explain the behavior the input that influences the out put in linear time

variant system.

2.2.3 Parametric System Identification

Parametric system identification methods are method that fit data by adjusting
the parameters of the mathematical representation. The salient point is that when the
system is causal, parametric system identification technique can be classified between
the feedforward and feedback close loop system. Thus, this technique is meaningful
for computing fluctuations in cardiovascular system. The parametric system
identification approach consists of three steps: (1) choosing an appropriate parametric
model (usually based on a priori knowledge about the process), (2) computing the
model parameters, and (3) validating the model by using the obtained parameters [41].
In cardiovascular regulation, the popular parametric method is autoregressive with
exogenous input (ARX). This will be presented shortly.

The autoregressive with an exogenous variable is more suitable for assessing
cardiovascular regulation because cardiovascular regulation commonly consists of

multiple inputs. The autoregressive with exogenous input (ARX) is defined as [41]:
p q
y(n) = > a,y(n—i) + > bx(n—i) + e(n). (2.7)
i=1 i=1

where a, and b, are the autoregressive and moving average coefficients, respectively;

X(t) is an exogenous input; p and q are order of the y(n) and x(n), respectively. The
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coefficients of the model can be obtained by the least squares minimization of
residual error in conjunction with an ARX parameter reduction algorithm [41].
Rearrange the ARX in matrix notation, and it can be written as:
y=H@+e (2.8)
where y=1[ y(0) y@® .. y(N-DI
e=[e0) e® .. eN-=-D]

8=[-a@l) -a@ .. -a(p) b@®) b2 .. b I
y) o y(=2) .. y(=p) =)  x(=2) .. x(-9)

n=| YO y=1) .. y(=p+D x(0) =) .. x(=q+))

y(N-2) y(N-3) .. y(N-p-1) x(N-2) x(N-3) .. x(N-qgq-12
According to the least squares minimization, thus @ can be estimated as [41]:
0= (HH)'H'y (2.9)
Then, we obtained the parameters (0) of the model; we can rearrange general

equations of ARX in Z-transformation as [42]:

A(zYY(2) = B(zH)X(2) + E(2). (2.10)
where A(z") =1-a;z " —.—a,zPand B(z") = bz —.—b,z7".
The transfer function of ARX model defines as [42]:

_ B(z?) 1

H(z) = AZD) X(z) + Az

E(2). (2.11)

In the final manner, the output of the system can be obtained by convolution input and

the inverse Z- transform.

2.2.4 Nonlinear Models

Volterra series is an important model for determining the general nonlinear
input-output relationship. The Volterra series consist of an infinite sum of
multidimensional convolutions of increasing order [43]. This series can be written as
a generalization of linear convolution as the following [43]:

y(n) = h, + ihl(i)x(n—i) +iihz(il,iz)x(n—il)x(n—iz) b (212)

i1=0i,=0
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where hy, h;, h,(n;,n,), ... be the Volterra kernels. The zero-order constant kernel
h, stands for the system response to zero input whereas the first-order kernel h,

represents the linear convolution sum. The higher order kernels are defined as

nonlinear interaction effects.

x(m v, (n)=y(n)-h,
FFT EET
| Y, (m)
X(w) Y (@) i
v 3 |
®

Y (w)=Y,(®)-Y, (7)

N

H (@) ==:Jl;}’0 (@)X (77) l

Yo —

H, (o, 0,)= L_ Y(, + @)X (7)) X (7))
Y, ()= H (o)X (@) 2P

. ,

FFT FFT FFT, [
. ' . *
v, () h, () h(n.n,) XX X(e)

Volay,0,)=H, (0, 0,)X (@)X (7,)

}

FFT;

I"Q(;r]‘n‘.)

!

Yo =V,(n.n,)

Figure 2.15 Scheme of Volterra Model
(adapted from [43])
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For example, we consider the second order of Volterra series, Eq. (2.12)
become [44]:

y(n) = hy, + ZN:hl(i)x(n—i) + iZN:hz(il,iz)x(n—il)x(n—iz) (2.13)

i,=01i,=0
To compute the second order kernel in Volterra model, Marmarelis et al [44] applied
the frequency domain approach by using fast Fourier transform algorithm to estimate
these kernels as shown in figure 2.15. The h, is the mean of y(n). The h,can be
computed by using Eqg. (2.1) and linear response (y,(n)) can be compute by
convolution between x(n) and h,. The second order kernel (h,) is quite complex and
has several steps. First, the zero order response residual (y,(n)) are computed by
subtracting y(n) with h;:
Yo(n) =y(n) - h, (2.14)
Next, y,(n)and x(n) are transformed into frequency domain by using fast Fourier
transform and these paramets become Y,(@) and X (@), respectively. Then, compute
the first order response residual Y,(@) by subtracting zero order response residual
(Y, (w)) with the part of the response due to linear kernel (Y, (@) ). Then
Y,(w) = Y,(®)- Y (o) (2.15)
The second order kernel can be estimated by using the second order cross correlation

[44], then

h,(n,,n,) =$E[y(n)x(n—i1)x(n—iz)], i, i, =01 .., N (2.16)

where E[] is the expectation operator, and P is the power spectrum of x(n).

Finally, apply Fourier transform in to Eq (2.16), it is changed into [44]:
1 . .
Hz(a)l’a’z):FYl(wl"'a)z)X (@)X (@,) (2.17)

where X (@) is conjugation operator. Let V, (e, ®,) be the Fourier transform of

input and cross kernel,
VQ(a)l’a)Z): H, (@, @,) X (@,) X (@,) (2.18)
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Apply inverse Fourier transform in Eq (2.18), then V,(w,,®,)become the
convolution between input and cross kernel, know as quadratic response (y,(n))
[44]. Thus, output is

y(n) = hy + y (n) +Yyq(n) (2.19)

Finally, the output of system can be obtained by summation mean, linear response and

quadratic response.

2.3 Related Works

This part presents the previous work of autonomic nervous system. The
applications in cardiovascular system of each model are considered. The advantages

and disadvantages of each model are also discussed in this section.

2.3.1 Nonparametric method

Nonparametric method was applied to analyze the cardiovascular regulatory
mechanisms [33,45-48]. Saul J. P, et. al. presented the sinoatrial node response as a
low pass Wiener filter to fluctuations in either sympathetic or parasympathetic tone
[46]. Their study resulted in sympathetic component appearing in low frequency
component, whereas parasympathetic component appeared in both low and high
frequency components [46]. Nonparametric approach also gave a sensitive measure of
arterial baroreflex function in both experimental and clinical studies [46]. The neural
arc of baroreflex system had a high pass filter characteristic in the frequency range of
0.1-1.0 Hz [47]. Generally, the respiration was used as the broadband exogenous
noise source to identify the closed-loop magnitude and phase relation between heart
rate and blood pressure [8,49]. The nonparametric method suggest that the complex
transfer relations observed with a relatively simple analysis of respiration, HR and
ABP can be understood in terms of a feedback loop between ABP and HR with
respiration as an external noise source [50]. The transfer of respiration and HR had
the low pass filter characteristics in both sympathetic and parasympathetic [50]. The
gain of transfer function in parasympathetic activity expressed relatively broad-pass
magnitude properties with near zero phase at all relevant frequencies, whereas the

gain of sympathetic activity demonstrated a marked drop in magnitude with frequency
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and a phase delay [50]. The phase of vagal activity near zero degrees at D.C. (0 Hz),
while the phase of sympathetic activity near 180 degrees at D.C. At 0.15 Hz, the
phase nears zero degrees for both systems [50]. To find the relationship between the
heart rate and respiration, the transfer relation between respiration and HR, is that of a
low-pass filter whose gain and phase characteristics change with the relative balance
of the vagal and sympathetic contributions to HR control [8,49].

Nonparametric method is an interesting approach because it is a fast method
and easy to compute. Nonetheless, this approach quantifies data without modifying

parameters. The nonparametric identification can not classify the feedforward (HR

fluctuation influences ABP fluctuation via heart and vasculature) and feedback
mechanism (ABP fluctuation induce HR fluctuation through arterial baroreflex) of
closed-loop system [2]. Therefore, nonparametric approach does not sufficient for
analyzing the cardiovascular regulation mechanism because this regulation consist of
both feedforward and feedback mechanisms.

2.3.2 ARX model
Parametric methods have also been used to estimate the affects of ANS to
cardiovascular system. Berbieri et al found that RR interval decrease during
inspiration [51]. The ARX method was applied to examine the arterial and
cardiopulmonary baroreptors in dynamic closed-loop control of total peripheral
resistance (TPR) [52,53]. In conscious sheep, dynamic closed loop affects of ABP and
right atrial pressure (RAP) as predictors of TPR [52,53]. Additionally, this method is
also applied to analyze the fluctuations in heart rate, ABP and ILV for estimating the
cardiovascular control mechanisms [54]. The gain of transfer functions of ILV to RR
interval generally increased with RAP from lower body negative pressure [54]. ARX
method is an attractive method for identifying diabetic autonomic neuropathy and
normal subject with alterations in cardiovascular control mechanisms. The peak
amplitude of impulse response between ILV and heart rate decreased with increasing
severity of the disease [55]. Mukkamala R., et. al. reported that ARX technique is
more sensitive in detecting autonomic dysfunction than spectrum analysis [55]. The
power spectrum of Autoregressive (AR) method is applied to implement sympatho-
vagal balance in HRV [56,57]. Lang E., et. al. reported the power spectrum of AR
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method was highly sensitive in different patients and increased risk of malignant
ventricular arrhythmia (MVVA) [56]. The power spectrum of HRV extracted a reliable
measure to distinguish between periods of normal and sleep disordered breathing
(SDB) in child patients [57]. The spectral power data and the damped oscillator of
RSA showed that cardiac sympathetic outflow markedly reduces heart period
oscillations at all frequencies [51]. It can be concluded that RSA is mediated simply
by vagal-cardiac nerve activity [51]. The power spectrum analysis based on AR
modeling of the RR interval and respiration was applied for specifying diabetic
subjects [58,59].

Linear parametric models provide many useful close loop cardiovascular
regulatory mechanisms as described above. However, there are some nonlinear
interactions in the cardiovascular system such as between sympathetic and

parasympathetic nervous system with respect to heart rate control [2].

2.3.3 Volterra-Weiner model

Volterra series was used to determine a nonlinear system analysis of the effect of
fluctuations in instantaneous lung volume and arterial blood pressure on heart rate
fluctuations [2,60,61]. The linear method provided the dominant role in hear rate
fluctuation, but the second order nonlinear components also contribute significantly in
describing the coupling of instantaneous lung volume and arterial blood pressure
fluctuations to heart rate fluctuations [2]. The study based on second order Volterra-
Weiner model revealed an important contribution of the second order kernels to
description of the effect of lung volume and ABP on heart rate [60]. The first order
and second order ILV to heart rate kernel amplitude reduced after autonomic double
blockade [4]. The nonlinear dynamics played a quantitatively significant role in
mediating the heart rate response to autonomic activation [61]. The second-order
Volterra—Wiener model was applied to analysis the effect of respiration and arterial
blood pressure on heart rate [62]. Jo et a | found that gain of RSA and arterial blood
pressure in obstructive sleep apnea (OSA) was less than normal subjects. They found
the increased sympathetic activity and decreased parasympathetic activity in OSA
subjects [62].
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To predict the system output from a given input, it is necessary to compute
these kernels. There are different methods for computing the Volterra kernel [63,64].
However, the algorithm to obtain these parameters is very difficult [43]. Despite,
Volterra model can deal with the nonlinear component in the system, Volterra series

provided unsatisfactorily results in prediction of step depolarizations [65].

The previous studies indicated that nonlinear methods provided more insight
into nonlinear components; however, model construction is quite hard and difficult.
Thus, to assessing the cardiovascular autonomic regulation, we will propose a better

and faster model in the next chapters.
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CHAPTER 1
MATERIALS AND METHODS

At this time, several mathematical approaches are applied to estimate
mathematical model of autonomic heart rate control. These methods include linear
and nonlinear methods. However, the previous models are not adequate, the
interactions of autonomic heart rate control have not been clear. For this reason, we
applied NARMA model for assessing the interaction in autonomic control of heart
rate. We applied factors that may be influence to heart rate control in the
mathematical model such as ABP, MSNA and respiration (RESP). Moreover, the
physical activity (handgrip exercise) was also applied in this study.

In this chapter, method of this experiment can be separated into 2 parts: heart
rate variability (HRV) during handgrip exercise and NARMA model of autonomic

heart rate control.

3.1 An Overview

The overall of this thesis is summarized as shown in figure 3.1. The factors
that effect to autonomic heart rate control can be classified into exercise, blood
pressure, MSNA and respiration. All data were passed through preprocessing step to
eliminate noise. These signals were implemented by mathematical model. The models
were validated to find the optimal model. Finally, the optimal model were analyzed

and implemented.
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Figure 3.1 Overall of the research.
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3.2 Heart rate variability during handgrip exercise
We measured the response of HRV during handgrip exercise for examine
autonomic control by using the power spectral analysis. An autoregressive technique

was applied to compute the power spectral density of HR.

3.2.1 Data collection and preprocessing

Four healthy subjects provided informed consent prior to the study. Subjects
were required to take supine position. Each subject performed brief maximal
contractions to determine their maximal voluntary contraction (MVC) by using a
handgrip dynamometer. During baseline, the subjects remained at rest quietly in
supine position and the baseline recordings of ECG, were performed for 5 minutes.
The dynamic handgrip exercises were performed for 15 minutes. Exercises involved
the subjects altering consecutively between a five second long sustained handgrip at
50 % of their MVC and a five second period of rest. The ECG was recorded with a
sampling frequency of 300 Hz. ECG signals of these subjects were recorded at rest
(baseline) condition (5 min) and handgrip exercise (15 min). The ECG signals were
sampled and analyzed on off line computer. ECG was passed through the filter in
order to eliminate noise. R-R intervals were detected from ECG and smoothed

instantaneous HR time series were sampled at 4 Hz [66].

3.2.2 Autoregressive Method and power spectral estimation

The Autoregressive (AR) method is a method that the output value can be
calculated by the weighted sum of its previous value. AR model can be denoted as
[40]:

YO = 3 ay(t-i)+e(). @

where y(t) is the observed variable of the system; e(t) is the unobserved white noise
disturbance; a, are coefficients and p is the order of the AR model. The coefficients

of autoregressive method can be obtained by using Yule-Walker equation. It can be

written as:
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r(0) r@ o or(p-Dja@® | | -r@)
WO (-2 20| -1 2
r(p-1 r(p-2) - r(0) Jla(p)] [-r(p)
where r(k) is a autocorrelation function. It can be calculate by
r(k) = > ymy(-K) 3)

The optimal model order (p) can be calculated by choosing the minimum value of the

Minimum Descriptive Length Criterion (MDL):
MDL(p) = N Ins; +2(p+1) (3.4)

where sf, Is the variance of the error sequence. It can be define as [40]:

B p
s TS—Ezﬁ e? =r(0)+ Y a(i)r(i) (3.5)
i=1
In a final manner, we got the optimum model of AR. Next, the coefficients of AR
model were applied to estimate the power spectrum S(f). That is [40]:

W\
S(f) = 2

(3.6)

2
—2IIfiT

where f is a sampling frequency and T is a sampling interval.

3.2.3 LF/HF ratio

The power spectral analyses of heart rate were applied to demonstrate the
cardiac function depending on the autonomic nervous system and physiological
control. Power spectral method provides the basic information of the way in
distribution of power as a frequency function of HR. The LF band is hypothesized
that relates with the sympathetic activation but the HF band is suspected that related
with vagal activation [67]. Hence, the LF/HF ratio is an important index for studying
the sympathy-vagal balance. LF and HF might also be calculated in normalized units,
which established the relative value of each power component in proportion to the
total power minus the VLF component [68]. LF and HF normalized power were

calculated as
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LF Normalized Power = LF Power x100
Total Power — VLF Power (3.7)
HF Normalized Power = HF Power =100
Total Power — VLF Power (3.8)

Finally, LF/HF ration was computed to determine the balance between

parasympathetic and sympathetic system during handgrip exercise.

3.3 NARMA model of autonomic heart rate control.

We applied the factors (ABP, MSAN, and LBNP) that effect to autonomic heart
rate control. Then, the relationships between input and output were analyzed by using
NARMA model. In this study, we studied the relationship of autonomic heart rate
control by constructing the following model:

- RR and ABP model consists of
- Baroreflex path
- SBP (input) — RR (output) model
- DBP (input) — RR (output) model
- Mechanical path
- RR (input) — SBP (output) model
- RR (input) — DBP (output) model
- MSNA (input) and RR (output) model
- RESP (input) and RR (output) model with LBNP
- baseline
- -15 mmHg
- -30 mmHg
- recovery period

Theses models were validated to find the optimal model. Finally, the optimal

model were analyzed and implemented. The Flowchart of the NARMA model is

shown in figure 3.2.
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Figure 3.2 The Flowchart of the NARMA model.
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3.3.1 Data collection and preprocessing

Subjects were classified into 2 groups: dataset | and dataset 1. The dataset |
was recorded ECG, ABP, and MSNA signals for 5 minutes. Five healthy subjects
provided informed consent prior to this group (three males two females, 27 + 2 yrs).
The MSNA were measure at the peroneal nerve at the fibular head. A tapered,
insulated tungsten electrode with a 200- m-diameter tip and an un-insulated portion
approximately 1-2 m in length were inserted percutaneously into the sympathetic
bundle of the peroneal nerve. A stainless-steel reference electrode was placed
subcutaneously about 2 cm from the recording site. All signals were recorded with a
sampling frequency of 300 Hz. The signals were sampled and analyzed on off line
computer. All signals were passed through the filter in order to eliminate noise. R-R
intervals were detected from ECG. Both systolic blood pressure (SBP) and diastolic
blood pressures (DBP) were derived from arterial blood pressure. These signals were
resampled at 4 Hz in order to prevent the unnecessary measurement noise and
construct equally spaced time series for modeling and data analysis. These signals
were implemented and fitted to the NARMA model. These signals were separated
into train sets (4 min.) and test sets (1 min.). The signals form this group were applied
in RR- ABP model and MSNA-RR model.

In dataset Il, six healthy subjects were recorded ECG and respiration for 4
minutes. Subjects were controlled their breath to obtain the broadband respiration.
Broadband respiratory activity is elicited by instructing a subject to initiate an
inspiratory/expiratory cycle each time he is cued by an audible tone [33]. Moreover,
subject were record ECG and respiration signal during various lower body negative
pressure (LBNP) such as baseline-15mmHg, -30 mmHg, and recovery period. These
signals were recorded with a sampling frequency of 500 Hz. These signals were
applied into the preprocessing step. These signals were separated into training sets
(3.5 min.) and test sets (30 sec.). The simulated RR interval was evaluated by using
NARMA model.
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3.3.2 Nonlinear autoregressive moving average (NARMA)

The NARMA model can be described by a linear difference equation as [69]:

Y = Y a@yn-i)+ X bu(- )+ > > ali y(-iym-

i-1 j=1

+ quzq:b Hu(n—=du(n-j) +Zp:Zq:C(i, Dy(n=iu(n—j)+...+e(n).(3.9)

i=0 j=0 i=0 j=1
where p and q are the model’s orders of the autoregressive and moving average terms,

respectively. Let y(n) be the system output signal; u(n) be the system input signal;
e(n) be an unmodeled noise source. If the input and output satisfy polynomial or

power series properties then, the model can be written as [69]:
M
y(n) = Zci(”i (X;) +e(n). (3.10)
(=

where {o, (x;)}", is a set of basis function which include past values of y(n), and
present and past values of u(n); c, be the weight of coupling of hidden unit i to the
output unit; M is the number of hidden unit and x; is the weighted sum of input to the
hidden unit i. Eq. (3.10) can be expressed as follows:
p q
Xi:zwjiy(n_j)+zvjiu(n_j) : (3.11)
j=1 j=0

Let p,(x) be a polynomial function and it can be defined as [69]:

P00 = Y a,x" . (312

Substituting Eq. (3.12) into Eqg. (3.10), obtaining [69]:

(n) - ZC (Zaml i ] +e(n)' (313)

Gathering and rearranging terms, Eq.(3.13) is derived as [69]:

y(n) = ano.+Z(anl. .,Jy(n—J) +Z(an1. .,jU(n—J)

j=1\i=1 j=0\ i=1

PP
2.2
j=1 k=1

[iCIaZIW“Wka(n - J)Y(n k)
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+ izq:[iciamvjivkiju(n_j)u(n_k)
+ zii(iclabwjlvkljy(n_J)u(n k)

+ ...+ e(n). (3.14)

Note that Eq.(3.9) and Eq.(3.14) are equivalent. The coefficients of NARMA in
Eq.(3.9) can be represented by coefficients in Eq.(3.14). The general coefficients of
NARMA model is given by [69]:

a(i) = ZC 15 Wig
M
b(') C cha'lsvis
S=]'
a(i!j’k n) ch ns Wis WisWys ==+ W
b(l ]’k1 n)_ ch ns IS jsvks“' Vns

c(i, j,k,...,n) chansw,svJS WLV (3.15)

Hence, NARMA coefficients are computed by using weights {w, andv,} and
polynomial coefficients{a,}. These unknown variables can be obtained by radial

basis function networks algorithm.

Based on radial basis function, NARMA coefficients can be derived by using
neural networks weight values and polynomial coefficients. The neural networks
architecture base on NARMA prediction is shown in figure 3.3. The RR interval and

respiration signals were implemented and fitted to the NARMA model.
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Figure 3.3 Neural model prediction under NARMA model [70].

3.3.3 Radial Basis Function (RBF) Networks

Radial basis functions, artificial neural networks, were invented in the late
1980’s. However, this fundamental technique depends on the traditional artificial
neural networks, e.g., potential functions, clustering, functional approximation, spline
interpolation and mixture models [71]. The output unit generates a sum of hidden
layers. The result of the nonlinear RBF neural network input is linear output. Due to
its efficiency in nonlinear approximation, it is commonly used for model complex
mappings.

The radial basis function technique can be defined as [71]:

4 =F(4) =Y wo () - (316)

where d is the desired response, w is the linear weight vector, x is the input and i = 1,
2, ..., M. The basis function ¢, (X) can be defined as [71]:
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».(X) = G(X;X) (3.17)
where G is a the matrix of Green’s functions. It can be defined as [71]:
~ A 1 .~ -
G(X; %) = exp(———||X— % ||2) : (3.18)
20;

where || || is a Euclidean norm.

The w is the linear weight vector can be calculated by [71]:
w=(G'G)*G'd (3.19)
where

w=[w,W,,..,w, ]’
d= [dl,dz,...,d,\,,]T

G(X:%)  GE;X) .. G(X;Xy)
X

G(Xi%)  G(X;%) ... G(X:iXy)

G=
G(Ryi%) G(Xyi%) . G(RyiXy)
The linear weight vector can be obtained by using Eqg. (3.19). Finally, the output or
the desired response can be calculated by using weight and the matrix of Green’s
functions.
If the model does not satisfy, these weights will be updated by using the
orthogonal least squares leaning algorithm [72]. This algorithm consists of 3 steps.

First, the initial weights (w, ), the orthogonal least square solution (g, ) and an error

reduction ratio due to weight (e, ) are compute as:

w, (1) = p, (3.20)
(w; (1))" d
() = ! 3.21
%0 (W, (@)" (w, (1)) (320
(@) w@)'w@ .
e = @ () i=01..,p+Q (3.22)

where p; = [x(n) x(n-1) .. x(n—-p) y(h-1) y(-2) .. y(h-q)]
Find maximum value of e, (1).

Next, at the k" step, k > 2 fori = 0,1, ..., p+q
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.
W; P

(k)= — | = 0,1, ..., p+g (3.23)
Wj Wj
W) = P 3, (o, (3.24)
(w, (k)" d
)= i 3.25
900 =G ()T () (3.25)
(0, (2w, () W (k) .
e (k) = @' (@) I =01.., p+q (3.26)

Find maximum value of e, (k) and update weight,
k-1
w; (k) = p; - zaij (k)Wj (3.27)
j=1
Finally, this algorithm is ended at M step when
MS
e ree) (3.28)
izl

where p is a chosen tolerance and 0< p <1. Normally, the p can be calculate as the

ratio of the variance residuals and the variance of the desired output. Finally, the
weights of model were updated.

According to these step, we obtain the parameters of NARMA model. The model
order will be selected by using the Minimum Descriptive Length Criterion (MDL):

MDL(p,q) = N Ins}, +2(p+q) (3.29)
where sf,q is the is the variance of the error. At the end, optimal model will be

obtained.

3.3.4 Model validation and Prediction.

The normalized mean squared error (NMSE) and absolute percentage error
(MAPE) were calculated to validate the performance of model and they define as
[73]:

N

Z(yi _ypi)
NMSE=-1L (3.30)

N

Z(Yi -V

i=1
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where ypi is the estimated signal.
The simulated signal will be compare with other system identification method such as
nonparametric, linear approach (ARX) and Volterra model to verify the performance
of model.

The one way ANOVA with post hoc test (Kruskal-Wallis) was applied in this

experiment to compare the differences in the mean of the experimental results.
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CHAPTER IV
EXPERIMENTAL RESULTS

In this chapter, the experimental results of autonomic heart rate control based
on NARMA model are shown. The experimental results comprise 2 parts: heart rate
variability (HRV) during handgrip exercise and NARMA model of autonomic heart

rate control.

4.1 Heart rate variability during handgrip exercise

At rest HR was 55.37+4.45 beats/min. HR of 5 min, 10 min and 15 min
exercise was 64.13+£4.33, 65.51£3.09 and 67.06%2.67 beats/min, respectively. As
expected, HR at rest and exercise progressively increased and it also progressively
increased with intensity of exercise.

The AR parameters and order were obtained by using Yule-Walker equation
and MDL method, respectively. Optimum order of baseline, 5 min exercise, 10 min
exercise and 15 min exercise were 13, 13, 10 and 13, respectively. The power
spectrum by using parametric method was computed. Average LF and HF
components were displayed in the spectra of HR variability as shown in figure 4.1 and
4.2, respectively. Average LF power trended to decrease. There was difference in the
mean between during baseline and exercise (P < 0.05); however, there was
difference in the mean between during baseline and exercise. The Average HF power
trended to progressively decrease. There was difference in the mean between during
baseline and exercise (p < 0.05 ), there were no differences in the mean during
exercise (p > 0.05).

During at rest and 5 min exercise, average LF/HF ratio trended to increase as
shown in figure 4.3, though there were no differences in the mean in LF/HF ratio

(p > 0.05).
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4.2 NARMA model of autonomic heart rate control
4.2.1 RR and ABP model
The RR and ABP model can be divided in to the baroreflex path (SBP-RR,
and DBP-RR) and mechanical path (RR-SBP and RR-DBP).
4.2.1.1 Baroreflex path model
The baroreflex path model studied the effect of ABP to RR interval.
This model can be classified in to the effect of SBP to RR (SBP-RR) and the effect of
DBP to RR (DBP) model. We applied ABP as input and RR as output into NARMA
model. Results of SBP-RR and DBP-RR model are shown in figure 4.4 and 4.6,

respectively.
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Figure 4.4 Model prediction of SBP-RR model by using NARMA method (input =
SBP, output = RR interval).Training set, b) Test set.
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Figure 4.5 Performance of SBP-RR model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

As expected, the SBP-RR model by using NARMA model provided minimum
NMSE and MAPE. NMSE of NARMA provided a minimum value in training set;
however, there were no differences in the mean of NMSE between NARMA and

ARX method in test set ( p > 0.05 ). MAPE of NARMA were no differences in the
mean of with the other methods ( p > 0.05 ) except nonparametric and ARX method

in training set (p < 0.05 ).
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Figure 4.6 Model prediction of DBP-RR model by using NARMA method (input
=DBP, output = RR interval). a) Training set, b) Test set.
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Figure 4.7 Performance of DBP-RR model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

As expected, the DBP-RR model by using NARMA model provided minimum
NMSE and MAPE. Moreover, the mean of NMSE by using NARMA method give a
minimum value than the other methods ( p < 0.05 ). Moreover, the MAPE of training
set by using NARMA method also gave minimum value when compared with the

others methods ( p < 0.05 ) in both training and test set, except test set of Volterra
method (p > 0.05).
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4.2.1.2 Mechanical path model

The mechanical path model studied the effect of RR interval to ABP.
This model consists of the effect of RR interval to SBP (RR-SBP model) and the
effect of RR interval to DBP (RR-DBP model). In mechanical path model, we served
RR interval as input and ABP as output. Results of RR-SBP and RR-SBP model are

shown in figure 4.8 and 4.10, respectively.
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Figure 4.8 Model prediction of RR-SBP model by using NARMA method (input
=RR, output =SBP). a) Training set, b) Test set.
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Figure 4.9 Performance of RR-SBP model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

The mean NMSE and MAPE of RR—-SBP model by using NARMA model
gave an idea that they provided minimum values in both training set and test set. The
mean of NMSE by using NARMA method give a minimum value than the other
methods ( p < 0.05 ) in both training set and test set. On the other hand, MAPE of

NARMA were no differences in the mean with training set of ARX and Volterra
method ( p > 0.05 ) in both training and test set.
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Figure 4.10 Model prediction of RR-DBP model by using NARMA method (input
=RR, output =DBP). a) Training set, b) Test set.
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Figure 4.11 Performance of RR-DBP model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

Performance of RR-DBP model suggested that the NARMA method gave
minimum value of NMSE and MAPE in both training and test sets. When compared
these results with statistical method, we found that the mean of NMSE by using
NARMA method gave a minimum value than the other methods ( p < 0.05 ) in both
training and test sets. On the other hand, the there were no differences in the mean of

MAPE between NARMA and the other methods ( p < 0.05 ) except Volterra method

(p > 0.05) in test set.
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4.2.2 MSNA and RR model

This model studied the effect of MSNA to RR interval by using NARMA
model. We defined MSNA as input and RR interval as out put model, the results of
model is shown in figure 4.12. Figure 4.13 provided results of MSNA-RR model

when compared with nonparametric, ARX and Volterra model.
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Figure 4.12 Model prediction of MSNA-RR model by using NARMA method (input
=MSNA, output =RR). a) Training set, b) Test set.
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Figure 4.13 Performance of MSNA-RR model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

The mean NMSE and MAPE of NARMA method leaded to the best result of
validation. NARMA gave a minimum value of NMSE in training set (p < 0.05 );

however, there were no differences in the mean of NMSE between NARMA, ARX
and Volterra method in test set (p > 0.05 ). MAPE of NARMA method provided

minimum results in training set ( p < 0.05 ). Otherwise, there were no differences in

the mean of MAPE between NARMA with the other methods in test set (p > 0.05 ).
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4.2.3 Respiration and RR model

In respiration and RR model, we studied the effect of respiration to RR
interval by using NARMA method. We served respiration as input and RR interval as
output of model. Moreover, these signals were interrupted with various LBNP such as
baseline, -15 mmHg, -30 mmHg and recovery period. The RESP-RR model
predictions at baseline, -15mmHg, 30 mmHg and recovery period are shown in figure

4.14-4.18, respectively.
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Figure 4.14 Model prediction of RESP-RR model by using NARMA method at base
line (input =RESP, output =RR). a) Training set, b) Test set.
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Figure 4.15 Performance of RESP-RR model with nonparametric, ARX,
Volterra and NARMA model. a) NMSE, b) MAPE.

The mean NMSE and MAPE of NARMA method leaded to the best result of
validation. Moreover, the mean of NMSE provided minimum results in training and
test sets ( p < 0.05 ) except training set of ARX method ( p > 0.05 ). Otherwise, the
mean of MAPE in training set by using NARMA method were less than

nonparametric and Volterra method ( p < 0.05 ) but there were no differences in the

mean of MAPE between NARMA with the other methods in test set (p > 0.05 ).
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Figure 4.16 Model prediction of RESP-RR model by using NARMA method with
-15 mmHg LBNP (input =RESP, output =RR). a) Training set, b) Test set.
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Figure 4.17 Model prediction of RESP-RR model by using NARMA method with
-30 mmHg LBNP (input =RESP, output =RR). a) Training set, b) Test set.
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Figure 4.18 Model prediction of RESP-RR model by using NARMA method at
recovery period (input =RESP, output =RR). a) Training set, b) Test set.
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Figure 4.19 Performance of RESP-RR model by using NARMA model with
baseline, -15 mmHg, -30 mm Hg and recovery period of LBNP. a) NMSE, b) MAPE.

The effects

of LBNP to autonomic heart rate control with broadband

respiration were considered in this part. From these results, we found that NMSE and

MAPE of recovery period showed a minimum value. At -15 mmHg provided a better

prediction than baseline and -30 mmHg. However, there are no differences in the

mean of NMSE and MAPE in both training set and test set ( p < 0.05 ).
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CHAPTER V
DISCUSSION

The experimental results were discussed in this chapter. It can be classified
into 3 parts: heart rate variability (HRV) during handgrip exercise, NARMA model of

autonomic heart rate control and limitation of this study.

5.1 Heart rate variability during handgrip exercise

This study demonstrated the ability of the spectral analysis by using
parametric method to measure the changing in sympatho-vagal balance during
handgrip exercise. The normalized spectral components provided an efficient tool of
HRYV such as assess the progression of sympathetic excitation, a concomitant vagal
withdrawal and a shift in sympatho-vagal balance [74]. The present study showed that
the normalized LF and HF which reflect sympathetic and vagal activity respectively
were decrease during exercise. These results are consistence with the other studies
[75-78]. Moreover, intensity exercise increased sympatho-vagal balance. It is
consistent with other study, which the sympatho-vagal balance (LF/HF ratio)
increased during dynamic handgrip exercise [79]. Linear (spectral) and non-linear
(Poincaré plot) parameters of HRV indicated a decrease of both parasympathetic and
sympathetic nervous modulation of cardiac function during upwind sailing at different
wind velocities despite heart rate increased [80]. The decreased normalized HF
powers decreased and the increased LF powers were evidence of withdrawal of vagal
activity and enhanced sympathetic outflow during both dynamic exercise and the
passive head-up tilt [81]. This is consistent with the notion that change in
cardiovascular function with low-intensity exercise are primarily mediated by
parasympathetic withdrawal, and as exercise intensity increases, additional

cardiovascular reactivity is mediated by increased sympathetic outflow [82].
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However, LF and HF power might be influence of different conditions. For example,
an increased LF is observed during 90° tilt, standing, mental stress, and moderate
exercise in healthy subjects, and during moderate hypotension, physical activity, and
occlusion of a coronary artery or common carotid arteries in conscious dogs [27].
Conversely, an increase in HF is induced by controlled respiration, cold stimulation of

the face, and rotational stimuli [27].

5.2 NARMA model of autonomic heart rate control.

We studied the effect to autonomic heart rate control with various factors such
as ABP, MSAN, and LBNP. Then, these effects were described as the relationship
between input and output of NARMA model.

5.2.1 RR and ABP model

The RR and ABP model can be divided in to the baroreflex path (SBP-RR,
and DBP-RR) and mechanical path (RR-SBP and RR-DBP).

As results we found that the performance of ABP-RR model (NMSE and
MAPE) revealed that the nonlinear (NARMA and Volltera) method predicted the out
put of the model better than linear (nonparametric and ARX) method. This result
consistence with other researches [83], there are nonlinear feedback control
mechanisms. MAPE showed that the DBP predicted RR interval better than SBP in
test set (p<0.05).

In mechanical path, we also found the NARMA method provided results better
than others. Moreover, RR interval provided good prediction of SBP the same as DBP
(p>0.05). This result do not consistence with the other studies. For example, there are
correlation between RR interval and systolic blood pressure. RR interval changes are
driven by systolic blood pressure [84]. Beat to beat change of the ECG lag changes in
beat to beat systolic blood pressure level [85]. SBP remained significant in
multivariate models for predicting the risk of cardiovascular disease in men aged <60

and =60 years [86].
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5.2.2 MSNA and RR model

As we known that, heart rate is even more markedly influenced by changes in
vagal cardiac drive [87,88]. In these results, we found that this model also did not
provide good results; there were some error in model prediction. These results might

influence the other cardiovascular variables [89].

5.2.3 RESP and RR model

In this study, NARMA model was implemented in extending the
understanding the autonomic heart rate control with broadband respiration. As results,
we found that the error of NARMA model at baseline was relatively low. The
broadband respiration provided a good result to predict heart rate control. This result
is consistent with [33,90]. Berger et al found that the autonomic modulation of heart
rate was obviously seen over the broadband of frequency (typically from Dc to
roughly 0.3 Hz) [33]. Moreover, the fixed frequency breathing at 0.25 Hz, baroreflex
mechanism contributed to respiratory fluctuation in RR interval [91].

The results showed that both NMSE and MAPE of nonlinear model is less
than linear model in all cases. It can be concluded that there is nonlinear interactions
between respiration and RR interval. This result is consistent with the previous study
[92]. This nonlinear interaction consisted of the classical feedback and control model
of regulatory physiology, the effect of forcing a Van der val oscillator and coupled
nonlinear oscillators [92]. This nonlinearity interaction affected to the modulation of
heart rate variability by respiration and blood pressure fluctuation [92]. The
nonlinearity fluctuation of respiration and blood pressure could be modulating the
heart rate variability [29].

Lower body negative pressure (LBNP) is a widely used method for
understanding the cardiovascular responses to stimulated orthostatic stress [93]. It
enhances the pumping performance of the cardiovascular system. In this study we
study LBNP at -15 mmHg, -30mmHg and recovery. As result, we found that
NARMA model of LBNP (-15 mmHg and -30 mmHg) gave better result than
baseline. These results were consistent with the other studies [94-95]. LBNP reduced
the positional reflexes that induced more complex heart rate and blood pressure

changes [94-95].
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In this study, the NARMA model with -15 mmHg showed better results than -
30 mmHg in both MAPE and NMSE prediction. This result might be consistent with
[96-97]. LBNP at levels up to -20 mmHg is considered to selectively unload
cardiopulmonary receptors, resulting in reflex peripheral vasoconstriction without
changes in heart rate [96]. Higher levels of LBNP elicit cardiovascular responses that

are mediated by the unloading of both arterial and cardiopulmonary baroreceptors

[97].

5.3 Limitation of this study

The NARMA model uses more computation time than the other methods
(nonparametric, ARX and Volterra-Weiner model). However, NARMA model
provides a superior capability of signal prediction. This result is similar to that found
by the other [70,98,99]. Moreover, we also found that MAPE differentiated
performance of model better than NMSE.

Autonomic heart rate control related with several simultaneous and interacting
parameters. These parameters are not independent and they have reciprocal
interactions. Thus, a small change in one parameter may influence the whole structure
through the complex mechanical and neural systems. These effects caused error in
model validation such as in MSNA-RR model. Age, body mass index (BMI), sex, and
race may be effect in measures of MSNA, HR, and blood pressure [2]. Thus the multi

input case and physiological effect will be considered in the further study.
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CHAPTER VI
CONCLUSION

The mathematical model of autonomic heart rate control provides an
importance in physiological mechanisms and clinical practices. From the results,
based on power spectral analysis, we found that sympatho-vagal balance (LF/HF
ratio) increases during dynamic handgrip exercise. Moreover, we investigate the
nonlinear model that assesses the dynamic changes in cardiovascular regulation by
using nonlinear autoregressive moving average (NARMA) method. These models
were ABP and RR, MSNA-RR and RESP-RR. Consequently, there are nonlinear
relation ship between ABP and RR. NARMA model of sympathetic nerve activity and
RR interval reveals good prediction. The error of NARMA model at baseline is
relatively low; however the error of NARMA model of LBNP (-15 mmHg and -30
mmHg) give better result than baseline.

Finally, NARMA model gave the best prediction in all cases when compare
with other methods (nonparametric method, ARX model and Volterra-Weiner model).
These finding indicate that NARMA model may be useful to complete the

cardiovascular regulation mechanism.
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APPENDIX A

All Test Data

Table I The LF and HF of spectral components and LF/HF ratio.
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LF HF LF/HF Ratio
Subject |Rest 5min |10 min |15 min |Rest 5min [10 min |15 min |Rest |5 min |10 min |15 min
1 79.96] 91.48] 96.92] 98.28] 24.04] 9.10 4.21 2.73] 3.33] 10.05| 23.02| 36.07
2| 48.19] 95.80] 96.04] 95.80| 53.03] 4.26 4.04 433 0.91f 22.50] 23.75| 22.12
3] 3580 91.24] 93.34] 95.68| 64.90] 8.88 6.85 442 0.55| 10.28| 13.62( 21.63
4] 78.74] 93.65| 94.05| 93.11] 23.56] 6.64 6.14 7.13] 3.34] 14.11| 15.32| 13.06
5| 70.15| 91.87| 93.84] 94.57| 31.00f 8.58 6.54 5.85| 2.26 10.70] 14.35| 16.17
Average 62.57| 92.81] 94.84] 9549 39.31] 7.49 5.56 489 2.08| 13.53| 18.01f 21.81
Table 11 NMSE of SBP-RR model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 9.71E-01] 3.46E+15 9.97E-01] 2.36E+00 4.96E-01| 1.46E+00 5.32E-01]| 1.75E+00
2 1.78E+00| 2.49E+16 1.00E+00| 1.71E+00 4.88E-01| 2.40E+00 2.31E-01| 3.07E+00
3 1.70E+00]| 1.43E+16 9.99E-01] 2.00E+00 4.45E-01| 2.14E+00 9.38E-02| 9.38E-02
4 1.45E+00] 1.10E+17 1.00E+00| 2.15E+00 5.12E-01] 2.42E+00 5.39E-02| 2.50E-01
5 1.71E+00]| 3.34E+16 1.00E+00| 2.16E+00 6.59E-01f 3.00E+00 1.61E-01| 2.50E-01
Average 1.52E+00| 3.73E+16 1.00E+00| 2.08E+00 5.20E-01] 2.28E+00 2.14E-01] 1.08E+00
Table 111 MAPE of SBP-RR model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 1.01E+03| 2.66E+02 1.04E+02| 2.84E+02 6.20E+02| 2.55E+02 8.00E+01| 2.65E+02
2 3.57E+02| 2.02E+02 9.98E+01| 2.40E+02 1.21E+02| 1.43E+02 9.98E+01| 1.36E+03
3 1.83E+03| 7.97E+02 1.01E+02| 1.34E+03 1.69E+02| 7.47E+02 3.91E+01| 6.51E+02
4 6.68E+02| 3.19E+02 1.00E+02| 2.56E+02 1.18E+02| 3.17E+02 2.97E+01| 7.79E+02
5 7.38E+02| 1.51E+03 1.00E+02| 1.44E+03 1.46E+02| 2.39E+03 4.32E+01| 1.57E+02
Average 9.21E+02| 6.18E+02 1.01E+02| 7.11E+02 2.35E+02| 7.70E+02 5.84E+01| 6.42E+02
Table IV NMSE of DBP-RR model prediction
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 9.71E-01| 3.46E+15 9.99E-01| 2.04E+00 6.13E-01| 1.95E+00 4.07E-01] 5.00E-01
2 1.78E+00| 2.49E+16 1.00E+00]| 1.59E+00 4.92E-01] 2.30E+00 3.05E-01] 2.80E+00
3 1.70E+00| 1.43E+16 9.99E-01] 2.14E+00 4.52E-01] 2.00E+00 7.73E-02| 5.94E-01
4 1.45E+00] 1.10E+17 1.00E+00| 2.08E+00 4.96E-01] 2.04E+00 1.11E-02{ 0.00E+00
5 1.71E+00| 3.34E+16 1.00E+00]| 1.93E+00 6.54E-01| 1.68E+00 3.38E-02| 5.00E-01
Average 1.52E+00| 3.73E+16 1.00E+00| 1.96E+00 5.41E-01| 2.00E+00 1.67E-01| 8.79E-01
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Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 1.01E+03| 2.66E+02 1.01E+02| 2.72E+02 2.67E+02| 3.93E+02 3.85E+01| 5.60E+01
2 3.57E+02| 2.02E+02 9.99E+01| 2.08E+02 1.13E+02| 1.50E+02 4.31E+01| 6.91E+01
3 1.83E+03| 7.97E+02 1.00E+02| 1.38E+03 1.71E+02| 7.92E+02 3.93E+01| 4.29E+01
4 6.68E+02| 3.19E+02 1.00E+02| 4.08E+02 1.17E+02| 3.81E+02 1.04E+02| 2.92E+01
5 7.38E+02| 1.51E+03 1.00E+02| 1.45E+03 1.51E+02| 2.75E+03 2.78E+01| 4.75E+01
Average 9.21E+02| 6.18E+02 1.00E+02| 7.43E+02 1.64E+02| 8.93E+02 5.06E+01| 4.89E+01
Table VI NMSE of RR-SBP model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Trainingset | Testset | Trainingset | Testset | Trainingset | Testset | Training set | Test set
1 1.76E+00| 7.28E+16 9.98E-01] 1.66E+00 7.16E-01] 1.83E+00 1.43E-02{ 0.00E+00
2 1.76E+00]| 7.28E+16 1.00E+00| 2.15E+00 8.01E-01] 2.04E+00 1.28E-01{ 0.00E+00
8 1.79E+00]| 2.37E+17 9.99E-01]| 2.79E+00 3.60E-01] 1.70E+00 6.55E-02| 5.71E-01
4 1.96E+00] 1.90E+16 1.00E+00] 1.31E+00 1.69E+00| 1.77E+00 6.55E-02| 5.71E-01
5 1.67E+00| 4.41E+17 1.00E+00] 2.96E+00 3.84E-01] 3.03E+00 2.20E-01| 1.67E-01
Average 1.79E+00| 1.68E+17 1.00E+00| 2.17E+00 7.91E-01| 2.07E+00 9.85E-02| 2.62E-01
Table VII MAPE of RR-SBP model prediction
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Trainingset | Testset | Training set | Test set
1 1.47E+03| 2.80E+03 1.02E+02| 3.64E+03 6.18E+02| 4.81E+03 3.19E+01| 1.75E+02
2 1.47E+03| 2.80E+03 9.99E+01| 7.57E+02 1.43E+02| 5.29E+02 4.46E+01| 3.41E+02
3 8.38E+02| 4.87E+02 1.00E+02| 5.84E+02 1.28E+02| 4.11E+02 2.81E+01| 2.34E+02
4 9.86E+02| 2.12E+02 1.00E+02| 3.54E+02 2.63E+03| 3.38E+02 2.81E+01| 2.34E+02
5 5.78E+02| 6.12E+02 1.01E+02| 8.00E+02 1.09E+02| 4.93E+02 7.94E+01| 1.81E+02
Average 1.07E+03| 1.38E+03 1.01E+02| 1.23E+03 7.25E+02| 1.32E+03 4.24E+01| 2.33E+02
Table V111 NMSE of RR-DBP model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 2.09E+00| 2.41E+16 1.00E+00| 1.74E+00 6.64E-01f 2.29E+00 4.69E-01| 7.55E-02
2 1.71E+00| 1.05E+16 9.99E-01] 2.28E+00 6.16E-01f 2.05E+00 8.90E-02| 1.16E-01
3 1.77E+00] 2.06E+17 9.99E-01]| 2.58E+00 4.20E-01] 2.06E+00 1.32E-01| 1.52E-01
4 2.19E+00| 1.52E+16 9.97E-01| 8.25E-01 1.61E+00| 1.89E+00 9.38E-02| 4.29E-02
5 1.77E+00| 8.80E+17 9.99E-01] 1.55E+00 5.50E-01| 2.44E+00 7.73E-02] 8.33E-01
Average 1.91E+00| 2.27E+17 9.99E-01| 1.79E+00 7.73E-01| 2.15E+00 1.72E-01| 2.44E-01
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Table IXX MAPE of RR-DBP model prediction.
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Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Trainingset | Testset | Training set | Test set
1 8.22E+02| 4.34E+02 1.01E+02| 4.82E+02 2.21E+02| 5.60E+02 3.45E+01| 1.09E+02
2 4.47E+03| 3.64E+03 1.06E+02| 3.09E+03 2.71E+02| 2.49E+03 8.29E+02| 3.48E+02
3 5.37E+02| 3.04E+02 1.00E+02| 4.23E+02 1.00E+02| 2.42E+02 2.45E+01| 5.29E+02
4 4.12E+02| 1.44E+02 1.02E+02| 2.73E+02 2.71E+02| 2.49E+03 1.72E+01| 2.08E+02
5 6.73E+02| 3.70E+02 1.00E+02| 2.92E+02 2.21E+02| 5.60E+02 1.64E+01| 6.04E+01
Average 1.38E+03| 9.79E+02 1.02E+02| 9.12E+02 2.17E+02| 1.27E+03 1.84E+02| 2.51E+02
Table X NMSE of MSNA-RR model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Trainingset | Testset | Training set | Testset | Trainingset | Testset | Training set | Test set
1 9.71E-01| 3.46E+15 1.00E+00| 2.28E+00 1.28E+00| 1.84E+00 1.18E-01| 4.00E+00
2 1.78E+00| 2.49E+16 1.00E+00| 1.95E+00 1.53E+00| 2.60E+00 4.31E-03| 2.67E+00
8 1.70E+00| 1.43E+16 1.00E+00| 2.33E+00 1.52E+00| 2.37E+00 5.29E-01| 1.43E-01
4 1.45E+00] 1.10E+17 1.00E+00| 2.42E+00 8.93E-01| 2.75E+00 9.21E-02| 2.00E+00
5 1.71E+00| 3.34E+16 1.00E+00| 1.79E+00 1.49E+00| 1.87E+00 6.83E-01| 4.20E-01
Average 1.52E+00] 3.73E+16 1.00E+00| 2.16E+00 1.35E+00| 2.29E+00 2.85E-01] 1.85E+00
Table X1 MAPE of MSNA-RR model prediction.
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Training set | Testset | Training set | Testset | Training set | Test set
1 1.01E+03| 2.66E+02 1.00E+02| 2.61E+02 1.15E+03| 3.51E+02 7.32E+01| 1.40E+02
2 3.57E+02| 2.02E+02 1.00E+02| 2.78E+02 2.25E+02| 2.57E+02 5.97E+01| 7.89E+01
3 1.83E+03| 7.97E+02 1.00E+02| 8.02E+02 7.55E+02| 7.76E+02 5.67E+01| 5.14E+02
4 6.68E+02| 3.19E+02 1.00E+02| 4.42E+02 4.28E+02| 2.91E+02 5.37E+01| 1.08E+02
5 7.38E+02| 1.51E+03 1.00E+02| 3.82E+03 4.18E+02| 5.92E+03 4.45E+01| 8.67E+02
Average 9.21E+02| 6.18E+02 1.00E+02| 1.12E+03 5.94E+02| 1.52E+03 5.75E+01| 3.41E+02
Table VIII The NMSE of RESP-RR model at base line
Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Trainingset | Testset | Trainingset | Testset | Training set | Test set
1 1.61E-01| 3.82E-02 1.75E+00| 1.38E+00 1.79E+00| 2.08E+00 1.20E-02| 9.91E-01
2 1.77E+00| 1.81E+00 1.14E+00| 1.91E+00 1.69E+00| 1.83E+00 2.32E-02| 3.56E-01
3 1.84E+00| 2.30E+00 1.08E+03| 2.50E+00 8.60E-01| 4.80E-01 3.87E-03] 6.29E-01
4 2.05E+00| 2.16E+00 1.83E+00| 2.39E+00 1.07E+00| 2.07E+00 1.12E-02| 1.06E+00
5 1.36E+00| 2.04E+00 1.45E+00| 1.82E+00 1.16E+00| 2.18E+00 1.83E-03| 2.82E-01
6 1.63E+00| 2.05E+00 1.47E+00| 2.06E+00 1.42E+00] 1.96E+00 6.37E-03| 3.32E-01
Average 1.47E+00| 1.73E+00 1.81E+02| 2.01E+00 1.33E+00] 1.77E+00 9.75E-03| 6.07E-01
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Table I X The MAPE of RESP-RR model at base line.

Nonparametric Method ARX Model Volterra Model NARMA Model
Subject | Training set | Testset | Trainingset | Testset | Trainingset | Testset | Training set | Test set
1 3.49E+02| 5.82E+02 4.44E+02| 9.61E+02 4.88E+02| 6.65E+02 1.61E+02| 4.60E+02
2 7.56E+02| 4.04E+02 3.52E+02| 3.53E+02 6.51E+02| 6.03E+02 1.42E+02| 2.25E+02
3 4.83E+02| 3.04E+02 1.57E+04| 2.47E+02 2.16E+02| 1.35E+02 2.42E+01| 2.25E+02
4 1.27E+03| 2.27E+03 1.20E+03| 1.91E+03 5.83E+02| 1.13E+04 4.81E+01| 2.53E+03
5 4.23E+02| 8.68E+02 3.44E+02| 3.42E+02 4.47E+02| 4.23E+02 1.76E+02| 2.26E+02
6 4.41E+02| 5.99E+02 5.90E+02| 5.34E+02 5.07E+02| 5.03E+02 3.74E+01| 1.99E+02
Average 6.20E+02| 8.38E+02 3.10E+03| 7.24E+02 4.82E+02| 2.27E+03 9.82E+01| 6.45E+02

Table X The NMSE of RESP-RR model at base line, -15 mmHg , -30 mmHg and
recovery period.

Baseline -15 mmHg -30 mmHg Recovery
Subject | Training set| Testset | Trainingset| Testset | Trainingset| Testset | Trainingset| Test set
1 1.20E-02] 9.91E-01 8.51E-03| 4.58E-01 3.12E-03] 2.06E-01 1.07E-02| 6.53E-01
2 2.32E-02| 3.56E-01 2.28E-03| 1.14E+00 1.35E-02] 3.56E-01 1.17E-02| 9.52E-01
3 3.87E-03| 6.29E-01 2.60E-03] 1.57E-01 7.43E-03] 1.92E-01 5.21E-03| 9.09E-02
4 1.12E-02] 1.06E+00 9.10E-03| 6.58E-01 9.67E-03] 1.11E+00 1.28E-02| 2.07E-01
5 1.83E-03] 2.82E-01 4.51E-03] 4.67E-01 3.30E-02| 4.85E-01 5.41E-03| 2.95E-01
6 6.37E-03| 3.32E-01 8.42E-03] 4.32E-01 2.05E-02| 5.23E-01 9.77E-03| 2.99E-01
Average 9.75E-03| 6.07E-01 5.90E-03] 5.52E-01 1.45E-02| 4.79E-01 9.25E-03| 4.16E-01

Table XI The MAPE of RESP-RR model at base line, -15 mmHg, -30 mmHg and

recovery period.

Baseline -15 mmHg -30 mmHg Recovery
Subject | Training set | Testset | Trainingset | Testset | Trainingset | Testset | Training set| Test set
1 1.61E+02| 4.60E+02 6.65E+01| 1.51E+02 4.02E+01| 2.38E+02 5.68E+01| 2.69E+02
2 1.42E+02| 2.25E+02 1.04E+02| 4.73E+02 5.82E+01| 9.32E+01 1.31E+02| 2.17E+02
3 2.42E+01| 2.25E+02 2.24E+01| 7.70E+01 3.48E+01| 1.67E+02 7.61E+01] 1.02E+02
4 4.81E+01| 2.53E+03 4.95E+01| 2.58E+02 5.83E+01| 5.71E+02 4.35E+01| 1.37E+02
5 1.76E+02| 2.26E+02 5.43E+01| 2.51E+02 1.47E+02| 1.42E+02 3.39E+01] 3.26E+02
6 3.74E+01| 1.99E+02 3.38E+01| 1.83E+02 4.26E+02| 3.96E+02 4.05E+01| 2.32E+02
Average 9.82E+01| 6.45E+02 5.51E+01| 2.32E+02 1.27E+02| 2.68E+02 6.37E+01| 2.14E+02
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APPENDIX B
Source code of mathematical modeling

Nonparametric method source code

% This m.file calculate output of system by using nonparametric method.
% Last modified 11/07/06
%:::::___::___::___::___::___::___:::::::::::::::::::::::::
clear all; close all;
load RR6_b;
load RESP6_b;
N = 800;
n =100;
nn = N-n;
RR = resample(RR,N,length(RR));
RESP = resample(RESP,N,length(RESP));
% detrend and scale data
RR = detrend(RR);
RESP = detrend(RESP);
RR = (RR-mean(RR))/std(RR);
RESP = (RESP -mean(RESP))/std(RESP);
% seperate data into training and test sets
xi = RESP(1:nn); %training set (input)
yi = RR(1:nn);  %training set (output)
Xp = RESP(nn+1:N); %test set (input)
yp = RR(nn+1:N); Y%test set (output)
% resize of data
A = size(xi);
B = size(yi);
ifA(l)~=1
Xi = Xxi';
Xp = Xp,
end
ifB(1)~=1
yi = yi;
yp =yp;
end
% calculate output of system
[output_non, ypre_non] = pred_non(yi,yp);
% downsample for validating data
output_non = resample(output_non,nn,length(output_non));
y_pre = resample(ypre_non,n,length(ypre_non));
%scaling
output_non = (output_non-mean(output_non))/std(output_non);
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y_pre = (y_pre-mean(y_pre))/std(y_pre);

yi = (yi-mean(yi))/std(yi);

yp = (yp-mean(yp))/std(yp);

% calculate error

el =yi - output_non;

msel = (sum(el.*el))/nn;

mapel = 100*sum(abs(el./yi))/(nn);

nmsel = (sum(el.*el))/ sum((yi-mean(yi))."2);

e2=yp-y_pre;

mse2 = (sum(e2.*e2))/n;

nmse2 = (sum(e2.*e2))/ sum((yp-mean(yp))."2);

mape2 = 100*sum(abs(e2./yp))/(n);

nmse = [mapel mape2 nmsel nmse2 msel mse2];

% plot model prediction

figure(1); title(‘training set'); plot(1:nn,yi,1:nn,output_non); title('Training Set');
ylabel(‘time(ms)");xlabel(‘# of beat’);

legend('RR interval’, ‘estimated signal’);

figure(2); title(test set’); plot(1:n,yp,1:n,y_pre"); title(‘Test Set’); ylabel('time(ms)");
xlabel('# of beat’);

legend('RR interval', 'estimated signal’);

%::::: —t = = o = = = = ——— | —————
%estimate predicted signal by using nonparametric method
function [output, y_pre] = pred_non(input,testset);

Nn = length(input);

h = hanning(Nn);

input2 = input'.*h; % filter by hanning window

T=1;

PL =0.36 ;%process loss factor

% calculate transfer function

dft_n = T*fft(input2);

h = (abs(dft_n(1:(fix(Nn/2)))).2)/(Nn*T*PL);

f = (0:fix(Nn/2)-1)/(Nn*T);

% calculate inpluse response and simulated output

iml = ifft((h));

y3 = conv(h,input);

output = real(y3);

% validate nonparametric method
y3 = conv(im1,testset);
y_pre = real(y3);
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ARX method source code

% This m.file calculate output of system by using ARX method.
% Last modified 11/07/06

% clear all; close all
load RR6_b;
load RESP6_b;
N = 800;
n =100;
nn = N-n;
RR = resample(RR,N,length(RR));
RESP = resample(RESP,N,length(RESP));
% detrend and scale data
RR = detrend(RR);
RESP = detrend(RESP);
RR = (RR-mean(RR))/std(RR);
RESP = (RESP -mean(RESP))/std(RESP);
% seperate data into training and test sets
xi = RESP(1:nn); %training set (input)
yi = RR(1:nn);  %training set (output)
Xp = RESP(nn+1:N); %test set (input)
yp = RR(nn+1:N); %test set (output)
% resize of data
A = size(xi);
B = size(yi);
if A(1)~=1
Xi = Xxi';
Xp = Xp,
end
ifB(1)~=1
yi = yi’;
yp =yp;
end
% calculate output of system
[output_para, ypre_para] = est. ARX(Xi,yi,xp,yp);
% scaling
output_para = (output_para-mean(output_para))/std(output_para);
ypre_para = (ypre_para-mean(ypre_para))/std(ypre_para);
yi = (yi-mean(yi))/std(yi);
yp = (yp-mean(yp))/std(yp);
% calculate error
el =yi - output_para;
msel = (sum(el.*el))/nn;
mapel = 100*sum(abs(el./yi))/(nn);
nmsel = (sum(el.*el))/ sum((yi-mean(yi)).”2)
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e2 = yp - ypre_para,;
mse2 = (sum(e2.*e2))/n;
mape2 = 100*sum(abs(e2./yp))/(n);
nmse2 = (sum(e2.*e2))/ sum((yp-mean(yp))."2)
nmse = abs([mapel mape2 nmsel nmse2 msel mse2]);
% plot model prediction
figure(1)
plot(1:nn,yi',1:nn,output_para,'-."); xlabel(‘time(ms)"); ylabel(‘# of beat’);
legend(‘actual RR','simulated RR")
figure(2)
plot(1:n,yp,1:n,ypre_para,-."); xlabel(‘time(ms)’); ylabel(‘# of beat’);
legend(‘actual RR','simulated RR")
%::::::::::::::: = = = ———== T
%estimate predicted signal by using ARX method
function [output, ypre] = est_ ARX(xi,yi,Xp,yp);
% order
p=2
q=1
% training set
% AR parameter Estimation
M=7,
MM = p+q+M;
at = autocor(yi,MM); % use Unbiased estimator
at = at
c2s = [fliplr(at(2:MM+1)) at];
%c2s = cu2es(y,y,MM); % use Biased estimator
forT=1MM
fori=1:p
Am(T,i) = c2s(-T+i+MM+1);
end;
AL(T) = c2s(-T+MM+1);
end;
Am = Am(g+1:MM,:); % T start from g+1 to MM or T =1:MM
Al = Al(g+1:MM); % T start from g+1 to MM or T =1:MM
arr = -1*inv(Am*Am)*Am'*Al";
al =[L;arr]; % ar parameter
rst = filter(al,1,yi); % Find the residual
% MA parameter Estimation
L = fix(nn/5);
XX = autocor(xi,L);
X1 =XX(2:L+1);
Xm = toeplitz(XX(1:L));
aa = -1*inv(Xm)*X1;
YY = autocor(aa',q);
Y1=YY(2:q+1);
Ym = toeplitz(YY(1:q));
bb = -1*inv(Ym)*Y1,;
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bb =[1 bb';
rst = filter(al,bb,yi);
loss = sum(rst.*rst)/nn;
mdl = nn*log10(loss) + log10(nn)*(p+q);
% simulate RR
h = freqz(bb,al,nn);
im1 = ifft((h));
y3 = conv(iml,yi);
output2 = real(y3);
% test set
yr=yp;
Xr = xp,
h2 = freqz(bb,al,n);
im2 = ifft((h2));
y3 = conv(im2,yr);
ypre2 = real(y3);
% downsample for validating data
output = resample(output2,nn,length(output2));

ypre = resample(ypre2,n,length(ypre2) )';

% == = = = =
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Volterra-Weiner method source code

% This m.file calculate output of system by using Volterra-Weiner method.
% Last modified 11/07/06

clear all; close all;

load RR6_b;

load RESP6_b;

N = 800;

n =100;

nn = N-n;

RR = resample(RR,N,length(RR));

RESP = resample(RESP,N,length(RESP));

% detrend and scale data
RR = detrend(RR);
RESP = detrend(RESP);
RR = (RR-mean(RR))/std(RR);
RESP = (RESP -mean(RESP)/std(RESP));
% seperate data into training and test sets
xi = RESP(1:nn); %training set (input)
yi = RR(1:nn);  %training set (output)
Xp = RESP(nn+1:N); %test set (input)
ypp = RR(nn+1:N); %test set (output)
% resize of data
A = size(xi);
B = size(yi);
ifA(2) ~=1
Xi = xi";
Xp = Xp’;
end
ifB(2)~=1
yi = yi;
yPp =ypp';
end
beta=[0.8 0.8];
[h, g] = nltick(xi,yi,n,1); % generate Nonparametric second-order Volterra System
yp = nlgen(xi,h,q); % Computes the output of a second-order Volterra system.
invfft = ifft(h); % calculate impluse response
linp = conv(invfft,xi);% convolution of impluse response and output
ylp = resample(linp,length(yp),length(linp));
ynp = yp - real(ylp); % compute nonlinear part
betafit = nlinfit(xi,yi,@volterra_fun,beta); % estimate coefficient of linear and
% nonlinear
output_vol = betafit(1)*yp + betafit(2)*ynp; % predict HR
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% test set
yp2 = nlgen(xp,h,q);
linp2 = conv(invfft,xp);% convolution of impluse response and output
ylp2 = resample(linp2,length(yp2),length(linp2));
ynp2 = yp2 - real(ylp2); % compute nonlinear part
ypre_vol = betafit(1)*yp2 + betafit(2)*ynp2; % predict HR
close all;
% scaling
output_vol = (output_vol-mean(output_vol))/std(output_vol);
ypre_vol = (ypre_vol-mean(ypre_vol))/std(ypre_vol);
yi = (yi-mean(yi))/std(yi);
ypp = (ypp-mean(ypp))/std(ypp);
ypp = smooth(ypp,'loess’);
% calculate error
el =yi - output_vol,
msel = (sum(el.*el))/nn;
mapel = 100*sum(abs(el./yi))/(nn);
nmsel = (sum(el.*el))/ sum((yi-mean(yi)).”2)
e2 = ypp - ypre_vol;
mse2 = (sum(e2.*e2))/n;
nmse2 = (sum(e2.*e2))/ sum((ypp-mean(ypp))."2)
mape2 = 100*sum(abs(e2./yp))/(n);
nmse = abs([mapel mape2 nmsel nmse2 msel mse2]);
nmse = abs(nmse);
% plot model prediction
figure(1);
plot(1:nn,yi,1:nn,output_vol)
title("Training Set'); ylabel(‘time(ms)’); xlabel(‘# of beat’);
legend('RR interval', 'estimated signal’);
figure(2);
plot(1:n,ypp,1:n,ypre_vol)
title('Test Set'); ylabel('time(ms)"); xlabel(# of beat’);
legend('RR interval', 'estimated signal’);
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NARMA method source code

% This m.file calculate output of system by using NARMA method.
% Last modified 11/07/06

clear all; close all;
load RR6_b;
load RESP6_b;
N = 800;
n =100;
nn = N-n;
RR = resample(RR,N,length(RR));
RESP = resample(RESP,N,length(RESP));
% detrend and scale data
RR = detrend(RR);
RESP = detrend(RESP);
RR = (RR-mean(RR))/std(RR);
RESP = (RESP -mean(RESP)/std(RESP));
% seperate data into training and test sets
xi = RESP(1:nn); %training set (input)
yi = RR(1:nn);  %training set (output)
xp = RESP(nn+1:N); %test set (input)
ypp = RR(nn+1:N); %test set (output)
% resize of data
A = size(xi);
B = size(yi);
if A(2)~=1
Xi = Xi';
Xp = Xp,
end
ifB(2)~=1
yi = yi;
ypp =ypp';
end
% model order
p=3,q=1r=ptq;
=1
for i=1:p
output(i)=yi(i);
end
for i =p+1l:nn
input(j,:) = [ yi(i-1:-1:i-p) xi(i-1)]; j = j+1;
end
input = input’;
target = yi(p+1:nn);
net = newrb(input,target,1e-7,1,300,200);
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output = sim(net,input);
% test set
for i=1:p
testset(i)=yp(i);
end
fori=p+lin
test = [ yp(i-1:-1:i-p) xp(i-1)]';
testset(i) = sim(net,test);
end
% scaling
yp = (yp-mean(yp))/std(yp);
target = (target-mean(target))/std(target);
output = (output-mean(output))/std(output);
testset = (testset-mean(testset))/std(testset);
% calculate error
e = target - output;
msel = (e*e')/(nn-p);
mapel = 100*sum(abs(e./target))/(nn-p);
nmsel = sum(e - mean(e))/ sum((yi-mean(yi)).”2)
el = testset - yp;
mse2 = (el*el’)/(n);
mape2 = 100*sum(abs(el./testset))/(n-p);
nmse2 = sum(el - mean(el))/ sum((yp-mean(yp))."2)
nmse = abs([mapel mape2 nmsel nmse2 msel mse2]);
% plot model prediction
figure(1)
plot(1:nn-p,target,1:nn-p,output,'r’);
title("Training Set’); ylabel(‘time(ms)’); xlabel(‘# of beat');
legend('RR interval ', 'estimated signal’);
figure(2)
plot(1:n,yp',1:n,testset,r");
title('Test Set'); ylabel('time(ms)’); xlabel(# of beat’);
legend('RR interval', 'estimated signal’);
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