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Abstract

Disturbances in cerebral hemodynamics are one of the principal causes of
cerebral damage in premature infants. Specifically, changes in cerebral blood flow
might cause ischemia or hemorrhage that can lead to motor and developmental
disabilities. Under normal circumstances, there are several mechanisms that act
jointly to preserve cerebral hemodynamics homeostasis. However, in case that
one of these mechanisms is disrupted the brain is exposed to damage. Premature
infants are susceptible to variations in cerebral circulation due to their fragility.
Therefore, monitoring cerebral hemodynamics is of vital importance in order to
prevent brain damage in this population and avoid subsequent sequelae. This
thesis is oriented to the development of signal processing techniques that can
be of help in monitoring cerebral hemodynamics in neonates.

There are several problems that hinder the use in clinical practice of monitoring
cerebral hemodynamics. On one hand, continuous measurements of cerebral
blood flow, or hemodynamical variables, are difficult to obtain in premature
infants. In this context, Near Infrared Spectroscopy (NIRS) is one of the few
technologies that is available for the measurement of hemodynamical variables in
this population. NIRS is a noninvasive and safe technology that is based on light
radiation. NIRS allows the continuous measurement of cerebral oxygenation
that under certain considerations reflects changes in cerebral blood flow. On the
other hand, cerebral hemodynamics assessment is performed by evaluating the
strength of the relationship between some systemic variables, e.g. mean arterial
blood pressure and concentration of CO2, and the cerebral hemodynamics
variables. Under normal conditions cerebral hemodynamics variables should be
independent of systemic variations. Coupled dynamic between systemic and
cerebral hemodynamics variables represents a high risk situation for the patient.
Among the techniques available for the monitoring of cerebral hemodynamics,
most of them assume that the mechanisms responsible for its control are
linear and univariate. In reality, these mechanisms are nonlinear, multivariate,
nonstationary and highly coupled.
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vi ABSTRACT

This thesis, on one hand, introduces the use of more sophisticated signal
processing techniques for monitoring cerebral hemodynamics, which can address
the multivariate and/or the nonlinear nature of the mechanisms involved in
its control. Linear techniques such as canonical correlation analysis, subspace
projections and wavelet based transfer function; and nonlinear techniques
such as least squares support vector machines and kernel principal component
regression, have been introduced for the NIRS-based monitoring of cerebral
hemodynamics. On the other hand, kernel principal component regression is a
nonlinear methodology that produces as result a black box model, which lacks
clinical interpretability. Therefore, in this thesis attention has been given to
the development of methodologies that allow to interpret the results produced
by this nonlinear model in a clinical framework. For this purpose a method
based on subspace projections is proposed. In addition, in this thesis, results
from several clinical studies related to monitoring cerebral hemodynamics are
presented.



Samenvatting

Verstoringen in de cerebrale hemodynamiek is een van de voornaamste oorzaken
van cerebrale schade bij prematuren. Concreet zouden veranderingen in
cerebrale doorbloeding ischemie of bloeding kunnen veroorzaken, wat kan
leiden tot stoornissen in de motoriek en de ontwikkeling. Onder normale
omstandigheden zijn er verschillende mechanismen die gezamenlijk optreden om
cerebrale hemodynamiek in homeostase houden. In het geval dat een van deze
mechanismen wordt verstoord, worden de hersenen blootgesteld aan schade.
Premature zuigelingen zijn gevoelig voor variaties in cerebrale circulatie vanwege
hun kwetsbaarheid. Daarom is het opvolgen van de cerebrale hemodynamiek
van vitaal belang in deze populatie om schade aan de hersenen en de daarbij
horende gevolgen te voorkomen. Deze thesis is gericht op het ontwikkelen van
signaalverwerkingstechnieken die van hulp kunnen zijn bij het opvolgen van de
cerebrale hemodynamiek in neonaten.

Er zijn verschillende problemen die het opvolgen van de cerebrale hemodynamiek
verhinderen. Enerzijds zijn continue metingen van de cerebrale doorbloeding,
of hemodynamische variabelen, moeilijk te meten bij prematuren. In
deze context is Nabij InfraRood Spectroscopie (NIRS) een van de weinige
beschikbare technieken voor het meten van hemodynamische variabelen in
deze populatie. NIRS is een niet-invasieve en veilige technologie die gebaseerd
is op lichtstraling. NIRS maakt de continue meting van hersenoxygenatie
mogelijk. Onder bepaalde overwegingen weerspiegelt deze hersenoxygenatie
veranderingen in de cerebrale doorbloeding. Anderzijds wordt cerebrale
hemodynamiek gelueerd door de afhankelijkheid tussen enkele systemische
variabelen zoals gemiddelde arteri bloeddruk en CO2-concentratie en
de cerebrale hemodynamiekvariabelen te onderzoeken. Onder normale
omstandigheden zouden cerebrale hemodynamiekvariabelen onafhankelijk van
systemische variaties moeten zijn. Een gekoppelde dynamiek tussen systemische
en cerebrale hemodynamische variabelen vertegenwoordigt een hoge risicosituatie
voor de pati. Onder de technieken die beschikbaar zijn voor de opvolging van
de cerebrale hemodynamiek gaan de meeste ervan uit dat de mechanismen
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viii SAMENVATTING

die verantwoordelijk zijn voor de controle lineair en univariate zijn. In
werkelijkheid zijn deze mechanismen niet-lineair, multivariaat, niet-stationair
en sterk gekoppeld.

Enerzijds introduceert dit proefschrift voor het opvolgen van de cerebrale
hemodynamiek het gebruik van meer geavanceerde signaalverwerkingstechnieken
die de multivariate en/of niet-lineaire aard van de controlemechanismen in
rekening brengen. Lineaire technieken zoals canonische correlatie analyse,
deelruimteprojecties en waveletgebaseerde overdrachtfunctie, en niet-lineaire
technieken zoals kleinste kwadraten support vector machines en kernel
hoofdcomponent regressie, zijn ingevoerd voor de op NIRS gebaseerde opvolging
van cerebrale hemodynamiek. Anderzijds is kernel hoofdcomponent regressie
een niet-lineaire methode die leidt tot een black box-model dat klinisch niet
interpreteerbaar is. Daarom is in dit proefschrift aandacht besteed aan de
ontwikkeling van methoden waarmee de meetresultaten van dit niet-lineaire
model in een klinisch kader kunnen worden geerpreteerd. Hiertoe wordt een
werkwijze op basis van deelruimteprojecties voorgesteld. Ten slotte zijn in dit
proefschrift de resultaten van verschillende klinische studies met betrekking tot
de opvolging van cerebrale hemodynamiek gepresenteerd.



Nomenclature

Symbols
x, s, . . . vectors
A,B, . . . matrices
|a| absolute value of a
AT transpose of the matrix A
A† pseudoinverse of the matrix A
κ(xi, xk) kernel function evaluated with the vectors {xi, xk}
K(x, xk) Column from the kernel matrix corresponding to xk
C(A) column space of the matrix A
⊕ addition of subspaces

Abreviations
∆HbD Changes in Hemoglobin concentration differences
∆HbO2 Changes in oxy-hemoglobin concentration
∆HbT Changes in Total hemoglobin concentration
∆HHb Changes in deoxy-hemoglobin concentration
6MWT 6 minute walk test
a.u. Arbitrary units
CA Cerebral Autoregulation
CBF Cerebral blood flow
CBFv Cerebral blood flow velocity
CBV Cerebral blood volume
CCA Canonical Correlation Analysis
CO2 Carbon dioxide
COH Coherence
COR Correlation
CVP Central venous pressure
CWS Continuous wave spectrometry
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x NOMENCLATURE

CytOx Cytochrome Oxidase
DFT Discrete Fourier transform
DMD Duchenne muscular distrophy
DPF Differential path length
DWT Discrete wavelet Transform
ECMO Extra Corporeal Membrane Oxygenation
EE Elementary Effects
EtCO2 End tidal CO2
FRS Frequancy resolved spectrometry
FTOE Fractional tissue oxygen extraction
FOE fractional oxygen extraction
HbD Hemoglobin concentration differences
HbO2 oxy-hemoglobin concentration
HbT Total hemoglobin concentration
HHb deoxy-hemoglobin concentration
HR Heart rate
IVH Intraventricular haemorrhage
KPCA Kernel principal component analysis
KPCR Kernel principal component regression
L Liter
LS-SVM Least Squares Support Vector Machines
MABP Mean arterial blood pressure
MDI Mental Development Index
µmol Micro-molar
ml Milliliter
mmHg Millimeter of mercury
min Minutes
MoCOH Modified Coherence
MVIC Maximal voluntary contraction
NICU Neonatal Intensive Care unit
NIRS Near infrared spectroscopy
OSP Oblique subspace projections
OrSP Orthogonal subspace projections
PCA Principal component analysis
PDI Physicomotor Development Index
pCO2 Partial pressure of CO2
PCR Principal component regression
pO2 Partial pressure of oxygen
PVL Periventricular leukomalacia
RKHS Reproducing Kernel Hilbert Space
rScO2 regional cerebral oxygen saturation
SaO2 arterial oxygen saturation
sEMG surface electromyogram



NOMENCLATURE xi

SRS Spatially resolved spectrometry
SVD Singular value decomposition
SVM Support Vector Machines
TCD Transcranial Doppler
TOI tissue oxygenation index
TRS Time resolved spectrometry
WBTF Wavelet Based Transfer Function
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Chapter 1

Introduction

In this chapter the principal concepts treated in this thesis will be introduced. The
chapter will define the clinical and methodological framework for the development
of this thesis. In Section 1.1 the basis about cerebral hemodynamics and its
clinical importance will be discussed. In section 1.2 the concept of cerebral
autoregulation (CA) and its importance in cerebral hemodynamics monitoring
will be introduced. Section 1.3 will briefly present the basis about Near Infrared
Spectrocopy (NIRS) technology. The clinical applications of NIRS will be
discussed in section 1.4. The chapter will end with a discussion of the main
goals of this thesis in section 1.5, an overview of the thesis in section 1.6, and a
summary of the personal contributions presented in this dissertation in section
1.7.

1.1 Clinical Framework

One of the most important causes of brain injury are disturbances in cerebral
hemodynamics [156, 233]. In premature newborns, brain injury might lead to
mental and motor disabilities. Therefore, monitoring cerebral hemodynamics
is of importance in this population. Cerebral hemodynamics covers the terms
related to the dynamics of cerebral blood flow (CBF), cerebral blood volume
(CBV) and cerebral blood flow velocity (CBFv), among other variables. Under
normal circumstances the brain is protected from pathological disturbances,
and variations of some physiological variables, by a series of homeostatic
mechanisms; which keep the CBF relatively constant. When one or more
of these mechanisms are disrupted, the brain is exposed to damage. Studies
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2 INTRODUCTION

of cerebral hemodynamics, reported in the literature, quantify the status of
these mechanisms by investigating the physiology of CBF and its relation with
variations in systemic variables.

Cerebral blood flow plays a central role in cerebral metabolism since it is
responsible for the delivery of nutrients and oxygen to the brain [149]. An
adequate CBF will keep a balance between nutrients delivery and consumption
in order to maintain the brain homeostasis, by preserving the brain energy
levels through the oxidative metabolism of glucose. Deficit in these levels will
result in disturbance or loss in brain function, and, if sustained, can lead to
brain damage [122]. Therefore, changes in CBF might be caused by pathological
conditions related to a reduction in brain energy levels. However, changes in
CBF without knowing the status of oxygen delivery and consumption is of no
clinical use, since they cannot be linked to pathological conditions.

There are several systemic variables that affect cerebral circulation. First
of all, under extreme or pathological conditions, changes in mean arterial
blood pressure (MABP) produce changes in CBF. However, under normal
circumstances the brain is protected from variations in MABP by the cerebral
autoregulation (CA) mechanism. CA has been extensively studied in the
literature. CA acts over a wide range of blood pressure values where changes in
MABP do not reflect changes in CBF [85]. But, when MABP values are outside
this range the CBF starts to follows the dynamics of MABP, under this condition
the CBF is said to become pressure passive. The lower and upper bounds where
CA is active are known in adults, but unknown in the neonatal population.
Some studies indicate that the lower bound in MABP values might be located
around 30mmHg, but no information has been reported for the upper limit [76].
Since low MABP values may cause hypoxia due to a low brain perfusion, while
a high MABP might cause hemorrhage due to the rupture of small capillaries,
monitoring MABP and its relation with CBF is of vital importance in order
to avoid brain damage. Second, concentration of gases such as CO2 and O2
and their partial pressures, pCO2 and pO2 respectively, have a high impact on
CBF [157, 144, 2, 51]. On one hand, increasing values of pO2 produce a mild
vasoconstriction which causes a decrease in CBF. On the other hand, in contrast
with pO2, an increase in pCO2 values produces vasodilation which increases CBF.
The effect of pCO2 is more pronounced than the effect of pO2 on the CBF [85].
The mechanisms underlying these phenomena are related with the sensitivity
of the vascular bed to changes in pH [114, 240]. High concentration of CO2
produces hypercapnia, which leads to tissue acidosis. Tissue acidosis produces
a reduction of the pH level in the smooth muscles surrounding the capillary
bed, causing vasodilation. Third, changes in temperature and blood viscosity
also affect CBF, an increase in viscosity produces a decrease in CBF, while
a decrease in temperature produces a decrease in CBF [85]. Furthermore, an
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increment in metabolic rate will also produce an increase in CBF [23], which can
be explained by a joint increment in the delivery of nutrients to meet the brain
metabolic demand, and an increase in pCO2 levels, which, as explained before,
causes vasodilation. By monitoring the relation between systemic changes and
cerebral hemodynamics variables pathological conditions can be identified and
adequate treatment can be provided in order to avoid brain damage.

In clinical practice monitoring of cerebral hemodynamics present several
challenges. On one hand, brain homeostasis is maintained by several mechanisms
that react to changes in several systemic variables and are highly interrelated.
This implies that variations in one of the systemic variables produces a cascade
of reactions that will affect the other variables as well [23]. Therefore, the
multivariate nature of cerebral hemodynamics should be taken into account
in order to identify, accurately, pathological conditions. On the other hand,
measurements of variables related to cerebral hemodynamics are difficult to
obtain, particularly in the neonates. Due to the fragile situation of the neonates,
noninvasive techniques are needed for the assessment of brain hemodynamics
variables. However, these techniques can only obtain surrogate measurements
that under certain conditions might reflect changes in the hemodynamical
variables of interest.

An ideal monitoring system for cerebral hemodynamics should be able to
accurately identify pathological conditions that might expose the neonates
to brain damage. Among these pathological conditions, Intraventricular
hemorrhage (IVH) and Periventricular leukomalacia (PVL) are the most common
causes of brain damage in the neonatal population at the neonatal intensive
care units (NICU).

1.1.1 Brain pathologies in neonates

Among the most important brain pathologies, intraventricular hemorrhage
(IVH) and periventricular leukomalacia (PVL) are of particular interest in this
thesis; since their origin is related to fluctuations in the cerebral circulation.
The outcome of these lesions ranges from mental and motor developmental
retardation up to death.

Intraventricular Hemorrhage

IVH is one of the major complications found in premature neonates. IVH is
defined as a bleeding in the cerebral ventricles. It typically initiates in the
capillary bed of the germinal matrix. IVH is originated by multiple factors,
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being the fragility of the germinal bed and disturbances in the CBF the most
important ones. Some of the risk factors for the development of IVH include a
low Apgar score, severe respiratory distress syndrome, hypoxia, hypercapnia,
among others [7, 103, 52, 222].

Fluctuating CBF is associated with the development of IVH [215, 167, 166].
Other causes for CBF fluctuations, like hypercarbia and hypotension, have also
been correlated with the development of IVH [17, 143, 40]. Lee and colleges
found a significant association between metabolic acidosis and the development
of IVH, using a multivariate logistic regression [115]. Other influencing factors
related to changes in CBF are the use of inotropes, transfusion of blood products
and sodium bicarbonate bolus infusions [167]. Furthermore, the withdrawal
and infusion of blood via umbilical catheters can cause a significantly rapid
change in cerebral blood flow of preterm infants [27], which may disturb cerebral
hemodynamics. Analysis of CBF using NIRS has also shown that impaired
cerebral autoregulation was highly correlated with development of IVH [216].
Perlman and colleges demonstrated that the transitions from autoregulation to
a pressure passive circulatory pattern appears to be an important step in the
development of periventricular or intraventricular hemorrhage (PV-IVH) [167].
In these cases when there is a sudden change in CBF and MABP, hemorrhage
can occur in the immature germinal matrix [167, 27, 166]. In summary, Lee
et al. [115] showed that the risk factors for the pathogenesis of PV-IVH are
related to hemodynamics changes. A more comprehensive review of the causes
for IVH can be found in [11].

Periventricular Leukomalacia

Like IVH, periventricular leukomalacia (PVL) is the result of an inadequate brain
perfusion. PVL is caused by ischemic damage in the periventricular white matter
adjacent to the external angles of the lateral ventricles [12, 49, 9, 190, 116] in the
brain . PVL is a common outcome of neonatal hypoxic-ischemic encephalopathy
[223], and it is strongly related to a poor neurological developmental outcome.
Chow and colleges showed that the evolution of PVL correlates with changes in
computer tomography scans and electroencephalography (EEG) [38]. In this
study, normal scans and EEG were reported at birth, while a suppression in
EEG amplitude was observed with the presence of a PVL lesion at 2-3 weeks
after birth.

The main cause for PVL is a propensity for the occurrence of cerebral ischemia,
which may be related to decreases in CBF. Altman and colleges showed that
PVL was developed in premature infants with extremely low blood flow to
cerebral white matter, measured by means of positron emission tomography [5].
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This suggests that monitoring of CBF is important to prevent PVL damage,
especially in premature sick infants that are exposed to a passive pressure
CBF [197]. In this population falls in MABP are common; which, under an
impaired CA, might result in a fluctuating CBF exposing their brain to severe
ischemia. Stable premature infants are less likely to present impaired CA
[74, 78, 172, 174, 241], therefore they are also less likely to suffer PVL injury.
However, some studies have shown that impaired regulation can be found also
in healthy patients [24]. In addition, some studies have indicated that the
autoregulation range is narrower in preterm lambs [162, 204] than in term
lambs. If this is the case for premature infants, mild variations in MABP may
cause a major variation in CBF, resulting in a higher risk for the development
of PVL. Volpe and colleges described a list of factors related to development
of PVL [223]. Among the factors they mentioned: severe hypotension, marked
hypocarbia, hypoplastic left heart syndrome, patent ductus arteriosus with
retrograde cerebral diastolic flow, and severe illness requiring extracorporeal
membrane oxygenation, among others. However, impaired CA was not listed in
this review. The main problem to relate impaired CA with the genesis of PVL
is the difficulty to indicate which infants exhibit abnormal hemodynamics. A
more comprehensive review of the neurobiology for PVL in preterm infants can
be found in [221].

In summary, IVH and PVL are mainly caused by instabilities in the cerebral
circulation. Monitoring cerebral hemodynamics and its relation with the
systemic variables, in particular MABP and pCO2, may be useful to prevent
brain damage due to these pathologies.

1.1.2 Causes of brain damage in neonates

There are several causes for brain damage in sick premature neonates. Among
them, the more important ones are due to hypoxia. Hypoxia is a condition
where the tissue is deprived of an adequate supply of oxygen. Three different
classes of hypoxia are reported in literature: hypoxic hypoxia, anemic hypoxia
and ischemic hypoxia.

Hypoxic Hypoxia

Hypoxic hypoxia is caused by a reduction in arterial oxygen saturation SaO2.
When there is a reduction in SaO2 the brain compensates for this deficit by
increasing CBF [107, 99, 68]. However, when CBF reaches an upper limit, and
if the balance between the supply and demand of oxygen is no longer met, the
brain is exposed to damage [68]. In clinical practice, hypoxic hypoxia is avoided
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by monitoring SaO2. However, due to the fact that it is accompanied by an
increase in CBF, the brain might be exposed to damage due to hemorrhage.

Anemic Hypoxia

Anemic hypoxia is caused by a deficit in the concentration of hemoglobin in
the blood. Hemoglobin is the molecule responsible for the transport of oxygen
to the tissue. Under mild anemia the oxygen delivery is kept constant by an
increase in CBF. However, when an upper limit in CBF is met and if the balance
between the supply and demand of oxygen is not met, the brain will be exposed
to damage [99, 229, 89].

Ischemic Hypoxia

Ischemic hypoxia is caused by a low CBF. Low values of CBF will cause an
insufficient supply of oxygen and other nutrients needed for a correct brain
functionality. CBF is normally controlled via the cerebral autoregulation
mechanism. However, this mechanisms might be impaired and/or affected by
other physiological variations, such as the concentration of CO2 [104]. Therefore,
a correct monitoring of CBF is needed in order to avoid brain damage due to
ischemic hypoxia. Continuous measurements of CBF in clinical practice are
difficult. Traditional methods involved the use of transcranial Doppler (TCD),
but its use for continuous monitoring of cerebral blood flow is limited. However,
one may wonder whether maintaining an adequate CBF is what is needed or,
more importantly, the supply of oxygen for a correct brain functionality. In this
context, near-infrared spectroscopy (NIRS) represents a noninvasive technology
that allows to monitor cerebral oxygenation.

1.2 Cerebral Autoregulation

As has been mentioned before, CA assessment is a field of high interest due to
its high clinical impact. Detection of disruptive CA can help to prevent brain
damage due to ischemia or hemorrhage. However, due to the multivariate and
nonlinear nature of the underlying mechanisms involved in the regulation of
CBF, the physiological pathways responsible for CA are not yet fully understood
[133].

Cerebral Autoregulation is defined as the property of the brain to regulate the
changes in CBF in the presence of changes in MABP. The first approaches to
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assess the status of CA evaluated the relation between CBF and MABP, by
provoking changes in MABP and measuring the response in CBF. Figure 1.1
shows how this relation looks like. In this figure it can be seen that for low
or high values of MABP, small changes in MABP produce large variations in
CBF. While, for a certain range of values, changes in MABP will produce a
mild variation in CBF. It is important to note that in this autoregulative region,
the slope of the relation between MABP and CBF is not zero, revealing a weak
linear relation between those variables. However, figure 1.1 represents the static
relation between MABP and CBF. When autoregulation was observed for the
first time the static, due to technological limitations, the measurements of CBF
were taken several seconds, or even minutes, after the changes in MABP were
produced [145]. Therefore, the transient response in CBF was not observed.
The main limitation in this approach was the difficulties in measuring CBF
continuously.

Figure 1.1: Cerebral autoregulation plateau. The lower limit for CA in neonates
is around 30mmHg, the CrCP represents the critical closing pressure. It is
important to notice that the slope in the autoregulative region is not zero,
therefore there is a small increase in CBF with increasing MABP. Taken from
[76].

By the inclusion of new technologies such as transcranial Doppler (TCD), the
time resolution of CBF measurements was improved, allowing the study of the
transient relations between changes in MABP and CBF. This permits the use
of dynamical models to assess the status of CA. In this context correlation,
transfer function analysis, coherence, and other methods were introduced to
quantify the status of CA [1, 243]. These models have provided exciting results
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that have helped in the understanding of the underlying physiology of CA.
However, on the one hand, these models do not take into account the effect
of other physiological variables on CA. It has been shown that variations in
pCO2 modulate the response of CBF to changes in MABP, indicating that
pCO2 modulates CA [1]. Moreover, ganglion blockage has been shown to also
affect the status of CA [244]. Recently, it has been suggested that CA is a
multivariate process where several mechanisms are involved in its control [158].
Among those the myogenic, metabolic and neurogenic mechanisms have been
indicated as the most relevant ones for the regulation of CBF. Recent studies
in CA have investigated the influence of pCO2 on CA [157, 2, 144]. However,
these influences have been studied as an additive effect using linear models
[1, 158]. In addition, the relation between the different mechanisms regulating
CA is not expected to be linear. Recent studies have investigated the use of
Volterra Kernel models to include the nonlinearities in CA. However, these
models are difficult to relate with the underlying physiological processes, which
limits their applicability. A more recent study proposed to modify these models
in order to obtain better interpretability [133]. However, even though these
models are easier to analyze, they are still far from being applicable in a clinical
environment.

Even though TCD has provided a suitable framework for assessment of CA, its
measurements are highly affected by movement artefacts. This indicates that
TCD is not suited for online monitoring. Near infrared Spectroscopy (NIRS) is
a recent technology that has been used to measure hemodynamical variables.
Since this technology is based on light radiation it represents a safe methodology
for continuous monitoring of tissue oxygenation [234, 34, 219]. NIRS allows the
continuous monitoring of changes in oxy- and deoxy-hemoglobin concentration,
from which the tissue oxygenation index (TOI) can be computed. However,
NIRS does not measure CBF but tissue oxygenation. Several studies have
shown that NIRS measurements are related to changes in CBF under constant
cerebral oxygen consumption and constant arterial oxygen saturation (SaO2)
[234]. Therefore, NIRS represents a good framework for CA monitoring provided
that the aforementioned assumptions are held. As consequence, several studies
that use NIRS for CA assessment can be found in the literature nowadays. But,
strong evidence of the link between impaired CA assessed by NIRS with clinical
outcomes, in premature infants, is still scarce [81, 36].

In contrast with methods using TCD, most of the CA studies using NIRS
take only into account univariate-linear approaches. Nonlinear multivariate
approaches for CA assessment using NIRS are still scarce. TCD studies
have shown that the use of a nonlinear multivariate framework improves the
assessment of CA. In this context, the main challenges lie in the design of a
methodology that accounts for nonlinear multivariate interrelations, that can
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be easily related to the physiology of the underlying mechanisms that control
CBF regulation.

CA assessment is still far from being used in clinical practice as an online
monitoring parameter. The main problems for its clinical implementation are:
the lack of a robust preprocessing algorithm, the lack of a gold standard and
standardization of the algorithms used in CA assessment, and the lack of a
robust nonlinear multivariate methodology that allows to identify the influence
of each physiological variable on the regulation of CBF. First, the preprocessing
algorithms used in CA assessment should mitigate the effect of outliers, and
reduce the influence of other signals. In the case of NIRS, first the development
of algorithms that can decouple the influence of variations in SaO2 from the
NIRS measurements is of particular interest. Second, since NIRS provide only
a surrogate measurement for CBF there is no gold standard to validate results
obtained for CA assessment using NIRS. Third, several studies of CA use classical
mathematical tools like correlation, transfer function analysis and coherence.
However, these studies select arbitrarily the parameters used in each one of these
methods, e.g. the overlapping percentages and the length of the epoch under
analysis when estimating the power spectrum. This complicates the comparison
of results provided by other research groups. Recently, it has been noticed that
these parameters have a great impact in the outcome of the aforementioned
methods. Standard values for those parameters need to be proposed in order
to standardize these methods, and facilitate the comparisons with the results
reported in the literature. Finally, a suitable nonlinear multivariate framework
for CA assessment should be able to predict the changes in CBF, given the
measurements from some physiological variables. In addition, they should also
be able to indicate the effect of those variables, individually and jointly, on the
cerebral circulation. Unfortunately, sophisticated methods are more likely to
be computationally expensive. However, since the dynamics of CA is slow, no
important time constraints exist for its assessment. Evaluation of CA scores,
once every couple of minutes, is tolerable in clinical practice. Therefore, the
computing power, e.g. needed in complex nonlinear regression methods, and the
computing time is not a big limitation for online CA monitoring [164, 158, 133].

1.3 Near Infrared Spectroscopy (NIRS)

Near Infrared Spectroscopy (NIRS) is a technology that allows to monitor the
tissue oxygenation. NIRS takes advantage that the biological tissue is relative
transparent to infrared light between 650nm and 900nm, which allows the
light to penetrate several centimeters into the tissue and illuminate the brain
[156, 225, 233, 97]. Furthermore, in human tissue, there are three main oxygen
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dependent chromophores that present an important absorption spectrum in
the near infrared range, which causes attenuation in the emitted light. These
chromophores are oxy-hemoglobin (HbO2), deoxy-hemoglobin (HHb) and the
Cytochrome c oxidase (CytOx). HbO2 represents the hemoglobin molecules
that are linked to an oxygen molecule (O2), while HHb represents a hemoglobin
molecule that has already given its O2 to the tissue. CytOx is the terminal
member of the mitochondrial respiratory chain, therefore changes in CytOx
indicate changes in cellular oxygenation [28]. Figure 1.2 shows the absorption
spectrum for CytOx, HbO2 and HHb in the infrared range. In the tissue, the
concentration of CytOx is around 10% of the concentration of HHb. Therefore,
in vivo measurements of CytOx are difficult to obtain.
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Figure 1.2: Absorption spectrum for CytOx, and oxy- and deoxy-hemoglobin,
taken from http://www.ucl.ac.uk/medphys/research/borl/intro/spectra

The principles behind NIRS technology are quite simple, attenuation in light in
the near infrared range is due to the changes in concentration in HHb, HbO2
and CytOx [225, 156]. NIRS technology is similar to pulse oximetry, however,
pulse oximetry looks at the pulsatile component of the tissue absorption signal
coming from the arteries. From this signal the arterial oxygen saturation is
estimated by means of calibration tables. NIRS technology as Pulse oximetry
irradiates light through the tissue of interest and measures the reflecting light.
Contrary to pulse oximetry, NIRS looks for the non-pulsatile component of
the tissue absorption signal. In addition, due to the fact that NIRS uses more
wavelengths than pulse oximetry, it can identify more chromophores [156, 136].
Changes in concentration of the chromophores can be obtained by measuring
the attenuation in light at different wavelengths. This attenuation in a non-
scattering medium can be modeled using the Beer-Lambert Law. This law
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indicates that changes in attenuation of an absorbing component dissolved in
a non-absorbing medium are proportional to the product of the compound
concentration and the distance traveled by the light (pathlength) [112, 15] , as
follows:

A = log I0
I

= α · C · d (1.1)

where A represents the attenuation, I0 is the incident light intensity, I is the
emergent light intensity, α is the specific extinction coefficient of the absorbing
compound, C is the concentration of the absorbing compound, and d is the
pathlength, which is a measure of the path followed by the photons.

However, the Beer-Lambert law assumes a homogeneous, non-scattering medium.
This condition is not met when it is used in clinical practice, since the tissue of
interest is normally surrounded by other tissue. Therefore, the Beer-Lambert
law needs to be modified in order to account for these differences [48, 57, 39].
First, considering the monitoring of cerebral oxygenation in neonates, the head
of the neonates is too big to allow the emitted light to be measured on the
other side. Therefore, the optodes should not be connected facing each other.
In clinical practice it is common to put the electrodes separated by a distance
higher than 3 cm [149, 57, 63]. Second, due to scattering factors, the emitted
light does not travel along a linear path. Simulation studies and experimental
measurements have shown that due to scattering properties of the tissue the
photons that reach the receiver optode, are likely to have traveled along a path
inside the brain that resembles a banana shape [22, 106, 152, 153]. An extra
term to account for this increment in distance is normally taken into account.
This term is known as the differential path length factor (DPF) [10, 110, 237].
Figure 1.3 shows a schematic representation of the path traveled by the photons.
DPF is usually set to a fixed value depending on the tissue under study. For
neonatal brain studies DPF is set to a constant value of 4.39 [205, 54, 149].
Third, also due to scattering, the path followed by the photons will be disorder,
which causes some photons to travel deeper or more superficially in the tissue.
In the former case, the photons can either exit the tissue at a location further
away from the photodetector, or they can be absorbed by the chromophores.
In the latter case, when the photons travel more superficially, they are more
likely to exit the tissue before reaching the photodetector. Therefore, only a
small amount of photons will be able to reach the photodetector. Since, this
attenuation in the received light is not related to changes in concentration [152],
an extra term should be included in the Beer-Lambert law to account for these
losses. By taking into account all the considerations mentioned before, the
following modified Beer-Lambert law is proposed:



12 INTRODUCTION

A = log I0
I

= α · C · d ·B +G (1.2)

where B represents the differential pathlength factor (DPF), and G represents
an additive geometry-dependent term reflecting scattering loss. The DPF
represents a scalar that corrects for the effects of scattering on the real traveled
distance.

Today, several technologies for NIRS exist, namely continuous wave spectroscopy
(CWS), spatial resolved spectroscopy (SRS), time resolved spectroscopy (TRS)
in the time and frequency domain.

Figure 1.3: Schematic representation for the propagation of near-infrared light
in the brain. The distance between the optodes is indicated as d. The light
shadow region indicates the region that is illuminated by the source light. The
dark shade with the banana shape indicates the most likely path that detected
photons have traveled. Photons that travel superficially are more likely to
exit before they reach the photo-detector, due to scattering. On the other
hand, photons that have traveled too deep into the tissue are more likely to be
absorbed before they reach the photo-detector.
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1.3.1 Continuous wave spectroscopy

CWS uses a constant light source. CWS cannot compute directly the DPF
and the scattering loss G. However, some estimates of DPF exist, and together
with the scattering, they are considered constant. In addition, it is assumed
that the only variable that can change relatively fast inside the tissue is the
hemoglobin concentration. By evaluating only the changes in equation (1.2)
the scattering factor can be eliminated. This implies that absolute values of
concentrations will not be measured by CWS technology, but only relative
changes [245, 61, 94, 91, 86, 208]. The equation for absorption becomes:

∆A = ∆
(

log I0
I

)
= α ·∆C · d ·B (1.3)

By measuring the absorption of light in at least two wavelengths, the changes
in concentration for the oxy- and deoxy- hemoglobin can be found. By
including more wavelengths a better estimation of the concentrations is obtained.
Consider we are interested in knowing the concentration changes for the oxy-
and deoxy-hemoglobin, C1 and C2 respectively. Considering the extinction
coefficients for the oxy- and deoxy-hemoglobin α and β, respectively, and
assuming that attenuation measurements were obtained simultaneously at 2
different wavelengths, λ1 and λ2, by using (1.3) the following equations are
obtained:

∆A1 = αλ1 ·∆C1 · d ·B + βλ1 ·∆C2 · d ·B
∆A2 = αλ2 ·∆C1 · d ·B + βλ2 ·∆C2 · d ·B

(1.4)

which represent a set of 2 equations with 2 unknowns. If measurements of other
chromosomes are required, measurements from more wavelengths are needed.
In addition, by including more wavelengths more robust estimations for the
changes in concentration are obtained. However, most commercial devices use
only 2 wavelengths.

1.3.2 Spatially resolved spectroscopy

SRS as CWS uses a continuous light source, but it uses more receiver optodes.
In addition, SRS considers that for large distances between the light source and
the receiver optodes the scattering loss is constant [163]. Therefore, measured
differences in the intensity can be interpreted as differences in absorption loss
[135, 134, 203, 3].
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SRS uses a solution of the approximate photon diffusion equation in order
to estimate the chromophore concentrations. This method describes the
propagation of photons in a highly scattering medium such as living tissue [96],
and indicates the relation between the changes in absorption and the distance.
This relation is given by:

∂A

∂ρ
= 1
ln(10)

(√
3µaµ′s + 2

ρ

)
(1.5)

where ρ represents the mean distance in cm, µa is the absorption coefficient,
and µ′s is the transport scattering coefficient. By measuring ∂A/∂ρ at several
wavelengths, the product µa(λ)µ′s(λ) can be estimated. The scattering coefficient
µ
′

s(λ) = k(1− hλ), where λ is the wavelength, k is a factor of proportionality,
and h is the normalized slope of the scattering versus the wavelength. From
equation (1.5) the absorption coefficient can be computed as:

kµa(λ) = 1
3(1− hλ)

[
ln(10)∂A

∂ρ
− 2
ρ

]2
(1.6)

Consider equation (1.6), using 2 different wavelengths, the relative concentra-
tions kHbO2 and kHHb can be found as follows:

[
kHbO2
kHHb

]
=

[
εHbO2(λ1) εHbO2(λ2)
εHHb(λ1) εHHb(λ2)

] [
kµa(λ1)
kµa(λ2)

]
(1.7)

where εHbO2(λ) and εHHb(λ) correspond to the measured extinction coefficient
for the, HbO2 and HHb, respectively, at a given wavelength λ.

Patterson and colleagues proposed that the effective attenuation coefficient of
the tissue can be measured by analyzing the spatial variation of the intensity of
retro-reflected light, as a function of the distance d between the light source
and detector [163]. They showed that the scatter loss becomes homogenous if d
is large enough (d > 3cm). In Figure 1.4 the schematic representation of the
NIRS probe is shown. The value ∂A

∂ρ is estimated from the measurements using
3 photodiodes located at different distances.

From the relative quantities, the tissue oxygenation index (TOI) can be
computed as follows:

TOI = kHbO2

kHbO2 + kHHb (1.8)
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Figure 1.4: Schematic representation for spatially resolved spectroscopy, taken
from [203].

TOI is an important quantity since it represents an absolute measure of tissue
oxygenation [149, 57, 205]. SRS assumes that the measurements in the three
different receptors are affected similarly by superficial tissue layers, therefore,
their influence on the measurements is canceled out [233]. The SRS method
described before is used in the NIR spectrometer series (NIRO), commercialized
by Hamamatsu.

The regional cerebral oxygenation (rScO2) is another parameter that, like TOI,
has been used as a measure of cerebral oxygenation. rScO2 is provided by
the NIR spectrometer series (INVOS), commercialized by Somanetics, and it
is based on SRS. However, little is known about the algorithm used for its
computation. INVOS uses 2 photodetectors located at 3cm and 4cm from the
light source. The photodetector located at 3cm is assumed to measure the
scatter light, while the sensor at 4cm measures primarily changes in oxy- deoxy-
hemoglobin in deeper tissue. A subtraction algorithm is used in order to correct
for scattering. From these measurements the relative concentrations kHbO2
and kHHb are found, and the (rScO2 = kHbO2/(kHbO2 + kHHb)) is computed
[146]. A good correlation between TOI and rScO2 have been found in the
literature [146], indicating that both variables measure the same underlying
process.
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1.3.3 Time resolved spectroscopy

Unlike CWS and SRS, time resolved spectroscopy (TRS) uses a modulated light
source. In the literature two different techniques based on TRS can be found:
time domain and Frequency domain TRS.

Time domain TRS

In time domain TRS the tissue is irradiated using a short pulse of light with
a duration in the range of the pico seconds [48, 121, 42, 214]. Using a fast
photodetector as a receiver, a profile in time of the incident photons can be
obtained. The morphology of this time profile changes accordingly to the
optical and geometrical properties of the medium. The scattering will wider the
time profile, while short distances between emitter and detector will shift the
profile towards smaller times. In addition, the absorption can be estimated by
measuring the changes in intensity between the emitted and the received light.
TRS also provides information about the depth of the measurement, photons
that are received early are more likely to have traveled inside the superficial
layers of the tissue, while late photons are more likely to have traveled deeper.
By computing a mean time of travel of all the received photons, t̂, the differential
path length, DPF, can be computed as follows:

DPF = ct̂

d · η
(1.9)

where c represents the velocity of light in the vacuum, η is the refractive index
of the tissue and d is the distance between the electrodes.

1.3.4 Frequency domain TRS

Frequency domain TRS is a technology that, like time domain TRS, allows the
computation of the DPF. Frequency domain TRS uses a modulated light source
with frequencies between 50MHz to 1GHz [233]. By measuring the difference in
phase between the emitted and the received light, the distance traveled by the
photons can be estimated [60, 65, 73, 21, 171, 170, 61]. With frequency domain
TRS the distance traveled for the photons is given by:

DP = φc

2πfη (1.10)
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where φ represents the changes in phase between the input and the measured
light, and f is the modulation frequency.

As in time domain TRS, the absorption can be estimated by measuring the
changes in intensity. In addition, by exploring the changes in phase in the
complete frequency range (50MHz - 1GHz), information similar to the one
provided by time domain TRS can be obtained.

Figure 1.5 shows a schematic representation for time and frequency domain
TRS.

Figure 1.5: Schematic representation for time
and frequency domain TRS, taken from http:
//www.medphys.ucl.ac.uk/research/borg/research/NIR_topics/nirs.htm.

1.4 Clinical applications of NIRS

Near Infrared spectroscopy was first used for medical purposes by Jöbsis [97]. In
the neonatal brain monitoring field the first applications of NIRS were presented
by Brazy et al. [28], and Delpy et al [48]. Recently, thanks to the introduction
of SRS, the use of NIRS has become more popular and more studies can be
found in the literature. This is due to the fact that SRS is more robust against
movement artifacts, and it is able to produce absolute oxygenation values
[135, 203].

By using the Fick principle, proposed by Kety et al [105], measurements of
CBF were possible using NIRS. The Fick principle establishes that the rate
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of accumulation of a substance is proportional to the inflow of the substance
minus the outflow. In the literature 2 methods based on this principle for
the measurement of CBF can be found. The first one uses the SaO2 as a dye
[55, 31, 191, 69]. In summary the method works as follows: a disturbance in
SaO2 at time 0 is produced, at the same time ∆HbO2 is measured using NIRS.
Assuming that the measuring time t is shorter than the transition time for
the oxygen in the brain, it can be concluded that the outflow of oxygen from
the brain arterial compartment to the venous compartment is zero. Therefore,
according to the Fick’s law, any measured increase in ∆HbO2, up to time t,
will be produced by the product between the induced change in SaO2 and the
CBF. The relation between these quantities is given by the following formula:

CBF (t) = ∆HbO2∫ t
0 SaO2dt

(1.11)

However, changes in SaO2 are difficult to perform in the neonatal population
in the intensive care unit; which hinders the applicability of this methodology
in clinical monitoring. The second method uses indocyanine green as a tracer.
This tracer absorbs NIRS light and its measurement principle is similar to the
one described before [29, 108, 178].

NIRS has also been used to obtain measurements of cerebral blood volume
(CBV) [236, 57, 13]. However, the methods proposed in the literature have
not been fully validated, and their use is restricted to research purposes. In
summary these methods compute a surrogate measurement for the changes in
CBV by summing the changes in oxy- and deoxy-hemoglobin concentration
as follows: ∆HbT = ∆HbO2+∆HHb, where ∆HbT represents the changes in
total hemoglobin concentration. When comparing measurements of CBF and
CBV using NIRS, some studies have reported a good relation between them
[122, 177, 80].

In the literature there are several studies that validate the use of changes in
cerebral oxygenation, measured using NIRS, with the jugular venous saturation
[231, 147, 139, 189, 150]. This indicates that NIRS is a suitable technology for
the monitoring of jugular venous saturation. However, there are discrepancies
in the percentages of arterial vs venous oxygenation measured by NIRS; Brun et
al. reported a relation of 1:2 [30], while Benni and colleges reported a relation
of 30:70, [20]. Other studies claim that these percentages are patient dependent
[230].

Another key parameter for monitoring the homeostatic state of the brain is
the Fractional oxygen extraction (FOE). This parameter is computed as the
ratio between the oxygen delivery and the oxygen consumption. Wardle et
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al, have developed a way to compute a surrogate measure for FOE using
NIRS [227, 228, 229]. They called this variable the fractional tissue oxygen
extraction (FTOE). Naulaers et al. [150] found a good match between FOE
and FTOE computed from NIRS measurements as follows: FTOE=(SaO2-
TOI)/SaO2. FTOE is an important variable to monitor since normal brain
functioning depends on a proper balance between oxygen supply and cerebral
metabolic demand. Based on this, some authors have proposed that monitoring
CBF is less important than monitoring oxygen consumption in order to detect
hypoxia or ischemia [242]. As discussed before, there are three different types
of ischemia, each one related to a deficit in one of the variables influencing
the hemodynamical variables. Alterations in SaO2 produce hypoxic hypoxia,
low CBF produces ischemic hypoxia and a reduction in hemoglobin produces
anemic hypoxia. Hypoxia has been described using NIRS in [169, 168].

NIRS has also been used in order to detect patent ductus arteriosus. Patent
ductus arteriosus is a disorder where the ductus arteriosus does not close after
birth. The ductus arteriosus is a fetal blood vessel that connects the aorta
with the pulmonary artery. In presence of a patent ductus, oxygenated blood
from the aorta returns to the pulmonary aorta. Therefore, neonates with a
patent ductus are likely to suffer hypoxia. In the presence of an important
hemodynamics ductus, a reduction in CBF that produces a reduction in cerebral
oxygenation is observed [117, 218]. In addition NIRS has also been used in order
to assess liver hemodynamics [149]. Naulaers et al. [149] found that changes in
TOI in the liver reflect changes in the intestinal blood flow.

Even though NIRS possesses a high potential for clinical use, it has been
limited to research purposes. This is due to some limitations that hinders its
introduction in clinical practice. First of all, NIRS measurements are affected
by movement artifacts [191], even if their effect is smaller than in TCD. Several
studies have observed a bias in the values provided by NIRS when the location
of the optodes is changed [195, 196, 53, 219]. Second, the reproducibility of the
results provided by NIRS is still poor [122]. Finally, even though some studies
have reported normal values ranging from 60% up to 75% [219, 151, 118, 169],
standard values of oxygenation are yet to be defined and validated. In this
context some studies have reported brain damage due to hypoxia, measured
using NIRS. Hou et al. reported mitochondrial damage of CA1 neurons when a
cerebral oxygenation was sustained below 40% during more than 30 minutes.
Morphological damage in CA1 neurons and suppression of EEG amplitude
was observed for oxygenation values below 30%. Kurth et al. have proposed
a threshold between 33% and 44% for rScO2 to indicate impairment due to
ischemic hypoxia. On the other hand, some studies have indicated that elevated
oxygenation values are dangerous for the neonates. Saugstad et al. have
reported damage due to oxidative stress [185]. They found that values of rScO2
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were higher in premature infants than in term infants.

Finally, some studies have reported the use of NIRS for autoregulation studies.
These studies quantify the relation between changes in ∆HbD or ∆HbT and
MABP by means of correlation, coherence or transfer function analysis [197].
However, measurements of ∆HbD and ∆HbT are highly sensitive to movement
artifacts, requiring more sophisticated preprocessing techniques and limiting
their use in clinical monitoring. However, van Bel et al [219] have shown that
TOI and rScO2, also derived from NIRS, are less prone to movement artifacts
than ∆HbD and ∆HbT. However, their use in CA is yet to be validated. In
addition, some studies using NIRS have studied the influence of hypercapnia
and hypoxemia on CA [122]. These studies have found loss of CO2 reactivity
in severe asphyxia, while in moderate asphyxia CO2 reactivity was intact but
CA was impaired [173]. Other studies have shown a reduction in CBF, which
is reflected in NIRS measurements, caused by hypocapnia [229, 51, 59, 75,
120, 141, 192, 238]. These studies indicate that CA is a far more complicated
phenomenum which involves several mechanisms that are highly interrelated
in order to preserve the cerebral homeostasis. Appropriate signal processing
techniques for the monitoring of these mechanisms are scarce.

1.5 Goals of the Thesis

The main goal of this thesis is to investigate the use of signal processing
techniques in monitoring cerebral hemodynamics in neonates by means of NIRS.
However, on one hand, NIRS technology presents several drawbacks that hinder
its use in clinical practice; therefore, appropriate techniques should be used in
order to reduce the impact of these drawbacks. On the other hand, cerebral
hemodynamics regulation is a complex process that requires sophisticated signal
processing tools for its analysis; adequate methodologies are needed in order to
obtain a reliable monitoring system.

Concerning the limitations of NIRS for clinical use, this thesis will aim to
introduce sophisticated preprocessing techniques that facilitate the applicability
of NIRS technology in clinical monitoring. In this context two main objectives
will be pursued. First of all, the removal of movement artifacts is addressed.
The removal of movement artifacts is a key factor for an online monitoring
system using NIRS, since displacement of the NIRS optodes due to movements
is common. Secondly, the influence from physiological variables, such as SaO2,
should be removed from the dynamics of NIRS derived signals. This is of high
importance in monitoring cerebral hemodynamics applications, since NIRS only
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provides surrogate measurements for CBF assuming a constant arterial oxygen
saturation. This condition is likely to be violated in sick premature infants.

Concerning the use of sophisticated methods for cerebral hemodynamics
monitoring, this thesis will aim at introducing the use of several linear and
nonlinear techniques for its monitoring. First of all, cerebral hemodynamics
homeostasis is preserved by a series of complex processes that involve the
interaction of several physiological signals. Therefore, the use of multivariate
techniques is needed for its correct assessment. Specifically, studies in CA have
hypothesized that its underlying mechanism is the result of a multifactorial
process that involves the influence of three main components, namely the
myogenic, the metabolic and the neurogenic one. In the literature more
attention has been given to the study of the myogenic component. However,
by ignoring the influence of the other components, monitoring of CA may
produce misleading results. Secondly, the interaction of the processes involved
in cerebral hemodynamics is likely to be nonlinear. This can be seen from the
autoregulation curve presented in figure 1.1. The use of nonlinear techniques
in cerebral hemodynamics monitoring have been poorly studied. In addition,
existing nonlinear models have not been included yet in clinical practice due
to their difficult interpretation. In this thesis we aim at the development of a
framework that facilitates the interpretation of a nonlinear regression model.

In summary, the objectives of this thesis can be summarized as follows:

• Development of a framework for the preprocessing of NIRS signals, with
special attention to the removal of artifacts and undesired variations
introduced by other physiological variables.

• Introduction of linear multivariate techniques for cerebral hemodynamics
monitoring.

• Development of multivariate nonlinear and clinically interpretable
hemodynamical models for monitoring of cerebral hemodynamics.

• Validation of the above mentioned methods in a variety of clinical case
studies.

1.6 Thesis Overview

This thesis is divided in two main parts. In the first part the mathematical
methodologies that will be used as a foundation for the clinical studies are
introduced, chapters 2, 3, 5, and 6 are included in this part. The second part
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addresses the clinical case studies mostly related to the monitoring of cerebral
hemodynamics. It consist of chapters 4 and 7. A flowchart of the thesis chapters
is shown in Figure 1.6. The abbreviations used in the figure are explained below,
together with the description of each chapter.

1.6.1 Part I: Advanced Signal Processing Methodologies

Chapter 2 provides a methodological foundation for the linear methodologies
that will be used in this thesis. Traditional methodologies like correlation
(CORR), coherence (COH) and transfer function (TF) are briefly presented.
More advanced mathematical tools like partial coherence (PaCOH), wavelet
transform, wavelet based transfer function, canonical correlation analysis (CCA),
and orthogonal and oblique subspace projections (O(r)SP) are presented. When
considered necessary, an illustrative example has been used in order to describe
the principles of these methodologies, and to highlight their importance in the
framework of this research.

Chapter 3 provides a methodological foundation for the nonlinear methods
used in this thesis. The chapter introduces the use of least squares support
vector machine (LS-SVM) for function estimation. This methodology will be
used in the preprocessing of NIRS signals. Furthermore, the chapter introduces
the concept of principal component regression (PCR), and kernel principal
component regression (KPCR), which represents a nonlinear version of PCR.
Computation of projection matrices in a reproducing kernel Hilbert space
(RKHS) are introduced as well as their use in the formulation of a sparse
KPCR. Finally, the chapter presents some toy examples that illustrate the main
advantages of these methods.

Chapter 5 presents a study, where the use of TOI and rScO2 for the assessment
of CA is validated against the most commonly used variables ∆HbD and ∆HbT.
This chapter provides a base for the clinical applications that will be described
in the chapter 7.

Chapter 6 studies the influence of the selection of some user defined parameters
on the output provided by traditional methods used in cerebral autoregulation
assessment, e.g. correlation, coherence and transfer function analysis. As a
result, this chapter proposes a set of parameters that aim to standardize the
use of these methodologies, facilitating the comparison of results provided by
different research groups.
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Figure 1.6: Flowchart of the thesis chapters.

1.6.2 Part II: Clinical Case Studies

Chapter 4 provides a description of the datasets that will be used in Chapter
7. In addition, the preprocessing procedure applied to the data is summarized.

Chapter 7 presents some clinical studies that were performed during the course
of this doctoral research. The first clinical study is related to the evaluation of
the assessment of CA by means of NIRS. In this study only univariate methods
are used. The second study investigates the influence of MABP and pCO2
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on the cerebral oxygenation. The third and fourth study are performed on
data obtained from patients undergoing extra corporeal membrane oxygenation
(ECMO) procedure. For this study concomitant measurements of several
physiological variables are available. Multivariate linear methods like CCA and
subspace projections were used, these methods will be described in chapter 2.
In the fifth case study the wavelet based transfer function (WBTF), as well as
nonlinear methodology based on kernel principal component regression (KPCR),
will be tested in the framework of cerebral hemodynamics monitoring. In the
sixth study, the effect of the maternal use of labetalol on the CA of the neonates
was investigated. In the seventh study, the use of NIRS in the monitoring of
children with Duchenne muscular dystrophy is investigated. Finally, the last
clinical case study, presents results on the application of subspace projection
techniques in the classification of sleep apnea events. Even though this last
study is not related to the main topic of this thesis, it presents an interesting
example where subspace projection techniques are applicable. This application
highlights the potential use of this technique in other areas related to biomedical
signal processing.

Finally, in Chapter 8 the main findings of these thesis are summarized and
future research directions are indicated.

1.7 Personal Contributions

My contributions in this thesis are oriented to the development of methodologies
for biomedical signal preprocessing and processing, and the application of these
methodologies, among others, in clinical studies related, mainly, to cerebral
hemodynamics monitoring. Since this work was done in close collaboration
with partners from the University Hospitals Leuven (UHL), the Wilhelmina
Children Hospital in Utrecht (WCH), the University Hospital in Zurich (UZ),
the University College London (UCL) and the Katholieke Universiteit Leuven
(KU Leuven), I will first list the people involved in each study, afterwards I
will highlight my contributions. The contribution of the partners was mainly
focused to the acquisition of the signals for the studies, and the interpretation of
the results obtained in a clinical framework. The clinical studies about cerebral
autoregulation were done in close collaboration with Prof. Dr. Gunnar Naulaers
and Dr. Joke Vanderhaegen from UHL, Prof. Dr. Frank van Bel and M.D. Dr.
Petra Lemmers from WCH, and Prof. Dr. Martin Wolf from UZ. The labetalol
study was performed in collaboration with Prof. Dr. Frank van Bel, M.D. Dr.
Petra Lemmers, Prof. Dr. Gunnar Naulaers and M.D. Liesbeth Thewissen
from UHL. The ECMO studies were performed in collaboration with Dr. Ilias
Tachtsidis and Dr. Maria Papademetriou from UCL. For the lamb study I
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collaborated with Dr. Flora Wong who provided the data for the analysis. The
Duchenne study was performed in collaboration with Prof. Dr. Gunnar Buyse,
M.D. Eva Van Ginderdeuren, Dr. Nathalie Goemans and Marleen van den
Hauwe from UHL, and Dr. Joachim Taelman from KU Leuven. The sleep
apnea study was performed in close collaboration with MSc. Engr. Carolina
Varon from KU Leuven.

Since my personal contributions are scattered through the complete document,
I will address them on a chapter-by-chapter basis.

In chapter 2 I present an algorithm based on subspace projection. This algorithm
aims at decomposing a target signal in the components related to other measured
variables. In a regression framework, these measured variables represent the
regressor matrix. In this context, I propose an extension of the regressor matrix
using a discrete wavelet transform. This new regressor matrix is further extended
by a block hankelization procedure. This approach increases the dimension of
the subspace defined by the regressor variables, provides a structure for the
relation between the regressors and the target signal in the frequency domain,
and reduces the effect of noise in the regressors. Furthermore, since the relation
between the regressors is not orthogonal, I propose the use of oblique projectors
in order to retrieve the relation between each regressor variable and the target
signal. In addition, in this chapter, this methodology is proposed to be used in
the preprocessing of NIRS signals.

In chapter 3 I proposed a modification in the cost function of the robust LS-
SVM regression, by introducing an extra weight vector that prioritizes the
regression fit at the borders. This approach will allow to correct segments
affected by artifacts, by estimating the corrupted segment with a LS-SVM
model. Furthermore, by the inclusion of the extra weight factor, discontinuities
between consecutive segments are reduced. This new approach does not require
the use of extra parameters or training and its computational cost is similar to
the one of the robust LS-SVM regression. On the other hand, in this chapter
the concept of subspace projections is extended to kernel principal component
regression (KPCR). In a nonlinear regression framework, these projections allow
to identify the nonlinear contribution of each regressor variable on the target
function. Clinically, this methodology has a high impact, since it allows to
obtain a nonlinear model of a physiological process where the influence of each
measured variable can be retrieved. This information may help the clinicians in
the evaluation of the effects for a particular treatment. Furthermore, in this
chapter, I propose to use the trace of the projection matrix to produce a sparse
KPCR model. In this new sparse model, the number of observations equals the
dimension of this trace. In addition, I also study the influence of the bandwidth
of the RBF kernel on the sparsity of the KPCR model.
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In chapter 5 I investigate the influence of the use of the tissue oxygenation
index (TOI), cerebral oxygen saturation (rScO2), differences in hemoglobin
concentration (HbD) or total hemoglobin (HbT) as a surrogate variable for
cerebral blood flow (CBF), which will be used on autoregulation studies.
Classically ∆HbD and ∆HbT have been used in CA studies. However, these
signals are highly affected by movement artifacts. Since TOI and rScO2 are less
prone to movement artifacts, they are more suited for clinical use. In this study
I performed the preprocessing and processing of the data. In addition I was
actively involved in the analysis of the results.

In chapter 6 I propose a standard set of parameters that should be used in
cerebral autoregulation assessment when correlation, coherence or transfer
function analysis is employed. The selection of those parameters is based on a
sensitivity analysis of each method. The results provided in this chapter have a
high impact, since standardization of these methodologies is a problem that is
currently being addressed in this field.

Finally, in chapter 7 I present several clinical case studies that have been
performed during my phD. In the cerebral autoregulation studies, I used classical
tools in order to investigate the use of cerebral autoregulation assessment in the
prediction of clinical outcome in neonates. In the ECMO studies, I propose the
use of new parameters for cerebral hemodynamics monitoring. These parameters
are computed from the results provided by CCA and subspace projections. In
this context, I propose to use the relation between the systemic changes and
the peripheral hemodynamical variables as a reference to monitor cerebral
hemodynamics. In the lamb study I proposed the use of wavelet based transfer
function analysis for the monitoring of cerebral autoregulation. In addition, in
this study, I present results using the KPCR methodology proposed in chapter
3. In the labetalol study, I use transfer function analysis in order to evaluate
the influence of the maternal use of labetalol on the cerebral autoregulation of
neonates. This study reveals that labetalol might impair cerebral autoregulation.
In addition, in this study I point out the importance of including the analysis of
pulse pressure values in the context of cerebral autoregulation. In this chapter,
another important clinical study is performed to investigate the use of NIRS
in the monitoring of children with Duchenne muscular dystrophy (DMD). One
of the main problems for the monitoring of DMD progression is the lack of
quantitative measurements. Qualitative tests exist but they rely on the patient
mobility. The study presented in this thesis reveals a different behavior in
the muscular hemodynamics for the DMD patients when compared to control
subjects, during and after a voluntary induced contraction. In this study I
define and compute a set of parameters related to these differences. These
parameters correlate linearly with the qualitative tests for DMD monitoring.
Therefore, they provide a quantitative way to measure the progression of DMD.
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Moreover, since these parameters rely only on the voluntary contraction of the
arm, they can still be measured in patients who cannot walk. Finally, in the
sleep apnea study, I proposed a feature that can be used for the detection of
apnoeic episodes. This feature is computed from the results provided by the
subspace projection algorithm. This last study highlights the potential use of
subspace projections in other biomedical applications.





Chapter 2

Linear Methods

This chapter will introduce the linear methods that will be used in the rest of the
thesis. The chapter will start by introducing concepts for univariate analysis
and will progress towards a multivariate approach. Time based, frequency based
and time-frequency based methodologies will be discussed. In section 2.1 the
traditional methods used in cerebral hemodynamics monitoring will be presented.
In section 2.2 the wavelet transform will be introduced, as well as its use for
the time-frequency analysis of signals. In this section the concept of coherence,
cross-power spectrum and transfer function will be extended from the classical
Fourier analysis to their counterpart using wavelet transform. Sections 2.1 and
2.2 represent the univariate methods used in this thesis. In section 2.3 Canonical
correlation analysis (CCA) is introduced. The interpretation of results of CCA
will be covered in detail. Finally, in section 2.4 the concepts of orthogonal and
oblique subspace projections are presented. The content of this section is based
on papers 15 and 16 in my publication list.

2.1 Traditional Methods

In clinical practice several methods are used in order to assess the status of
cerebral hemodynamics. In this field, particular attention has been given to the
assessment of cerebral autoregulation and CO2 reactivity [159, 67, 197, 234, 51].
Among these methods correlation, coherence, and transfer function are the most
commonly used ones. Partial coherence has also been proposed as an improved
version of coherence, where the influence of a third signal is removed from the

29
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calculation of the coherence values [193]. These methods represent a univariate
framework for the analysis of the common dynamics between two signals.

Generally, cerebral autoregulation and CO2 reactivity are assessed, in clinical
practice, by applying the aforementioned methods. In these methods the mean
arterial blood pressure (MABP) and the partial pressure of CO2 (pCO2) are
used as the “input” while the cerebral blood flow (CBF) is used as output.

2.1.1 Correlation

Correlation is one of the most commonly used statistical measures in order to
determine the degree of linear relation between two variables. Its value varies
between -1 and 1, where -1 represents a perfect negative dependence, 1 represents
a perfect positive dependence and 0 represents a lack of dependence between
the variables. The correlation coefficient rxy between the signals x ∈ RN and
y ∈ RN is calculated using the following equation:

rxy =
∑N
i=1(xi − x̄)(yi − ȳ)√∑N

i=1(xi − x̄)2∑N
i=1(yi − ȳ)2

(2.1)

where x̄ and ȳ represent the mean values of x and y respectively.

Although the calculation of the correlation coefficient is simple, it is a powerful
tool to quantify the strength of a linear relationship between two signals.
However, there are several drawbacks that should be taken into account.
First of all, it can only be used to identify linear dependence between two
variables. Nonlinear relationships can lead to correlation coefficients equal to
zero. Secondly, correlation is not a measure of causality, which means that
the correlation coefficients only give information about the linked dynamics,
but no information about the direction of the relationship, i.e whether changes
in CBF are caused by changes in MABP. However, in cerebral autoregulation
assessment it is supposed that changes in MABP induce changes in CBF.
Thirdly, correlation measures the linear dependency between two variables but
not the magnitude of this relationship. Therefore, weakly linked dynamics can
produce high correlation coefficients. In this case it is important to note that
the slope in the autoregulative region curve is not zero. This is an important
factor to take into account when using correlation for autoregulation assessment.
Finally, the correlation coefficient in (2.1) does not take into account phase
shifts between the variables, which can produce misleading results, e.g. the
correlation coefficient between a sine and a cosine is 0, while the variables are
strongly related. This can be corrected by the use of the correlation function
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which computes the correlation coefficients in function of the phase shift between
the signals.

The correlation function is defined as follows:

C(τ) = corr(x(t), y(t− τ)) (2.2)

where corr is the correlation coefficient computed in (2.1), τ is a scalar
representing the delay between both signals, and y(t− τ) is a delayed version of
y. Even though the correlation function is used in signal processing it has not
been used for CA studies. In CA studies only the correlation coefficient without
delay or with a delay of 10s is used. This value represents the delay between
MABP and NIRS measurements due to cerebrovascular transit time [81].

Since a positive correlation, as well as a negative correlation, indicates a pressure
passive cerebral blood flow, the absolute value of the correlation coefficients
is usually used in the literature as a score for cerebral autoregulation. High
correlation values indicate a strong coupling between the dynamics of MABP
and CBF, which suggest that the subject is outside the autoregulative plateu
or that the subject does not possess an autoregulative plate as indicated in
figure 1.1. Low correlation values, on the other hand, suggest that the subject
autoregulates properly. However, correlation values should be interpreted
carefully, as indicated in the figure 1.1 the slope between MABP and CBF
in the autoregulative region is not zero; which, in presence of high signal to
noise ratio might produce high correlation values. In addition, some studies
have indicated that a negative correlation is a sign of a proper autoregulation
mechanism, however there is no strong evidence to support this claim in the
literature [200].

2.1.2 Coherence

Coherence can be interpreted as the equivalent form of correlation in the
frequency domain. Coherence values vary between 0 and 1 and are frequency
dependent. Each value of the coherence function represents the strength of
the relation between the signals for a particular frequency component. The
coherence function is then estimated by the following equation:

Cxy(f) = |Gxy|2

GxxGyy
(2.3)
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where Cxy(f) represents the coherence coefficient between x and y at the
frequency f . Gxy represents the cross power spectral density between the
signals x and y, Gxx and Gyy represent the power spectral density for x and y,
respectively.The cross power and power spectra represent the power distribution
of the signals in the frequency domain.

Normally, the Welch method is used to estimate the cross power spectral
and power spectral densities[232]. This method assumes that the signals are
stationary, which means that the statistical properties of the signals do not
change in time. Because of this assumption the bias and variance, implicit in
spectral density estimation, are reduced. The Welch method works as follows:

• Consider the signal x ∈ RN . The signals is divided in p overlapping
segments xa for a = 1, . . . , p

• For each segment xa the power spectrum is computed using the following
formula:

Pxa(ω) = Xa(ω)∗Xa(ω) (2.4)

where Pxa(ω) represents the power spectrum for the segment a, ω = 2πf
represents the angular frequency measured in rad/sec, ∗ represents the
complex conjugate, and X(ω) is the continuous Fourier transform of the
signal x. The Fourier transform of the signal x is defined as follows:

X(ω) =
∫ ∞
−∞

x(t)e−jωtdt (2.5)

• Calculate the power spectral density of the signal x(t) as the mean value
of the power spectral densities computed previously, as follows:

Px(ω) = 1
p

p∑
i=1

Pxa(ω) (2.6)

In the Welch method as the number of segments increases the spectral density
average converges to its real value. However, in practice, the number of windows
must be limited due to the finite sampling frequency and data length. Under
conditions of stationarity, the use of consecutive segments with an overlapping
higher than 50% does not improve the estimation of the power spectrum.
Therefore, in practice an overlapping of 50% is used [232].

Coherence is also restricted to linear analysis and only provides information
about the strength of the linear relationship between the signals. Nonlinear
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relationships can produce misleading results. On the other hand, the condition
of stationarity is not always satisfied. Normally, biological processes are highly
non-stationary hence a bias in the spectral density estimation should be expected.
In contrast with correlation, coherence takes into account the phase shift or
delay between the signals.

2.1.3 Partial Coherence

Partial coherence has been recently introduced for cerebral autoregulation
assessment. The main advantage of this method over the classical coherence
analysis, is that it is able to subtract the influence of a third signal in the
calculation of the coherence values [193]. When using NIRS signals as a
surrogate measurement for CBF only segments with relatively constant arterial
oxygen saturation (SaO2) can be used. Variations in SaO2 are reflected in NIRS
signal, therefore, coherence values between MABP and CBF might be affected
by such variations. Altered coherence values does not reflect the real common
dynamic between MABP and CBF but a parasite effect introduced by the SaO2.

Consider the signals x1, x2 and x3, the partial coherence between x1 and x2 is
computed after eliminating the linear influence of x3 in both signals in a least
squares sense [119]. Let’s take as reference the signals x1 and x2 and remove
the influence of x3 from them:

X†1 = X1 − P13
P33

X3

X†2 = X2 − P23
P33

X3
(2.7)

where Xi represents the Fourier transform of xi, X†i is the clean spectrum of
xi, Pij is the cross-power spectrum of the signals xi and xj , and Pii represents
the power spectrum of the signal xi.

From the new “clean” spectrum presented in (2.7), the power spectrum can be
calculated, this leads to the following equations:

P †11 = P11 − |P13|2
P33

= P11(1− C13)
P †22 = P22 − |P23|2

P33
= P22(1− C23)

(2.8)
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where Cij represent the coherence between the signals xi and xj . If the signals
xi and xj are linearly related, this influence is subtracted from their spectrum.
With the clean signals the partial coherence between x1 and x2 is computed as
follows:

C†12−3 = |(X
†
1)∗X†2 |2

P †11P
†
22

(2.9)

where ∗ represents the complex conjugate.

2.1.4 Transfer Function

Transfer function analysis is derived from system theory where the transfer
function describes the relationship between the input-output of a system. Let’s
consider the system represented by the transfer function H(ω), the input x(t)
and the output y(t). In the frequency domain, the relation between input and
output can be represented as:

Y (ω) = H(ω)X(ω) + E(ω) (2.10)

where X(ω) and Y (ω) represent the Fourier transform of the input and the
output time series, respectively; and E(ω) represents the residual spectrum that
is uncorrelated to the input X(ω).

Figure 2.1 shows how the transfer function works. In this Figure the input
signal is decomposed as a sum of sinusoids of different frequencies, amplitudes
and phases. The transfer function acts on each sinusoid to compute the output
of the system. For each sinusoid the system retrieves a sinusoid of the same
frequency with a modified amplitude and phase. The output of the system is
obtained by adding up all the modified sinusoids. From the transfer function,
the gain and phase can be computed. The gain of the transfer function, for
a given frequency, is equal to the ratio between the amplitude of the output
and the amplitude of the input sinusoid, a2/a1. The phase is computed as the
difference between the phase for the output and the input sinusoid, θ2 − θ1.

Based on (2.10), if the transfer function H(ω) is known, the output of the
system to any input can be estimated. Therefore, the transfer function contains
all the information needed to represent he system. In the system identification
framework, the transfer function is calculated by means of black-box models
[126]. These models are called black-box since the physical model that explains
the system is unknown, and only measurements of the input-output are used to
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Figure 2.1: Basic representation of the relation between input-output of a
system. The input of the system can be seen as a sum of sinusoids with different
frequencies, amplitudes a, and phase θ. The system with transfer function H(ω),
retrieves for each sinusoid of frequency ω a sinusoid of the same frequency but
with a different amplitude and phase. The output of the system can be seen as
the sum of the modified sinusoids.

find it. Traditionally, two different approaches exist to address this problem:
the parametric and the non-parametric one.

In the parametric approach, the data is fitted to a mathematical model [126].
Normally, this model is of the form of a linear differential equation with constant
coefficients, where the coefficients are the unknown parameters that are to be
found, in a least squares sense, in order to fit the observed data. There are
several restrictions to this approach. First of all, a mathematical model should
be assumed; results depend strongly from this selection. Secondly, due to
the fact that the model selected is not based on the physical modeling of the
mechanism involved in the real system, the model is difficult to interpret. Hence,
no physiological information can be extracted from the parameters defining
the obtained transfer function. Although a physiological model can be used as
starting point for the identification framework, the tuning of the model can be
computationally expensive, which is not appealing in a clinical environment.
Finally, the model is assumed to be linear. Nonlinearities will not be explained
by the model and can produce misleading results.

From equation (2.10), the transfer function can be obtained as:

H(ω) = Y (ω)
X(ω) (2.11)
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however, a more robust estimation is obtained by means of the power spectrum.
In this approach no mathematical model is imposed and the system is represented
by a vector in the frequency or time domain. The frequency vector is computed
as follows:

H(ω) = Gio(ω)
Gii(ω) (2.12)

where H(ω) represents the system transfer function, Gio(ω) and Gii(ω) are the
input-output cross power spectral density and the input power spectral density,
respectively. If the inverse Fourier transform is applied to the transfer function
H(ω), the time series h(t) is obtained. h(t) is known as the impulse response of
the system. The input-output relationship of the system can also be represented
in the time domain by using h(t) as follows:

y(t) =
∫ t

−∞
x(τ)h(t− τ)dτ + e(t) (2.13)

Equation (2.13) is called convolution equation and is the time domain equivalent
of equation (2.10).

The non-parametric approach is more flexible than the parametric one, since
no model is imposed to the system. In order to estimate the cross power and
power spectral densities, the Welch method is used as in the calculation of the
coherence [232, 126]. Therefore, the same restrictions of stationarity should be
taken into account. Transfer function produces complex values from which the
gain and the phase of the transfer function can be calculated.

The gain of the transfer function represents the strength of the relationship
between the system input and output and is computed as follows:

Gain(ω) =
√
<(H(ω))2 + =(H(ω))2 (2.14)

where <(H(ω)) and =(H(ω)) represent the real and imaginary part of H(ω).

In contrast with the correlation and the coherence coefficients that only measure
the presence of a linear relationship, transfer function, particularly the gain,
provides information about the strength of this relation. Hence, a high gain
value implies a high variation in the output driven by a small variation in the
input, while a small gain implies a low variation in the output driven by a big
variation in the input. This property of the gain is of great interest for the
analysis of cerebral autoregulation as the cerebral autoregulation plateau is not



TRADITIONAL METHODS 37

completely flat but presents a small inclination as shown in figure 1.1. This
inclination in the autoregulation curve can lead to high values of correlation
and coherence but will produce small gain values.

On the other hand, the phase represents the delay between the input and the
output for each frequency component and is calculated as follows:

Phase(ω) = ∠H(ω) = tan−1
(=(H(ω))
<(H(ω))

)
(2.15)

The transfer function represents one of the most important tools for system
analysis. The power of transfer function analysis resides in the fact that all
continuous signals can be represented as an infinite sum of sine and cosine
functions of different frequencies, amplitudes and phases. From (2.10) it can be
seen that the output of a system at a particular frequency ωi can be estimated
as the product of the transfer function at that frequency, H(ωi), and the Fourier
transform of the input at that frequency,X(ωi). In terms of gain and phase
values it means that the output at a frequency ωi is equal to the product of the
input at that frequency with the respective gain value , with a delay given by
the phase at that frequency Y (ωi) = X(ωi + Phase(ωi))Gain(ωi). Figure 2.1
illustrates this property.

Discrete signals

Coherence and transfer function analysis have also been formulated in the
context of discreet time signal processing. In this framework, the Fourier
transform needs to be defined in discrete time. The discrete Fourier transform
(DFT) is computed as follows:

X[k] =
N∑
n=1

x[n]e
−j2πkn

N (2.16)

where, x[n] represents a discrete signal, n indicates the sample number, X[k]
represents the DFT of x[n], and k is an integer that is related to the frequency.
The relation between k and the normalized angular frequency ω is given by:
ωk = 2kπ/N , where ωk, for {k = 1, . . . , N} is the frequency related to the kth

component in X[k]. Coherence, and transfer function values can be computed
from discrete signals using the DFT.
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2.1.5 Cerebral autoregulation assessment

In clinical research, analysis of the common dynamics between MABP and
CBF has been used in order to determine the status of cerebral autoregulation.
High correlation, coherence and gain values are interpreted as impaired cerebral
autoregulation, since they indicate a strong linear coupling between both signals.

Classically, the autoregulation mechanism has been thought as an on-off process.
However, recent evidence indicates that autoregulation is a more complex
process, and the question is not anymore whether the patient autoregulates but
how much the patient does it [77], i.e. the level or degree of autoregulation.
Correlation and coherence values are useful in order to detect the presence of
a linear dependency between MABP and CBF, however they cannot provide
information about the strength of this relation. Transfer function gain provides
such information, which makes it a promising score for cerebral autoregulation.
However, transfer function scores are only meaningful when the coherence
values are high. Some authors have proposed the combined use of coherence
and transfer function values in order to determine if the patient autoregulates
and how much (s)he autoregulates [81]. Even though the results provided by
these methodologies are promising they lack of precision and are not suitable
for online monitoring [81].

Phase values, are analyzed differently. Perfect cerebral autoregulation is
represented by a large phase difference between MABP and CBF. While impaired
cerebral autoregulation produces smaller phase differences, this is an indication
of a more pressure passive CBF. When analyzing phase values, literature studies
have focused on phases differences at 0.1Hz since they have shown the best
results differentiating between impaired and normal autoregulation [50]. There
is no physiological explanation for the selection of this particular frequency.
However, these results may be related to the Mayer waves. Mayer waves are
oscillations of arterial pressure occurring that occur spontaneously at a frequency
around 0.1 Hz. They might be generated by oscillations in baroreceptor and
chemoreceptor reflex control systems; however, their physiological origin is still
unclear [100]. Since spontaneous variations in MABP are not strong enough
[82], the influence of the Mayer waves around this frequency might result in an
increased signal-to-noise ratio (SNR) for the calculation of the transfer function.

2.2 Wavelet Based Transfer Function Analysis

Wavelet transform is a mathematical tool that provides an optimal representation
of a signal in the time-scale domain. In contrast with Fourier analysis, wavelet
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provides a framework to study non-stationary signals. An introduction to
wavelet analysis can be found in any of the following texts [226, 44, 33].

2.2.1 Wavelet Transform

Consider a continuous function f(t), its wavelet transform, F (a, b), is given by:

F (a, b) = 1√
|a|

∫ ∞
−∞

f(t)Ψ∗( t− b
a

)dt (2.17)

where Ψ represent the mother wavelet, ∗ is the complex conjugate, b represents
the translation coefficient in time and a is a scaling factor. The properties of the
wavelet transform are given by the selection of the mother wavelet Ψ. Wavelet
analysis can be performed using complex and real valued wavelet functions.
When using complex valued wavelets the magnitude and phase of the wavelet
transform can be used in a similar way as in Fourier analysis. In Figure 2.2,
different wavelet functions are shown.

Wavelet functions are located in time and frequency. Their location in frequency
is changed by the scaling factor a which is responsible of shrinking or expanding
the mother wavelet function. Shrinking the wavelet function moves its frequency
content to a higher frequency band and also increases its bandwidth. Expanding
the wavelet function will move its frequency content to a lower frequency band
and will reduce its bandwidth. The location in time of the wavelet function is
changed by the translation coefficient b. The time and frequency localization
of the wavelets is what make them suitable for the analysis of nonstationary
signals.

Even though a wavelet transform does not provide directly a time-frequency
representation, an approximation can be obtained due to the relation between
scale and frequency. As mentioned before, wavelet functions are localized in
frequency, the power spectrum of a wavelet function is located around a central
frequency f0. This central frequency can be used to describe the frequency of
the wavelet for a scaling factor a = 1. For a > 1 the frequency content of the
wavelet function is moved to lower frequencies, an intuitive way of calculating
the new central frequency of the expanded wavelet function is f = f0

a , where
f is normally called a pseudo-frequency. It is important to note that f only
represents the central frequency of the wavelet function at a scale a. In Figure
2.3 the time and frequency content of the Morlet wavelet for different scales is
shown.
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Figure 2.2: Example of complex and real valued wavelet functions. For the
complex-valued wavelet functions the solid line represents the real part while
the dashed line represents the imaginary part. The x-axis represents the support
of the wavelet functions. The support is defined as the set of points where the
function is not zero-valued.

2.2.2 Wavelet Power Spectrum

The power spectrum of a function f(t) can be calculated as |F (ω)|2, where
F (ω) represents the Fourier transform of the signal. This power spectrum is
a representation of the contribution in power of each frequency contained
in the original signal to the total power of the signal. In the presence
of nonstationarities this contribution changes in time. Therefore, a more
appropriate representation of the power spectrum should be given using a
time-frequency approach [213].

In order to overcome the problems of nonstationarities the concept of power
spectrum can be extended to the wavelet domain. The wavelet power spectrum
of a signal can be computed as:
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Figure 2.3: Time and frequency content for the Morlet wavelet using different
scale values. From top to bottom a = 0.5, 1 and 2. As the scale factor increases,
the wavelet expands in time, which moves its spectral content to lower frequencies
and decreases its bandwidth. This increases the frequency resolution but
decreases the time resolution. For a better visual inspection the x-axis for the
time series and the power spectral density was fixed.

P (a, b) = |F (a, b)|2 (2.18)

where F (a, b) represents the wavelet transform of the signal, computed using
equation (2.17).

When using a complex-valued mother wavelet, the power spectrum in (2.18)
can be calculated using the equivalent formulation P (a, b) = F (a, b)∗F (a, b),
where ∗ represents the complex conjugate. The wavelet spectrum can be used
to compute the scalogram of the signal. The scalogram is the wavelet equivalent
of the spectrogram. The spectrogram is a visual representation of the changes
in time-frequency in a signal, which is constructed using the Fourier transform
in consecutive segments of a nonstationary signal [154].
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2.2.3 Wavelet Cross-power Spectrum

The cross-power spectrum in the wavelet domain can be found by an extension
of the concept of power spectrum from Fourier analysis to wavelet analysis [213].
In Fourier analysis, the cross-power spectrum provides a representation of the
power shared by two functions in the frequency domain.

Consider the functions f(t) and g(t), with Fourier transforms F (ω) and G(ω)
respectively. The cross-power spectrum of the two series is defined as:

P (ω) = F (ω)∗G(ω) (2.19)

By extension of (2.19), the wavelet cross-power spectrum of those two functions
is calculated as:

P (a, b) = F (a, b)∗G(a, b) (2.20)

where F (a, b) and G(a, b) represent the wavelet transform of f(t) and g(t)
respectively.

The wavelet cross-power spectrum provides a representation of the common
power between the two signals in time and frequency. This representation allows
to detect changes in the common dynamics between the two signals, providing
a base for the analysis of nonstationary systems.

In addition to wavelet cross-power spectrum, wavelet cross correlation (WCC)
represents the cross-spectral power in two time series (shifted relative to each
other by τ) as a fraction of the total power in the two time series [182]. Consider
two time series x and y with wavelet transform Fx and Fy, respectively. The
normalized WCC between the signals x and y is computed using the following
equation:

WCC(a, τ) = |RX,Y (Fx, Fy, a, τ)√
|RX,X(Fx, a, 0).RY,Y (Fy, a, 0)|

(2.21)

where RX,Y (Fx, Fy, a, τ) represents the cross-correlation of the wavelet
coefficients between the time series x and y at the scale a and a time shift τ ;
and RX,X(Fx, a, τ) and RY,Y (Fy, a, τ) represent the autocorrelation of the time
series x and y at a scale a and time shift τ .

In this context, Rowley et al evaluated the use of wavelet cross-correlation
(WCC) for the analysis of the relation between MABP and ∆HbO2 in patients
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suffering from autonomic failure and age-matched controls [182]. They found
Statistically significant differences in the WCC values induced by posture change
in patients, but no in controls. In addition, they suggested that for a short-
duration clinical test previous transfer-function-based approaches may suffer due
to the inherent nonstationarity of low-frequency oscillations that are observed
in the resting brain. This findings suggest that wavelet based techniques are
more suited to be used in the monitoring of cerebral hemodynamics.

2.2.4 Wavelet Coherence and transfer Function

The wavelet coherence is an extension of the concept of coherence in Fourier
analysis [79, 213, 102]. Wavelet coherence values change between 0-1, where
1 indicates perfect linear coupling between two signals, while 0 represents the
absence of linear coupling. Wavelet coherence can be computed as follows:

C2(a, b) = |F (a, b)∗G(a, b)|2

(F (a, b)∗F (a, b))(G(a, b)∗G(a, b)) (2.22)

where F (a, b) and G(a, b) represent the wavelet transform of f(t) and g(t),
respectively.

However, the wavelet coherence values given in (2.22) produce values equal
to 1. This is due to the fact that there is no spectral smoothing involved in
the computation of the wavelet power spectrum [79, 213]. Coherence values
computed using the Fourier transform, calculate the cross-power and power
spectrum of the signals using the Welch method. This method smooths the
spectrum by computing an average of different realizations of the process
under study. When using the wavelet transform, the signal under analysis
is considered non-stationary, therefore using the Welch method can produce
misleading results. However, by introducing a smoothing operator S(.), in scale
and time, the wavelet spectrum can be smoothed. This operation will reduce
the coherence values in segments with no spectral coupling, but will spread
the influence of coupled segments in the time-frequency domain. The wavelet
coherence using the smoothing operator can be computed as follows:

C2(a, b) = |S(F (a, b)∗G(a, b))|2

S(F (a, b)∗F (a, b))S(G(a, b)∗G(a, b)) (2.23)

In order to select an appropriate smoothing operator the characteristics of the
mother wavelet should be taken into account. A suitable smoothing operator
for the Morlet wavelet is given by:
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S(P ) = Sscale(Stime(P (a, b)))

Stime(P )|a =
(
P (a, b)c

−t2

2a2
1

)
Sscale|b = (P (a, b)∗c2

∏
(0.6a))

where c1 and c2 are normalization constants and
∏

represents a rectangular
function.

Using the smoothing functions S(.) the concept of transfer function in the
Fourier domain can also be extended to the wavelet domain. By using the
definition of transfer function presented in (2.12), the wavelet based transfer
function (WBTF) can be computed as:

H(a, b) = |S(F (a, b)∗G(a, b))|2

S(F (a, b)∗F (a, b)) (2.24)

In case a complex wavelet is used to compute the power spectrum the derived
transfer function will be a complex function, where its absolute value is the
gain of the transfer function and the angle represents the phase.

Gain =
√
<(H(a, b))2 + =(H(a, b))2 (2.25)

Phase = ∠(H(a, b)) = tan−1 =(H(a,b))
<(H(a,b))

Example

Let’s consider a system described by the following difference equation:

a1y[n] = b1x[n] + b2x[n− 1]− a2y[n− 1] (2.26)

where n represents the sample number, and a1, a2, b1, b2 represent the
coefficients of the filter. By assigning different values to the filter coefficients,
the characteristics of the system can be changed. Assume that this system
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Figure 2.4: Input and output signal of the systems described in equation (2.26).
The bottom Figure presents the profile of the changes in the system coefficients
b1 and b2, the coefficients a1 and a2 were kept constant as indicated in Table
2.1. The low pass and high pass filter regions were indicated in the figure by
LF and HF respectively.

varies in time, its behavior changes between a low-pass and a high-pass filter.
Consider the cut-off frequency fc = 0.1fs, for both the low and the high pass
filter, where fs represents the sampling frequency. The corresponding filter
coefficients for this fc are shown in Table 2.1. The output of the system is
computed using as input a random signal of 1000 samples and initial conditions
set to zero. The system coefficients are changed in time in order to fluctuate
from a low-pass to a high-pass filter characteristic. The profile of these changes
is depicted in Figure 2.4.

a1 a2 b1 b2
Low-pass Filter 1 -0.5095 0.2452 0.2452
High-pass Filter 1 -0.5095 0.7548 -0.7548

Table 2.1: Filter coefficients for the Low-pass and High-pass Buttherworth filter

As indicated in Figure 2.4 the system behaves as a low-pass filter between the
samples (0-200) and (500-900), and it behaves as a high pass filter between
the samples (200-500) and (900-1000). In Figure 2.5 the gain and phase of
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Figure 2.5: Wavelet based transfer function gain and phase for the system
described in equation (2.26). The Figure shows the changes from low-
pass to high-pass filter profile in the system. It is important to note the
inverse relationship between frequency and scale. The cut-off frequency 0.1fs
corresponds approximately to the 10th scale.

the WBTF are shown. It is important to notice the inverse relation between
scale and frequency. In addition, wavelet coefficients at a specific scale does not
represent a single frequency component but a frequency band. In order to be able
to interpret the results provided by the wavelet transform in terms of frequencies
instead of scales, a pseudo-frequency has to be assigned to each wavelet scale.
This pseudo-frequency can be computed as follows: fp = f0fs/scale, where fp
is the pseudo-frequency corresponding to the specified scale, f0 is the central
frequency of the mother wavelet, and fs is the sampling frequency. The WBTF,
for this example, was computed using a complex Morlet as mother wavelet, with
central frequency f0 = 1.5Hz and a bandwidth of 1Hz. With these settings, the
cut-off frequency of the filters is located around the 10th scale. This example
shows clearly the advantages of the use of the wavelet based transfer function
in the study of nonstationary signals.
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Feature extraction

One of the main problems of wavelet analysis is that it provides an abundant
amount of information. Due to this problem its application in clinical monitoring
is not appealing. However, it is possible to condense the information contained
in the WBTF by means of appropriate processing. In this thesis, two approaches
will be used: the temporal and frequency profiles, and the mean gain and phase.

Temporal and spectral profiles: WBTF can be used in order to compute the
frequency and time profile of the changes in the system. On one hand, by
calculating the mean along the time axis, a profile of the system frequency
response, similar to the one obtained by Fourier analysis, can be found. However,
if many changes in the spectral characteristics of the system are present in the
segment under analysis, this mean average won’t provide useful information.
On another hand, if the mean is computed along the scales axis a mean profile
of the changes in the system in time is given. Similarly to the case mentioned
before, if several changes are presented in the scales under analysis this won’t
provide useful information. In Figure 2.6 the frequency and time profile for the
changes in the system used in the previous subsection are shown. As it can
be seen the frequency profile does not provide useful information about the
nature of the system, while the time profile is able to identify the changes in
the system. Four different regions can be identified in the time profile shown
in Figure 2.6. If an average along time in each one of this segments is used, a
better estimation of the system behavior during these segments can be obtained.
Figure 2.7 shows the spectral characteristics of the system in the 4 different
regions indicated by the time template. It is clear from the Figure that by
including the information given by the temporal profile, the low-pass and high
pass characteristics of the system were retrieved. Even though this analysis
reduces the amount of information obtained from WBTF analysis, it is still far
from clinical practice. However, from the temporal profiles is possible to extract
more information, such as the standard deviation, the power, among others.

Mean gain and phase: Wavelet cross-power spectrum and coherence have been
widely used in the analysis of geophysical data. In [213] the wavelet cross-power
spectrum and coherence were analyzed by finding the regions in the time-scale
representation of the signal where the cross-spectral power was significant. This
was done by comparing the wavelet cross-power spectrum of the time series
against the wavelet cross-power spectrum of the background noise. The mean
average of the phases in those regions was calculated as indication of the coupling
between both signals. This methodology can be extended to the analysis of
the WBTF, where the average is computed in the gain and phase coefficients
with significant cross-power spectrum. Notice that the phase of the cross-power
spectrum is identical to the phase obtained from the WBTF.
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Figure 2.6: Frequency and temporal template for WBTF of the system described
in (2.26). As can be seen the frequency template does not provide relevant
information about the system, while the temporal template is more informative
about the changes in the system.

2.2.5 Discrete Wavelet Transform

The continuous wavelet transform provides an abundant amount of redundant
information. By computing the wavelet coefficients using a dyadic scale a more
efficient computation of the wavelet transform can be obtained. A dyadic scale
is formed by using the scales equal to powers of 2, a(i) = 2i for i = 1, . . . , L,
where L denotes the level of decomposition. This new formulation represents
the discrete wavelet transform (DWT). The DWT is closely related to multi-
resolution analysis where the signal is decomposed in a series of signals obtained
by applying an appropriate low-pass and high-pass filter. In the frequency
domain this decomposition divides the frequency content of the signal in two
different frequency bands. In the DWT the characteristics of these filters are
given by the selection of the mother wavelet.

In the DWT one level of decomposition is achieved by low and high pass
filtering the input signals and decimating the output of the filters by a factor of
2, generally the low pass filters are represented by h[n] and the high pass filter
by g[n]. This decimation of the filtered signals reduces the amount of redundant
information produced by the decomposition. The coefficients obtained from the
low pass filter are called the approximation coefficients, while the ones obtained
from the high pass filter are called the detail coefficients.
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Further levels of decomposition are achieved by repeating this procedure to
the filtered signals. When this decomposition is done consecutively in the
approximation coefficients the wavelet decomposition tree is obtained. In Figure
2.8 a schematic representation of the wavelet decomposition tree is shown.
The input sequence x[n] is filtered by the low-pass and high-pass filters, g[n]
and h[n], the output of the filters is decimated, one of each 2 samples is kept.
The decimated output of the high-pass filter is filtered again using the same
procedure. If the output of the filters is not decimated, the signal can be
reconstructed just by adding the outputs of the high-pass filter and the output
of the last low-pass filter. Each one of these signals is orthogonal, since they
represent different frequency bands. Figure 2.9 displays the frequency band for
the filters at each stage in the three level decomposition tree shown in Figure
2.8.

Figure 2.8: Schematic representation of a three-level DWT decomposition. h[n]
and g[n] represent the high-pass and low-pass filters used in the DWT.

Figure 2.9: Frequency band representation for the filters in the three level
decomposition shown in Figure 2.8.
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In order to obtain the original signal from the approximation and detail
coefficients, an inverse procedure should be performed, this is called
reconstruction. Signal processing techniques such as filtering and compression,
manipulate the detail coefficients of the signals in order to eliminate undesired
information or to obtain a more compact representation of the signal.

Filtering using wavelets is achieved by reconstructing the original signal after
thresholding or elimination of some of the approximation and detail coefficients.
In Figure 2.10 the 4th level decomposition of a signal using the DWT is shown.
In order to have a better interpretation of the DWT, the approximation and
detail coefficients were not decimated, therefore, the detail and approximation
coefficients represent the outputs of the filters for each level of decomposition.
In this example one measurement of the changes in tissue oxygenation index
(TOI) in one neonate was used. The TOI is decomposed in different signals
each one representing a different frequency band. It can be clearly seen
that the approximation coefficients represent the lowest dynamics, while the
detail coefficients represent faster dynamics. The dynamics of the first detail
coefficients are faster than the dynamics of details in deeper levels. In order to
filter the input signal, the first detail coefficients were set to zero, since they
represent mostly noise measurement. In addition, a thresholding operation was
performed to the detail coefficients from the levels 2 to 4. The threshold should
be set in order to detect outliers in the distribution of the details coefficients.
Assuming that the detail coefficients are normally distributed, the threshold
is set to ±3 times the standard deviation of the corresponding detail. Values
of the detail coefficients higher or lower than the threshold were set equal to
the threshold. The selection of the thresholding operation done in this example
is just illustrative. More refined criteria can be used in their selection. The
filtered TOI signal, computed as the sum of the approximation and modified
detail coefficients, is presented in Figure 2.11. From the filtered signal it can be
seen that slow and fast oscillations were preserved, while discontinuities were
smoothed.

As shown in Figure 2.10, a signals can be decomposed using the DWT without
decimating. This corresponds to a reconstruction procedure where all the
coefficients are set to zero, except the ones of interest. By doing this over
the complete set of coefficients, the original signals is decomposed in a set of
sub-signals of the same length, where each sub-signal represents a different
frequency band. This approach will be used in the section 2.4 to increase the
dimensionality of the subspaces defined by the signal. In addition, all the
concepts discussed in this section, such as the wavelet coherence, cross-power
spectrum and transfer function can also be applied using the DWT.
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Figure 2.10: Decomposition of the changes in TOI using DWT. From top to
bottom, Original signal, approximation coefficients, Detail coefficients for levels
4, 3, 2 and 1. The dashed line represent the threshold used for the detail
coefficients 2-4.
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2.3 Canonical Correlation Analysis

2.3.1 Introduction to CCA

Canonical Correlation Analysis (CCA) is a statistical methodology that allows
to analyze multidimensional datasets. CCA was first described in [92]. CCA can
be seen as an extension to normal correlation analysis, in which the closeness
between two multidimensional datasets, instead of vectors, is analyzed by means
of canonical angles. Consider the set of vectors xi ∈ Rnx and yi ∈ Rny with
i = 1, 2, . . . , N and N � nx + ny, stored row-wise in the matrices X ∈ RN×nx

and Y ∈ RN×ny . CCA decomposes these matrices in different projected
variables zx = Xω and zy = Y v, where ω ∈ Rnx and v ∈ Rny , such that
the correlation between them is maximized. In this context the CCA problem
consists in finding the vectors ω and v that maximize the correlation between
the projected variables. This problem is stated as follows:

max
ω,v

ρ = ωTCxyv√
ωTCxxω

√
vTCyyv

(2.27)

where Cxx = XTX, Cyy = Y TY represent the autocorrelation matrix of X and
Y and Cxy = XTY represents the cross-correlation matrix between X and Y .
If the columns of X represent a set of independent variables and the columns
of Y represent a set of dependent variables, CCA can be used to investigate the
interrelation between each set of variables. This is achieved by analyzing the
relationship between zx and zy. CCA determines how strongly the variables
in the independent/dependent dataset are related. In addition CCA provides
information about which independent variables explain most of the variation in
the dependent dataset, as well as information about the amount of variance in
the dependent dataset explained by the independent variables.

The CCA problem in (2.27) can be reformulated as the following optimization
problem:

max
ω,v

ωTXTY v

subject to ωTXTXω = 1

vTY TY v = 1

(2.28)

The solution of this problem produces the first pair of canonical variates ω1 and
v1. The rest of the variates can be found by solving again (2.28) and imposing
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that the new variates are orthogonal to the ones previously found. An equivalent
solution is given by solving the following eigenvalue problem:

XTY vj = λjX
TXωj (2.29)

Y TXωj = αjY
TY vj

for {j = 1, 2, . . . , r} with r = min(rank(X), rank(Y )).

2.3.2 Interpreting CCA

CCA can be seen as a multilinear regression where the independent and the
dependent datasets are multidimensional [6, 4]. In this framework CCA is related
to Partial Least Squares (PLS). The general idea of CCA is to decompose both
datasets in functions called canonical variates. These canonical variates are
orthogonal and each pair has maximum correlation.

CCA produces the following outputs:

1. Canonical correlation coefficients (ρ): These are the correlation coefficients
between corresponding canonical variates in the independent and
dependent dataset, they are computed as the correlation between zx
and zy. These coefficients are maximal for the first pair of canonical
variates and decrease as more canonical variates are generated. This is
due to the fact that the first linear transformation of the data maximizes
the correlation between the first canonical variates, this information is
then extracted from the original dataset leading to more uncorrelated
residuals. The canonical correlations are equivalent to the eigenvalues

2. Left and right Canonical vectors: These are the vectors used to transform
the original dataset in order to generate the canonical variates. In equation
(2.29) they are represented by the vectors ωj and vj for j = 1, 2, . . . , r
with r = min(rank(X), rank(Y )).

3. Canonical variates: They are functions generated by a linear transforma-
tion of the independent and dependent dataset. They are represented by
the variables zx and zy.

In order to analyze the results that CCA produces, some considerations should
be taken into account. CCA looks for a linear transformation of the variables
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in the independent and dependent dataset in such a way that the correlation
between the generated canonical variates is maximized. This does not imply that
the right and left canonical vectors (ω,v) represent a measure of the influence on
the dependent dataset of the corresponding variable in the independent dataset.
In addition, the canonical correlations only measure the explained variability
between canonical variates. Therefore, conclusions cannot be drawn just based
on these two parameters.

By using the canonical variates and the canonical correlations, the concept of
loading, cross-loadings and redundancy coefficients can be introduced. Loading
coefficients are the correlation between the variables of one dataset and the
generated canonical variates corresponding to the same dataset. They are
computed as follows:

lj,xi = xTi (zx)j
|xi|22|(zx)j |22

(2.30)

where (zx)j represents the jth canonical variate of X and xi represents the ith

column of X. Loading coefficients for Y are computed in the same way. The
loading coefficients indicate how well the variations in the canonical variates
are related to the variations of a particular variable. Highly correlated variables
and canonical variates will produce high loading coefficients.

On the other hand, cross loading coefficients are defined as the correlation
coefficient between the variables of the independent/dependent dataset and the
canonical variates in the dependent/independent dataset. They are computed
as follows:

Clj,xi = xTi (zy)j
|xi|22|(zy)j |22

(2.31)

where (zy)j represents the jth canonical variate of Y . Cross loadings for the
dependent variables in Y can be found in the same way. Cross-loadings can
be used to find which independent variables are more linearly related with the
variations in the dependent dataset.

However, since several canonical variates are produced, it is difficult to select
the most representative ones. Several approaches can be taken. The most
straightforward approach is to select the canonical variates with the highest
canonical correlations. However, this can produce misleading results since the
canonical variates are computed by maximizing the correlation among them.
Therefore, the first pair of canonical variates may not be enough to explain the
variance in the dependent variables, and other canonical variates may contain
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relevant information. In order to address this problem, the so-called index of
redundancy is used. The index of redundancy is the product of the mean value of
the squared loading values and the square of the canonical correlation coefficient
for the corresponding canonical variate. In simple words, it tells how the
variables in the independent/dependent dataset are related to the corresponding
canonical variates in the dependent/independent dataset. Redundancy indices
are computed as follows:

re2
j = ρj

[ 1
nx

nx∑
i=1

(xi(zy)j)2

|xi|22|(zy)j |22

]
= ρj

nx

nx∑
i=1

(Clj,xi)2 (2.32)

where ρj represent the canonical correlation between the jth pair of canonical
variates (zx)j and (zy)j . The redundancy indices computed as in (2.32) indicate
the amount of variance in the dependent dataset explained by variations in
the independent dataset. The total explained variance can be found using the
following equation:

σ2 = 1
r

r∑
i=1

re2
i (2.33)

using the information given by the redundancy indices the canonical variates
that explain most of σ2 can be selected for further processing.

In summary, CCA results should be analyzed as follows:

1. Select the canonical variates with the highest redundancy indices re2.

2. From those canonical variates use the loading and cross-loading coefficients
in order to draw conclusion about the relation between variables in the
dependent and independent datasets.

3. Do not use the right and left canonical vectors since they can produce
misleading results.

2.3.3 Visualizing the results from CCA

CCA provides an abundant amount of information which makes it difficult to
interpret. Two approaches can be followed in order to facilitate its analysis.
CCA results can be presented either in a way where the overall interactions
can be observed or by summarizing all the information provided in one single
score. For the first alternative, the results in this thesis will be presented using
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biplots or the total explained variance [209]. With the use of biplots the overall
interaction between the variables is observed, while the explained variance gives
an idea of the overall relation between the datasets in only one score.

Biplots: a biplot is a exploratory graph used in statistics. The biplots can
be used to look for relation between several variables in different datasets
by plotting the data using a common axes. In CCA a biplot can be created
using the canonical variates as axes. In order to represent the variables from
each dataset, the loading and cross-loading coefficients can be used. In CCA,
for example, the canonical variates for the dependent dataset can be used as
reference for the axes in the biplot. The variables in the independent dataset
can then be represented as a vector composed of the cross-loadings between
that variable and the respective axis (canonical variate), while the variables
in the dependent dataset are represented as a vector composed of the loading
coefficients. Since each variable in a biplot is represented as a set of correlation
values, all the vectors should be contained inside the unitary circle. Therefore,
a unitary circle can be drawn in order to facilitate visual interpretation. From
the biplots the relation between the variables is assessed just by looking how
close are the vectors that represent each variable. In addition, the dot product
between two vectors in a biplot represents the correlation between the two
variables that are represented by the vectors.

Explained variance: by computing the explained variance as indicated in
equation (2.33) a global assessment of the relation between both datasets
can be obtained. This value indicates the percentage of explained variance in
the dependent dataset driven by the variations in the independent variables.
The main drawback of this approach is that the information about the relation
between each independent variable and the variables in the dependent dataset
is lost. But by using this variable the results provided by CCA are simplified in
a single score, which is more suitable for clinical monitoring than using several
scores.

2.3.4 Example

Let’s consider the following independent/dependent datasets X = [x1, x2, x3]
and Y = [y1, y2, y3], constructed as follows:

x1 = sin(2πt) + 0.2η1 y1 = 0.5x1 + 0.2x2 + 0.1η4
x2 = sin(πt) + 0.2η2 y2 = η5
x3 = η3 y3 = 0.3x2 + 0.1η6

(2.34)
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where ηi for {i = 1, . . . , 6} represents normalized Gaussian noise. From this set
of variables the following conclusions can be drawn:

• The variables in the independent datasets are orthogonal.

• y1 is correlated with the variables x1 and x2 and it is orthogonal to the
variable x3.

• y2 is orthogonal to all the variables in the independent and dependent
dataset.

• y3 is correlated with the variable x2 and is orthogonal to the other
variables.

In Figure 2.12 the results of the CCA analysis using biplots are shown. In the
Figure the independent variables are plot in blue, while the dependent variables
are plot in red. The biplots were constructed using the three canonical variates
in order to produce a 3-dimensional representation of the relation between the
variables. In this Figure it can be seen that all variables in the X dataset are
orthogonal. In addition, variable y1 is close to the variables x1 and x2 indicating
a high correlation among them, while variable y3 is close to variable x2. Also it
can be seen that variable y2 is orthogonal to all the variables included in the
analysis. This is indicated by the small length of the vector representing that
variable.

The canonical correlations (ρ) and the redundancy indices (re) are displayed
in Table 2.2. Biplots are good to illustrate the structure of the relationship
between the variables. However, even though the information is summarized in
one Figure, it is still complex to interpret. By summarizing all the information
provided by CCA in the total explained variance σ2, it is known that about 50%
of the variance in the dependent dataset is explained by the variations in the
dependent dataset. This value also represents the amount of variance or power
transferred from the independent dataset to the dependent variables. This
can be seen as follows: the variance of the signals x1 and x2 is 0.7, therefore
the total contribution of those variables in the power of the dataset X is 1.4;
according to (2.34), the power in y1 and y3 transferred from x1 and x2 is equal
to 0.49 and 0.21 , respectively. Therefore, the total power transferred from the
dataset X to the dataset Y is 0.7, which is half of the total power in X and is
equal to σ2.
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1st Canon. Var. 2nd Canon. Var. 3rd Canon. Var.
canon. Corr. ρ 0.933 0.760 0.002
re2 0.330 0.166 0.000

Table 2.2: Canonical correlations ρ and redundancy indices re obtained from
the CCA of (2.34). The columns represent the different canonical variates.

2.4 Subspace Projections

2.4.1 Orthogonal subspace projections

An orthogonal projection matrix is a linear transformation that maps any vector
in RN to a subspace defined by a given basis. Consider the matrix A ∈ RN×m
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Figure 2.12: Results provided by CCA. The blue vectors represent the
independent dataset, while the dependent variables are represented by the
red vectors. The small length of the vector representing the variable y2 indicates
that this signal is orthogonal to the other variables in the analysis.
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composed of the vectors {s1, s2, . . . , sm}, with sk ∈ RN for {k = 1, 2, . . . ,m},
in its columns. Assuming that A is full rank (rank(A) = m, with N > m) the
vectors {s1, s2, . . . , sm} form a basis for the column space of A, C(A). Given
A, the orthogonal projection matrix can be found as follows:

P = A
(
ATA

)†
AT (2.35)

where P represents the projection matrix, and † is the pseudoinverse.

In a linear regression problem of the form y = Ax + ε,with A the regressor
matrix, the projection matrix P maps the vector y ∈ RN into C(A). The
projection of y onto C(A) is calculated as ŷ = Py. Its projection onto the
orthogonal subspace of C(A) is y⊥ = (I − P ) y. The matrix Q = (I − P ) is
also a projection matrix. Q maps any vector y ∈ RN onto the null space of ST ,
N(AT ). In this way y is decomposed in two orthogonal components ŷ and y⊥
with y = ŷ + y⊥.

In case that the basis vectors sk are orthogonal, ŷ can be decomposed in m
orthogonal components, each one related to a regressor vector sk. However,
in case that the regressor vectors are not orthogonal, an oblique projection is
needed. A more detailed explanation about projectors, orthogonal and oblique
can be found in [239]. Applications in signal processing can be found in [16].

2.4.2 Oblique subspace projections

An oblique projection, is a projection that is carried out along a reference
subspace onto a target subspace, where the reference and target subspaces are
not orthogonal. In case that the reference and target subspace are orthogonal
an oblique projector becomes orthogonal. Therefore, an orthogonal projection
is just a special case of oblique projections. In addition, in order to compute an
orthogonal projector only a basis for the column space of the target subspace
is needed, since the reference subspace can be found using the same basis.
However, oblique projectors need a separate basis for the reference and the
target subspace.

Let V ⊂ RN represent the subspace spanned by A, and Vk ⊂ V the subspace
spanned by a partition of A, Ak. If V = V1 ⊕ V2 ⊕ ...⊕ Vm, then the oblique
projector onto Vk along V(k) = V1⊕ ...⊕Vk−1⊕Vk+1...⊕Vm, denoted by Pk.(k),
is given by:
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Pk.(k) = Ak(ATkQ(k)Ak)†ATkQ(k) (2.36)

+Z[In − (Q(k)Ak)(ATkQ(k)Ak)†ATk ]Q(k)

where, Q(k) = IN − P(k), is the orthogonal projector onto N(V T(k)) and Z is any
arbitrary N ×N matrix.

By using oblique subspace projections the vector ŷ can be decomposed in m
components, each one related to a regressor vector sk.

2.4.3 DWT and projectors

Projection matrices are related to signal subspace filtering methods. The main
goal of these methods is to decompose a target signal in 2 components, one
that is related to the signal subspace and another one perpendicular to it.
These methods assume that the signal subspace is low-rank while the noise is
distributed along a larger subspace. Therefore, by defining a proper basis for
the signal subspace the level of noise in the target signal is reduced.

Signal subspace filtering is based on the Hankelization of the regressor matrix.
This procedure allows the computation of the covariance matrices for the noise
and the signal, and a low-rank approximation of the signal subspace. This
approach has been used in order to filter noise from speech signals [88]. A
Hankelization procedure consist of the following: consider a vector s ∈ RN . A
“Hankelization” of s consist in forming a square matrix B, with the following
relation in the matrix entries B(i,j) = B(i−1,j+1). To illustrate better this
concept, assume that s = [a1, . . . , a9], then the Hankel matrix will be equal to:

B =


a1 a2 · · · a5
a2 a3 · · · a6
...

...
. . .

...
a5 a6 · · · a9

 (2.37)

However, in the system identification framework the Hankelization procedure
can produce rectangular matrices, generating a block Hankel matrix as follows
[155]:
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B =


a1 a2 · · · a4
a2 a3 · · · a5
...

...
. . .

...
a6 a7 · · · a9

 (2.38)

the size of the matrix is controlled by the user. in this context, generally the
number of rows is larger than the number of columns.

Another representation of the signal subspace can be obtained by decomposing
each regressor using the DWT, as illustrated in section 2.2.5. This decomposition
allows to divide the signal in different frequency bands using a dyadic scale.
A block Hankel matrix can be obtained from this new regressor matrix, as
shown in equation (2.38), where each entry ai is now replaced by a row vector
containing the DWT coefficients of each regressor. Consider the regressor
matrix A = {s1, s2, . . . , sm}, lets compute the dth level DWT of each regressor
variable si, for i = {1 . . . ,m}. Now each regressor variable is decomposed in
d + 1 components. By replacing each regressor si in A by its decomposed
vector, the new regressor matrix Ad ∈ RN×(d+1)∗m is obtained. The regressor
matrix Ad can be further extended by a block hankelization procedure. The
block Hankel matrix, obtained from Ad, will have the following dimension
AH ∈ R(N−p+1)×p∗(d+1)∗m. The new regressor matrix AH will reduce the
influence of noise in the estimation, since the components related to noise will
be less representative in this matrix.

The subspace spanned by AH is larger than the one spanned by the original
regressor matrix A. This will increase the dimensions of the signal subspace.
The column space of AH can be subdivided in orthogonal subspaces representing
each frequency band obtained with the DWT of the regressors. By segmenting
the regressor subspaces in subspaces representing different frequency bands,
the original problem is relaxed, which allows to identify different relations
in different frequency bands between the regressors. On the other hand, by
appropriately defining the subspace spanned by each regressor variable, i.e. by
taking a partition of AH where only coefficients related to one regressor are
selected, a decoupling algorithm can be formulated. Therefore, in order to
decouple the influence of one of this regressors, that may be considered as noise,
its subspace can be used as a reference for an oblique projector. An algorithm
to decompose the influence of a signal in a number of components related to a
set of regressor variables is proposed in algorithm 1. In this algorithm Pk.(k)
denotes the projector onto the kth regressor variable along the subspace spanned
by the rest of the variables as shown in (2.36).
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Algorithm 1 Decoupling algorithm
input: Regressor variables: A = [s1, . . . , sm] with A ∈ RN×m, target vector
y ∈ RN , and number of delays p.
output: decomposed target YA ∈ R(N−p)×m.

begin
Ac ← subtract the mean value from A
aux ← DWT (Ac)
AH ← block Hankel matrix of aux, using a delay of p samples. As shown in
(2.38)
for k=1:m
Ak ← a partition of AH as indicated in section 2.4.2.
Compute Pk.(k) as shown in (2.36).
YAk ← Pk.(k)y
end for
end

2.4.4 Consecutive Projectors

The calculation of a projection matrix is an O(N3) operation. Therefore, for
large N a faster approach will be to segment the data into smaller windows
and perform the calculations in each individual window. However, due to
the fact that projection matrices are frame dependent, the projections on
consecutive frames might present high discontinuities in the borders. Therefore,
in monitoring applications this approach is not feasible.

There are several sources for the discontinuities between consecutive frames,
among them we can find:

• In the calculation of projection matrices the data should be centered,
differences in the centering between consecutive frames produce differences
when the data is projected. This bias effect is mild and can be corrected
by overlapping consecutive frames and computing the bias between the
projections in the previous and the actual frame.

• Border distortions also introduce an error in the projections. This effect
can be reduced by including a future horizon in the basis. Consider
the observation matrix A as defined before, and a future horizon Af of
size p × n, the projection matrix can be calculated using the extended
matrix AE = [A;Af ]. By projecting the data onto this new subspace and
removing the last p data points, the border problem is reduced.
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• Consecutive projectors in time might represent the same subspace but
the projections can present a 180◦ change in phase. This problem can be
addressed by overlapping consecutive segments and checking the sign of
the correlation between the projections in both segments. This correlation
should be positive; in case of negative correlation the projection in the
new frame should be inverted. It is important to note that the longer the
overlap the more reliable the correlation estimator.

• Changes in the dynamics of the system, due to non-stationarities, affect
the column space defined by the basis. By the inclusion of a future
horizon and an overlapping between consecutive frames these changes
are smoothed. However a more elegant way to reduce this effect is by
the introduction of a forgetting factor in the calculation of the projection
matrices. This forgetting factor penalizes “old” data points and gives
priority to the subspace defined by new data.

All the problems mentioned before have been addressed by adaptive signal
processing, where a forgetting factor and a sliding approach is used, [47, 125].
To formulate the problem including a forgetting factor between consecutive
frames, let’s consider the following regression problem:

y = Ax+ e (2.39)

where A represents the regressor matrix and e represent the error. The least
squares solution to this problem is obtained by the following optimization
problem:

min
x

eT e

subject to e = y −Ax
(2.40)

The solution to (2.40) leads to:

x̂ = (ATA)†AT y (2.41)

where † represents the pseudoinverse and the projection of y onto C(A) is given
by ŷ = Py with P = A(ATA)†AT . This problem can be modified by including
a forgetting factor in the errors. This forgetting vector penalizes some errors
while rewarding others. In this way the column space defined by the solution of
the original regression problem will favor the errors that were rewarded. This
new problem is defined as follows:
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min
x

eT e

subject to e = Γ(y −Ax)
(2.42)

where Γ is a positive-definite diagonal matrix with the weight vector in its
diagonal. The solution of this problem is given by:

x̂ = (ATΓA)†ATΓy (2.43)

which leads to PΓ = A(ATΓA)†ATΓ.

2.4.5 Example

Introduction

In this section subspace projections will be used to decouple the influence of
variations in SaO2 on the TOI. The results provided by subspace projection
will be compared with the ones provided by partial coherence.

Assessment of CA is based on the quantification of the strength in the
relationship between MABP and CBF. However, measurements of CBF are
difficult to obtain continuously in a clinical environment. For this reason
surrogate measures are used in practice. Near-infrared Spectroscopy (NIRS)
allows to measure the variations in oxy- and deoxy-hemoglobin, ∆HbO2 and
∆Hhb respectively. In addition NIRS also allows to compute the tissue
oxygenation index (TOI = HbO2/(HbO2 + HHb)), defined as the percentage of
oxygen available in the tissue, and the difference in hemoglobin concentration
(∆HbD = ∆HbO2 −∆HHb).

Measurements of TOI are more appropriate for cerebral autoregulation
assessment [219], since they are less affected by movement artefacts. In [235]
was shown that, under a constant brain metabolic demand and constant arterial
oxygen saturation (SaO2), changes in TOI and ∆HbD represent changes in CBF.
Several studies have been presented in the literature that evaluates the use of
NIRS as a promising tool for cerebral hemodynamics monitoring [219, 25, 81].
In premature neonates it can be assumed that the cerebral metabolic demand
is more or less constant during the length of the measurements. However,
changes in SaO2 influence directly changes in TOI or ∆HbD. For this reason,
only segments with stable SaO2 are used for CA assessment. This limits the
possibilities of NIRS to be used for online CA monitoring. This limitation can
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be mitigated by an appropriate preprocessing algorithm, which eliminates the
influence of SaO2 on TOI/∆HbD.

Methods

For this example recordings from 20 infants from the University Hospital Leuven
(Belgium) will be used. In all infants the peripheral oxygen saturation (SaO2)
was measured continuously by pulse oximetry, and MABP by an indwelling
arterial catheter. With NIRS, TOI was continuously and non-invasively recorded
using the NIRO 300 (Hamamatsu). MABP, SaO2 and NIRS signals were
simultaneously measured during the first three days of life and downsampled
at 0.333Hz. The total length of the recordings was 6-9 hours. The recordings
were segmented in epochs without movement artifacts, where the artifacts were
defined as fast and large changes in the signals that are more likely to be
produced by movements than by a physiological phenomena.

Using the algorithm 1, the TOI is projected onto the subspace defined by the
MABP along the subspace defined by SaO2. In this way the influence of SaO2
is decoupled from the TOI. When needed consecutive projectors were used. To
define the basis for the subspace spanned by the regressors, a 5th level DWT
using a Daubechies 4 as mother wavelet, together with a delay of 10 samples
were employed.

In addition, using partial coherence the influence of SaO2 was subtracted from
the TOI and the MABP, as indicated in section 2.1.3. In addition, the decoupled
signals were transformed back in the time domain. Correlations and average
coherence values in the frequency range 0-0.1Hz between SaO2, TOI and MABP
were computed in order to compare both methods.

Results

Figure 2.13 shows a representative segment where variations in SaO2 are reflected
on the TOI and ∆HbD. As can be seen from the figure, the MABP is not
influenced by the changes in SaO2. Figure 2.14 shows the decoupling of the
TOI using the algorithm 1.

Table 2.3 presents the results for the correlation and coherence values between
the original and the preprocessed signals. The values are presented as median,
25th and 75th percentile. In general, both preprocessing methods reduce the
correlation and coherence values between SaO2/TOI, while increasing the scores
between MABP/TOI. In addition it seems that the reduction in coherence
between SaO2/TOI is better achieved by the partial coherence method. Figure
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Figure 2.13: Raw measurements. From top to bottom, SaO2, MABP , ∆HbD
in arbitrary units, and TOI. A strong relation between SaO2 variations and
TOI/∆HbD is shown.

2.15 shows the residuals obtained form the subspace projections and the partial
coherence method. First of all, it can be seen that the residuals from the
subspace projections are cleaner than the ones produced by the partial coherence
method. Secondly, the residuals from the subspace projections resembles more
the variations in MABP than the residuals form partial coherence. These results
are expected from the subspace projections, since the TOI is projected onto the
subspace spanned by MABP, and by using a DWT the effect of the noise is
reduced.

Discussion

Partial coherence and subspace projections were able to decouple the influence of
SaO2 from the TOI. Even though partial coherence achieves larger reduction in
the coherence values between TOI and SaO2 the output obtained from subspace
projection is cleaner. This is due to the fact that subspace projection takes
into account only the subspace spanned by the regressors, in this case SaO2
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Figure 2.14: TOI projection onto the subspace defined by SaO2 and the subspace
defined by MABP. From top to bottom: SaO2 variations, TOI variations, and
finally the decomposition of the TOI.

Before Subspace Partial
Preprocessing Projections Coherence

Correlations MABP/TOI 0.18 (0.08-0.35) 0.27 (0.15-0.40) 0.23 (0.12-0.42)
SaO2/TOI 0.38 (0.16-0.60) 0.20 (0.06-0.38) 0.20 (0.06-0.42)

Coherence MABP/TOI 0.16 (0.14-0.18) 0.18 (0.16-0.20) 0.17 (0.15-0.18)
SaO2/TOI 0.18 (0.15-0.23) 0.14 (0.13-0.16) 0.12 (0.10-0.13)

Table 2.3: Correlation and Coherence values between MABP/TOI and
SaO2/TOI, before and after eliminating the influence of SaO2 from TOI.
Decoupling was performed using subspace projections and partial coherence.

and MABP. This acts as a filtering stage increasing the signal-to-noise ratio
of the projections. In addition, by projecting onto the MABP subspace the
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Estimation From Subspace Projections

Figure 2.15: Residuals obtained from the partial coherence and the MABP
method. From top to bottom, original MABP signal, residuals obtained form the
partial coherence method, and residuals obtained from the subspace projections.

relation between MABP/TOI is strengthened. In addition, a larger reduction
is observed in the correlation coefficients than in the coherence coefficients,
between SaO2/TOI, after preprocessing using subspace projections, this is due
to the fact that the projector matrices tend to reduce the correlation coefficients,
and not the coherence. Since an oblique projector is being used, the correlation
values are not zero.

In this example we have shown that subspace projection algorithms are
appropriate for preprocessing NIRS signals. Subspace projection not only
decouples the influence of undesired physiological variations from the NIRS
measurements, but it also increases the signal-to-noise ratio of the filtered
signals.



Chapter 3

Nonlinear Regression

In this chapter least squares support vector machines (LS-SVM) and kernel
principal component regression (KPCR) will be presented as methods to solve a
nonlinear regression problem. Since the mechanisms involved in the regulation
of cerebral hemodynamics are likely to be nonlinear, a linear regression approach
might not be appropriate to address its study. KPCR, as well as other nonlinear
regression analysis procedures, produces a mathematical model that explains the
relation between the input/output data. However, from the obtained model, the
individual contribution of each variable to the model output is unknown. This
is of vital importance in cerebral hemodynamics monitoring, since clinicians
are interested on the impact of the treatment of some systemic variables on this
mechanism. In order to overcome this problem, a methodology in this chapter is
proposed. This chapter starts by introducing LS-SVM in section 3.1. In this
section, the use of LS-SVM for the preprocessing of NIRS signals is presented.
In section 3.2 a brief introduction to principal component regression is given.
KPCR is introduced in section 3.3. Section 3.4 presents the computation of
projection matrices in a RKHS, as well as the algorithm to decompose the target
vector in nonlinear contributions of each regressor variable. In section 3.5 a
sparse version of the KPCR model is obtained. Finally, in section 3.6 the
proposed algorithms are tested using some toy examples. This section is based
on papers 8 and 14 from my publication list.

71
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3.1 Least Squares support Vector Machines in
Nonlinear Regression

A Support Vector Machine (SVM) formulation is performed within the context
of complex optimization theory, which involves a high computational cost [41].
Least squares SVM (LS-SVM) is a reformulation of the SVM problem where
inequality constraints are replaced by equality constraints and a quadratic loss
function is taken for the error variables [202]. As a result, the problem simplifies
to find the solution of a set of linear equations instead of solving a quadratic
programming problem. In order to improve the robustness of the method a
weighted version of the original LS-SVM algorithm is used [201]. But, large
scale problems that involve a large number of samples can become memory and
time consuming. By selecting a training subset from the original data or by the
use of several LS-SVMs that later on are combined by means of a committee
network of LS-SVMs or a neural network, this problem can be addressed [202].
However, the model complexity is increased. Hence, joint LS-SVM models will
be a better approach; but, big discontinuities are presented in the joint borders.
By including an extra weight in the cost function the problems with border
distortion can be reduced. In this section this new problem will be formulated,
starting step by step from the formulation of LS-SVM for function estimation.

3.1.1 LS-SVM for function estimation

Consider a dataset composed of the training data {xi, yi}Ni=1 with x ∈ RN×p a
p-dimensional input vector and y ∈ RN×1 the measured variable. Now consider
the following regression model:

y = ωTϕ(x) + b (3.1)

where ω is an unknown vector parameter, ϕ(x) : RN×p → RN×d represents a
linear or nonlinear mapping of the variable x in a feature space of dimension d.
In the context of LS-SVM the regression problem in (3.1) can be solved by the
following optimization problem:

min
ω,b,e

Jp(ω, e) = 1
2ω

Tω + γ 1
2

N∑
i=1

e2
i

subject to yi = ωTϕ(xi) + b+ ei

(3.2)
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where e is the error estimation and γ is the regularization constant. By
constructing the Lagrangian from equation (3.1):

L(ω, b, e, α) = Jp(ω, e)−
N∑
i=1

αi(ωTϕ(xi) + b+ ei − yi) (3.3)

where α are the Lagrange multipliers. By setting the following conditions for
optimality:

∂L
∂ω = 0 → ω =

N∑
i=1

αiϕ(xi)

∂L
∂b = 0 →

N∑
i=1

αi = 0

∂L
∂e = 0 → αi = γei
∂L
∂α = 0 → ωTϕ(xi) + b+ ei − yi = 0

(3.4)

and eliminating e and ω from the equation (3.3) the following set of equations
is obtained:

[
0 1Tv
1v Ω + I/γ

] [
b
α

]
=
[

0
y

]
(3.5)

where 1v = [1, . . . , 1], Ωij = ϕT (xi)ϕ(xj) = K(xi, xj) is the kernel matrix. By
replacing (3.4) in (3.1) the following relation is obtained:

y(x) =
N∑
i=1

αiK(x, xi) + b (3.6)

3.1.2 Robust LS-SVM

Equation (3.6) represents the solution to the nonlinear regression problem
presented in (3.1). Since outliers and noise with non-Gaussian distribution
affect the performance of this solution, a weighted version of (3.6) has been
proposed. The weighted LS-SVM algorithm first computes an unweighted
LS-SVM as in (3.6) and then calculates the errors e. The distribution of e is
estimated in order to detect outliers. Once the outliers have been detected, a
weight vector v is defined as follows [181]:
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vi =


1 if |ei/ŝ| ≤ c1
c2−|ei/ŝ|
c2−c1

if c1 < |ei/ŝ| ≤ c2
10−4 otherwise

(3.7)

with c1 and c2 equal to 2.5 and 3 , respectively, and ŝ equal to the standard
deviation of the errors e. The vector v is used to weight the error vector in a
new LS-SVM regression problem. The new LS-SVM regression is given by:

min
ω,b,e

Jp(ω, e) = 1
2ω

Tω + γ 1
2

N∑
i=1

vie
2
i

subject to yi = ωTϕ(xi) + b+ ei

(3.8)

which leads to the following solution:

[
0 1Tv
1v Ω + Vγ

] [
b
α

]
=
[

0
y

]
(3.9)

with Vγ = [ 1
γv1

, . . . , 1
γvN

].

Equation (3.9) represents a system of N × N equations. Hence, there exists
computational restriction for the number of data points used. Long signal
recordings cannot be processed directly and should be processed by dividing the
data in consecutive segments. Each segment can be used to train a LS-SVM
and by combining all the resulting models, by means of a committee or a neural
network, the regression model for the complete signal can be found. But this
increases the computational cost to find the regression model. A faster approach
is to join all estimated functions from consecutive segments. However, the lack
of share information between consecutive LS-SVM models will produce high
discontinuities in the borders when joining the models output. In order to
address this problem, an extra weight vector is used. This leads to the following
optimization problem:

min
ω,b,e

Jp(ω, e) = 1
2ω

Tω + γ 1
2

N∑
i=1

vi
µi
e2
i

subject to yi = ωTϕ(xi) + b+ ei

(3.10)

which leads to the following solution:

[
0 1Tv
1v Ω +Mγ

] [
b
α

]
=
[

0
y

]
(3.11)
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with Mγ = [ µ1
γv1

, . . . , µNγvN ].

The new weight vector M should be designed in order to give priority to the
borders, in such a way that consecutive segments will produce similar output
at the borders. The vector M can also be designed to give priority to other
segments free of noise in order to reduce the influence of noisy samples in the
regression model.

3.1.3 Weighted LS-SVM for signal preprocessing

A weighted LS-SVM can be used to preprocess segments of a signal contaminated
by artifacts. By identifying the location of an artifact, a LS-SVM can be trained
with data points around it. Once the model has been obtained, it can be used to
estimate the value of the data points during the artifact. However, in order to
guarantee that the LS-SVM model converge to a proper solution, the duration
of the artifact should small enough, compared with the data points used for
training. In addition, since the biomedical signals are non-stationary and the
LS-SVM model is localized around the artifact, when concatenating the process
segments with the clean data points, border distortion is likely to occur. This
is avoid by a proper selection of the weight vector v as presented before.

In this section a weighted LS-SVM model will be used in order to preprocess
continuous measurements of MABP. For this example, the weight vector v
has been selected as a Blackman window with its lowest value set to 10−4.
This value was selected in order to avoid numerical problems in (3.11). A
segment of the signal contaminated with artifacts was used, from which 2200
data points without artifact contamination were used for the training of the
model. The model was trained using 10-fold cross-validation. Results from
the preprocessing the signal around an artifact are shown in figure 3.1. In this
figure the results from the proposed weighted LS-SVM regression are compared
with the results from a normal robust LS-SVM model presented in (3.9). The
segment of the signal displayed in the figure corresponds to the first 500 samples
of the regression model output. It can be seen that both models perform
similarly; however, in this segment the proposed model performs slightly better
than the normal joint LS-SVM model. This behavior is expected, since the
weight vector v prioritize the regression at the borders. In addition, figure
3.2 shows the performance of both regression models when concatenating the
output of 2 continuous LS-SVM models. In this figure it can be seen that
the proposed model reduces the border distortion, while the robust LS-SVM
model produces high discontinuities in the joint point of the outputs for the 2
consecutive models.
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Figure 3.1: Comparison of the outputs for the LS-SVM regression models. In
blue the original signal, in black the output of a normal robust LS-SVM model.
In red the output of the LS-SVM model with the new weight vector. For both
models γ = 100.5 and σ2 = 438

3.2 Principal Component Regression

In a linear regression problem of the form y = Aω + b, where A ∈ RN×d

and ω ∈ Rd, the regression coefficients can be found using least squares as
follows: ω = (ATA)−1AT y. However, in case that A is nearly ill-conditioned the
regression coefficients might inflate, thereby strongly, affecting the accuracy of
the regression. One way to solve this problem is to use a linear transformation
that mitigates the effect of multicollinearity in the regressor matrix, i.e by
replacing A with an orthogonal basis that describes the same column space.

Principal component analysis (PCA) is a methodology that allows to perform an
orthogonal transformation on a matrix A. PCA changes the coordinate system
of the data in matrix A to a new coordinate system with orthogonal basis, in
which the basis vectors are organized according to the direction of the maximum
variance. PCA is obtained by the eigenvectors of the covariance matrix ATA
[98]. Consider the singular value decomposition (SVD) of A, A = UΛV T , where
U and V are orthogonal matrices and Λ is a diagonal matrix. The eigenvalues
of ATA are defined by V . By defining a transformed matrix T = AV = UΛ, T
being orthogonal, an equivalent regression problem can be formulated:
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Figure 3.2: Discontinuity in the border due to the concatenation of consecutive
LS-SVM regression models. In blue the original signal, in black the output of
a normal robust LS-SVM model and in red the output of a robust LS-SVM
model with an extra weight.

y = Tα+ b (3.12)

where α represents a new set of regression coefficients, which are related to the
original regression coefficients as follows: ω = V Tα. The new regression problem
in (3.12) can be solved using least squares as follows: α = (TTT )−1TT y =
Λ−1UT y. This is known as principal component regression (PCR). A more
exhaustive introduction to PCR can be found in [127].

3.3 Kernel Principal Component Regression

Kernel PCR is a nonlinear version of PCR where the nonlinearity is introduced
by the use of kernel functions [179]. Consider now a nonlinear regression model
in the feature space:

y = Φω + ε (3.13)



78 NONLINEAR REGRESSION

where y is a vector of N observations of size (N × 1),
Φ = [ϕ (x1) . . . ϕ (xN )]T is a (N × d) regressor matrix with ϕ (xi) being the
nonlinear transformation of xi = [si,1, si,2, ..., si,d], ω ∈ Rd is the unknown
regressor coefficient vector, and ε is the error of the estimation. Consider the
projection matrix PΦ as the projection matrix onto C(Φ), and ε is the error.
The least squares solution of (3.13) is given by:

ω̂ = (ΦTΦ)†ΦT y (3.14)

However, since the nonlinear transformation is unknown this solution cannot
be obtained.

As in PCR, KPCR solves (3.13) by introducing a change of variable. The model
is then transformed to:

y = Bξ + ε (3.15)

where B = ΦV is a matrix of transformed regressors, with V equal to the
eigenvectors matrix of ΦTΦ . Therefore, B can be interpreted as the projection
of the regressors Φ onto its principal components. However, since the matrix Φ
is unknown, its principal components cannot be estimated. But, this projection
can be approximated by means of kernel PCA [138, 188], where the SVD of the
kernel matrix, Ω = ΦΦT = UΛΛTUT , is used to approximate V .

The solution of (3.15) is given by:

ξ̂ = Λ−1BT y (3.16)

The solution given in (3.16) is equivalent to the solution of (3.13). If all the
projections in the regression are used, ξ̂ corresponds to the least squares solution
of the system in the reproducing kernel Hilbert space (RKHS). However, since
small eigenvalues increase the variance of the estimation they are removed from
the final solution; this introduces a bias in the model but reduces its variance.
By taking only p components the KPCR regression model is reduced to:

ŷ =
N∑
i=1

ciΩ(xi, x) + b (3.17)
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with {ci =
∑p
k=1ξ̂ku

k
i }Ni=1, where uki represents the kth element of the ith

eigenvector from the kernel matrix Ω. This solution can be written as:

ŷ(xi) = Ω(xi, x)Uξ̂ + b (3.18)

3.4 Projection Matrices in a RKHS

A Reproducing Kernel Hilbert Space (RKHS) is a Hilbert space that is defined
by reproducing kernels [46]. Which means that the dot products of 2 vectors
in the RKHS can be obtained by means of evaluations of a kernel function.
Since a RKHS is a dot product space that preserves the metrics used in a
Euclidean space, the concept of projection matrices can be extended to this
space. However, in order to define a projection in a subspace of the RKHS a
basis for this subspace is needed. In the regression problem presented in (3.13)
this basis is given by the columns of the regressor matrix Φ. Consider the
singular value decomposition of Φ:

Φ = UΛV T (3.19)

using (3.19) and replacing it in the computation of an orthogonal projection,
then the following relation is obtained:

PΦ = UUT (3.20)

Consider now the kernel matrix and its singular value decomposition:

Ω = ΦΦT = UΛΛTUT (3.21)

The eigenvectors of the kernel matrix span C(Φ), and the projection matrix can
be calculated using the kernel matrix as follows:

PΦ = Ω(ΩTΩ)†ΩT = UUT (3.22)



80 NONLINEAR REGRESSION

However, since the dimension of the nonlinear transformation might be bigger
than the number of observations (d > N), PΦ represents an approximate N-
dimensional subspace of C(Φ). In case that the kernel matrix is rank deficient
with rank p, only the first p left singular vectors are needed to reproduce the
projection matrix. The use of the pseudoinverse can be avoided by calculating
PΦ = UpU

T
p where Up are the first p eigenvectors with largest eigenvalues

of the kernel matrix, with p = rank(Ω). Other equivalent derivations for the
projection matrices in a RKHS can be found in [124].

3.4.1 Projections onto the regressor subspaces

In the last section it was shown that a projection matrix onto C(Φ) can be
computed using the kernel matrix Ω. In this section the focus will be given to
the calculation of a projection matrix onto the column space spanned by each
regressor. This projection will represent the nonlinear transformation of the
respective regressor variable. In order to decompose C(Φ) into d subspaces, each
one corresponding to the subspace spanned by the nonlinear transformation of
the regressor sk for {k = 1, . . . , d}, a basis for that nonlinear transformation is
needed.

Consider xi = [si,1, si,2, ..., si,d] with si,j ∈ R, and let y be decomposed as
follows:

y =
d∑
k=1

ωkf(sk) + ε (3.23)

where f(sk) represents the nonlinear contribution of the regressor sk ∈ RN in the
observed signal y, and ε the error. From this definition C(Φ) = S1⊕S2⊕. . .⊕SM ,
where Sk represents the subspace spanned by the nonlinear transformation of
the regressor sk.

In order to find a suitable representation for the column space of f(sk) the
influence of the other variables should be eliminated. This can be obtained by
evaluating the kernel function in a new set of regressors, where the “unwanted”
regressors are set to 0 as follows:

Kk = K(xi, x̂jk) (3.24)
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where xi = [si,1, ..., si,d], and x̂jk = [0, ..., sjk, ..., 0]. By using (3.24) to represent
the column space of f(sk), the oblique projection matrix onto this subspace can
be calculated as:

Pk.(k) = Ωk(ΩT
kQ(k)ΩK)†ΩT

kQ(k) (3.25)

+Z[In − (Q(k)Ωk)(ΩT
kQ(k)Ωk)†ΩT

k ]Q(k)

where Ωk represents the kernel matrix evaluated in the set of variables xjk for
{j = 1, ..., N}, and Q(k) = (IN − P(k)); where IN is a N ×N identity matrix
and P(k) is the orthogonal projector onto the subspace spanned by the regressor
variables with sk = 0. To calculate P(k) the kernel function is evaluated as
follows:

K(k) = K(xi, x̂j(k)) (3.26)

where x̂j(k) = [sj,1, ..., sj,k−1, 0, sj,k+1, ..., sj,d], from which:

P(k) = Ω(k)(ΩT
(k)Ω(K))†ΩT

(k) (3.27)

This decomposition can be performed for every regressor. The algorithm is
summarized below.

The algorithm 2 can be extended in order to find the influence of interactions
between the regressor variables on y. In this context, the target subspace will
be defined by the set of regressor variables of interest. The kernel function is
evaluated in a new set of variables, where only the regressors of interest are
used, the rest are set to 0. The projection onto this subspace is computed as
shown in algorithm 2. However, when projecting the signal y onto this subspace
the influence of each regressor, independently, should be subtracted; indeed,
we are interested in the intersection of the subspaces and not the complete
subspace spanned by those regressions. In the case that there is no interactions
between the selected regressor variables in the target signal the intersection of
the subspaces will be 0.
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Algorithm 2 Decomposition of y as a linear combination of f(sk)
input: X = [s1, ..., sd] with X ∈ RN×d, y ∈ RN
output: Y = [ŷ(s1), ..., ŷ(sd)] with Y ∈ RN×d

begin
var k := 1, d
for all k
compute the kernel matrices Ωk and Ω(k)
P(k) ← Ω(k)(ΩT

(k)Ω(k))†ΩT
(k)

Q(k) ← IN − P(k)
compute Pk.(k) as shown in (3.25)
Yk ← Pk.(k)y
end for
end

3.5 Sparsity in the KPCR Model

In KPCR the number of components used in the decomposition is normally
selected based on a cross-validation procedure [179, 180, 186]. Moreover, the
model should use the complete set of training samples in order to produce the
model output [90]. A sparse model for KPCR can be obtained by exploiting the
properties of the projection matrix PΦ. The trace of PΦ indicates the dimensions
of C(Φ); therefore, if tr(PΦ = p) only the first p columns in U are needed. From
now on Up ∈ RN×p represents a matrix with the first p columns of U . This
indicates that only p data points are needed to describe this subspace. However,
the p selected data points should be independent in the RKHS. This means
that the nonlinear transformation, φ(xk) for {k = 1, . . . , p}, should produce
independent vectors in the RKHS.

The proposed algorithm presented in this section selects the data points that are
closer to C(Φ), which is defined by the hyperplane represented by the projection
matrix PΦ. The algorithm is based on the following least squares problem,
Ω = UpA, where Ω ∈ RN×N represents the kernel matrix, and A ∈ Rp×N . After
solving the least squares problem the solution Â can be used to compute the
error matrix E = Ω− UpÂ, from which the mean of the absolute values of the
error per column is computed as e = 1

N

∑N
i=1 |E(:, i)|, where E(:, i) represent

the ith column in the matrix E. The first p data points that correspond to the
lowest e values are selected as the reduced set to be used in the KPCR model.
The algorithm is detailed in the algorithm 3.

Once the reduced set of vectors Xr is found, the regression model in (3.13) can
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Algorithm 3 Selection of the reduced set of data points for a sparse KPCR
regression.
input: X = [x1, . . . , xN ]T with X ∈ RN×d, Kernel matrix Ω
output: Xr ∈ Rp×d

begin
compute the orthogonal projection matrix using Ω
p← rank(PΦ)
compute the SVD from Ω
solve Ω = UpA

E ← Ω− UpÂ

e(j) =
N∑
i=1
|E(j, i)|

r ← indices for the first p lowest e
Xr ← X(r, :)
end

be solved by using only the Xr data points, this leads to the solution vector
ξ̂p ∈ R(p) and to the following reduced KPCR model:

ŷ(xi) = K(xi, Xr)Upr ξ̂p (3.28)

where Xr represents the reduced set of vectors used in the model. Upr are the
eigenvectors of the Kernel matrix formed with the reduced set Xr, and ξ̂p is
the solution vector found using only the reduced set during the training. This
new model can also be used in order to find the nonlinear contribution of each
regressor variable.

3.5.1 RBF Kernel and the trace of PΦ

In machine learning the main goal is to learn the structure of a model for
regression, clustering or classification using the provided data. When using
kernel methods, the model output is normally expressed in terms of evaluation
of the kernel function. However, there exist different types of kernels, and some
of them depend on other parameters that need to be found in order to obtain a
complete description for the model. The process of finding these parameters
will be called tuning from here on. One of the most popular kernel functions in
machine learning is the radial basis function (RBF) kernel given by the following
equation:
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K(x, y) = exp

(
−|x− y|

2
2

σ2

)
(3.29)

where x and y represent 2 vectors, and σ is the kernel bandwidth. In this
particular case, using the RBF kernel, the hyperparameter σ needs to be tuned.

The tuning, in supervised learning, is normally performed using k-fold cross-
validation. During the tuning a set of values for the kernel hyperparameters
is provided and the performance of the model is evaluated for different
combinations of hyperparameters. The set of hyperparameters that performed
the best is selected and is used in the final model. In k-fold cross-validation the
available data is divided in two different sets: training, and test set. During the
training phase, the training set is used to find the model parameters, while the
test set is used to evaluate the generalization properties of the model. When
using k-fold cross-validation the training set is divided in k different subsets.
From these k subsets one is used for validation while the other k − 1 subsets
are used for training. This procedure is repeated k times, each time using a
different subset for validation. At each step the error between the target output
and the estimated output in the validation subset is computed, at the end of the
k rounds the root mean squared average of the error is computed and assigned
to the particular combination of hyperparameters.

The validation set during the training phase is used to avoid overfitting.
Overfitting occurs when the model is able to closely reproduce the output
in the training set but is not able to produce an accurate response to new data.
When using a RBF kernel, overfitting occurs when the σ is too small. This
leads to kernel matrices that are close to diagonal matrices. However, if the σ
is too large the kernel matrix will be close to a matrix with entries close to 1
and the model will behave poorly, leading to underfitting. Therefore, a proper
selection of the kernel hyperparameters is crucial for the model performance.

Interestingly enough, the effect of overfitting and underfitting can be seen in
the trace of the projection matrix PΦ. Small σ values produce kernel matrices
with a high rank, leading to a large trace in PΦ, while large σ values lead to
lower trace values. When using the RBF kernel, the nonlinear transformation
involved maps the input data into a highly, possibly infinite, dimensional RKHS.
However, due to the finite size of training data the projection matrix PΦ can
only represent a N dimensional approximation of this space, with N equal to
the number of observations, i.e data points. Assume that for a given σu value
the trace tr(PΦ) = N , this suggests that the model using σu needs at least N
dimensions in order to map the input data in the RKHS. This may represent
overfitting. Conversely, if using σl results into tr(PΦ) = 1 this suggests that
the data is mapped onto a line, or a point, in the RKHS, and may indicate
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underfitting. Therefore, optimal values for σ are likely to be in the interval
σl < σo < σu. This criterion may be used in combination with other measures
such as mutual information and entropy, in order to avoid the search grid in
the cross-validation procedure and reduce the computing time during training.
In addition this concept is related to sparsity in the KPCR presented in the
previous section, where only p data points are needed in order to describe PΦin
the RKHS.

3.6 Toy Examples

In this section we will present the results obtained with the KPCR model for two
different toy examples. In the first toy example the KPCR model will be used
in order to approximate a sinc function from noisy entries. This model will be
used in order to illustrate the concepts about sparsity and the relation between
the tr(PΦ) and overfitting. In the second toy example, an artificial nonlinear
mixture of three sources will be used. This model will be approximated using
KPCR. From the resulting model the contribution of each source and their
interactions will be estimated. The impact on the estimation by using a sparse
model will be evaluated. it is important to take into account that in the figures
shown in this section, the data have been centered since the KPCR model
and the computation of the projection matrices in the RKHS require centered
matrices.

3.6.1 Noisy sinc function

A sinc signal was generated using N = 300 data points equally sampled in the
interval {−5, 5}. The target function was calculated using the sinc function of
Matlab. Gaussian noise, N(0, 0.1) , was added to the signal. The results of the
output for the KPCR model are shown in figure 3.3. It can be seen that the
output of the model using the complete set of training data points resembles
quite closely the dynamics of the original sinc function. Moreover, using the
procedure presented in algorithm 3, 16 datapoints were selected to create a
sparse model. The data points and the output for this sparse model are also
shown in figure 3.3. The dynamics for the sparse model is close to the dynamics
of the complete KPCR. However, figure 3.3 presents the results for the training
dataset, which are shown just to illustrate the performance for the sparse model
using the training data. In order to test the real performance for the KPCR
model, 200 new entries were generated from a Gaussian distribution with a
standard deviation of 1. These new entries were used as the regressor variables
and their output using the KPCR model previously tuned was computed. Figure
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3.4 presents the results for the complete and the sparse KPCR models. It can be
seen that both models are able to retrieve a fair approximation to the sinc signal,
and the sparse model using only 16 data points is able to perform similarly to
the complete KPCR.
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Figure 3.3: Output of the KPCR model for the estimation of a sinc signal. The
crosses represent the noisy data points used to train the model. The solid black
line represents the original sinc signal without noise. The dashed black line
represents the output of the KPCR model. The dashed gray line represents the
output obtained with an sparse model of 12 data points. The reduced dataset
used in the sparse model is represented by the black circles. When training, the
tuning parameter for the RBF kernel σ2 = 1.7310 was obtained.

In addition, in figure 3.5 the relation between the trace of the projection matrix
PΦ and the bandwidth σ2 is shown. It can be seen that for small σ2 values the
trace of PΦ is large, indicating that the data is mapped on a larger subspace in
the RKHS. However, as σ2 increases the trace of PΦ is reduced and smoothly
converges towards 1, this indicates that the data is now mapped in a smaller
subspace in the RKHS.

Finally, the performance of KPCR was also tested by including Gaussian noise,
N(0, 0.1), in the regressor variables. Figure 3.6 shows the results from the
KPCR regression using the complete and the sparse set. Comparing the results
from figures 3.3 and 3.6, it can be seen that the performance of the regression
is highly affected by the quality of the regressor variables. It is also observed
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Figure 3.4: Output for a test set composed of 200 data points drawn from a
N(0, 1). The original sinc function is shown in the solid line. The data points
used are shown as dots. It is important to take into account that the data used
as input for the KPCR model are only the x value of the data points shown
in the figure. The crosses represent the output of the complete KPCR model,
while the circles represent the output of the sparse KPCR model using only 16
datapoints.

that the performance of the sparse model is worse by the inclusion of noise in
the regressor variables. Further research in this direction is needed.

3.6.2 Artificial dataset

In this example a signal y of 400 points was generated. The signal y is calculated
from two independent variables {s1, s2}. The variables s1 and s2 were defined in
the interval {−3, 3}. A linear grid of 20× 20 values, in the interval {−3, 3}, was
created in order to excite the model in the complete range of {s1, s2}. Therefore,
s1 and s2 have in total 400 points and 20 different values in the interval {−3, 3}.
In addition, by creating this grid it is guaranteed that for a fixed s1, the output
y is computed for all 20 different values in s2. The nonlinear model imposed in
the output is the following:
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Figure 3.5: Relation between the trace of the projection matrix PΦ and the
bandwidth of the kernel function σ2. The black dot represents the tuned value
for the example shown in this subsection.

y =
√
s1 + 3 + 1

1 + e−2s1s2
+ η (3.30)

where η represents a Gaussian noise N(0, 0.1). Results from the original KPCR
model and the sparse KPCR model are compared.

In figure 3.7 the results from the KPCR complete and sparse model are shown.
As in the previous example the results from the complete and the sparse model
are closely related.

In addition, the output of the model has been decomposed using the procedure
presented in algorithm 2. The algorithm allows to decompose the output in
the direct influence of each regressor and the higher order interactions. In the
figures 3.8 and 3.9 this decomposition is shown. First, the left plot in figure
3.8 shows the projection of the target vector in the subspace defined by the
nonlinear transformation

√
s1 + 3. The crosses represent the target function

and the circles represent the projection of the input data. It can be seen that
the model is able to retrieve the nonlinear contribution of the regressor variable
s1 on the model output. The right plot in figure 3.8 shows the projection of the
target vector on the subspace defined by the second order interaction between s1
and s2. In this plot, as in the left one, the crosses represent the target function
while the circles represent the projected data. It can be seen that the projections
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Figure 3.6: Output for KPRC model using regressors with a Gaussian noise
N(0, 0.1), the original data is presented with the ’x’ symbols, the target sinc
function is shown in the solid line. The ’+’ symbols represent the output of
the complete KPCR model, while the dots represent the output of the sparse
KPCR model. The data points for the Sparse set are shown as black circles.

are able to represent the nonlinear contribution due to the interaction between
these 2 variables. However, in the borders the projections start to diverge, this
can be due to the fact that even though the input variables, s1 and s2, are
equally spaced in the interval of interest, there are not enough data points at
the extreme values for s1s2. Increasing the resolution in these intervals will
produce a more accurate representation for the projection matrices at these
points.

Figure 3.9 shows the projection of the output on the subspace defined by the
nonlinear transformation of the variable s2. Since there is no direct individual
influence of the variable s2 on the output, this projection is expected to be
zero. In the figure it is shown that these projections are not zero, but they are
small compared with the contributions from the other variables. The residuals
are likely to be related to the input noise, since it is normally spread over the
complete RKHS space defined by the nonlinear transformation.

Finally, the relation between the trace of the projection matrix and the kernel
parameter σ2 is depicted in figure 3.10. As in the example discussed previously
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the trace of PΦ slowly converges towards 1 with increasing values of σ2.

3.7 Conclusion

In this chapter a methodology for a nonlinear regression using kernel principal
component regression (KPCR) has been presented. This methodology has been
further extended using projection matrices in order to identify the nonlinear
contribution of each individual regressor and/or their higher order interactions
in the model output. Furthermore, a sparse KPCR model has been proposed.
The methodology has been validated by examples from artificially generated
data. In both cases the nonlinear relations between the regressors and the
output was retrieved satisfactorily.

The methodology proposed in this chapter has a high clinical impact in the
context of biomedical signal processing. This methodology allows to identify
the nonlinear influence of some physiological variables on the variations of
another physiological parameter, which provides a tool for the evaluation of the
effects of treatment. In the context of cerebral hemodynamics monitoring, this
methodology can be used to assess the individual, or joint, influence of systemic
variables on the brain hemodynamics. By assessing this influence potentially
pathological changes can be detected.

However, the model presented in this chapter only takes into account static
nonlinear relationships between the target signal and the regressors. In order to
be able to include dynamic information a model structure should be imposed.
In linear system identification, specifically in subspace system identification,
the system is described by the interactions between the input-output subspaces
defined by the past and ”future” data points. These subspaces are described
by a matrix formed by a hankelization of the input-output observations. In
this chapter we have shown how the subspaces in a RKHS can be defined using
kernel evaluations. Therefore, this concept can be used to extend the linear
subspace system identification to a nonlinear framework, where a nonlinear
transformation is applied to the input-output data and a linear subspace system
identification is applied in the RKHS. Further research on how this methodology
can be adapted to nonlinear subspace system identification in the RKHS is
needed.
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Figure 3.9: Output of the model for the individual contribution of the signal s2
in the model output. Since there is no direct influence of the signal on the model
output the target, represented by the black crosses, is zero. The circles represent
the output of the model. It can be seen that even though the estimated output
is not zero, it is small compared to the other variables.
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Chapter 4

Data and Proprocessing

This chapter introduces the data that will be used in the clinical studies discussed
in chapter 7. In addition, the general preprocessing algorithm used on the data
will be presented. Sections 4.1 - 4.6 presents a description of the different dataset
used in the clinical studies. The description of the data has been divided in
different sections due to the lack of homogeneity of the dataset. The dataset used
in this thesis contains measurements from different centers, NIRS instruments,
and different measured variables. Finally, In section 4.7 a description of the
preprocessing procedure used is presented.

4.1 University Hospital Leuven

Two different datasets were collected from measurements of neonates at the
neonatal intensive care unit (NICU) at the University Hospital Leuven, in
Belgium. Regular cranial ultrasounds were performed at day 1,3, and 7 after
birth. The medical ethical committee of the hospitals approved the use of these
data in the clinical studies presented in this chapter. Informed parental consent
was obtained in all cases.

In both datasets systemic measurements of SaO2 and MABP were taken.
SaO2 was continuously recorded by pulse oxymetry on a limb and MABP
by an indwelling arterial catheter (umbilical, tibial or radial artery). The
NIRO300 (Hamamatsu®, Japan) was used for noninvasive monitoring of cerebral
hemodynamics and oxygenation parameters TOI, ∆HbO2, and ∆HHb. The
differential pathlength factor (taking into account the scattering of the infrared
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light into the brain) was set at 4.39 [18, 237] and encoded into the PC as a
constant value. For calculation of TOI, the absorption of near-infrared light was
measured at two points and the diffusion equation was used, this can be found
in equation (1.5). ∆HbD was calculated afterwards as the difference between
∆HbO2 and ∆HHb.

MABP and SaO2 data in Leuven were generated at 2 Hz and recorded at a
sampling frequency of 100Hz by a data acquisition system CODAS (Dataq
Instruments, USA) and stored on a PC. The NIRO 300 signals were digital and
recorded with a sampling frequency of 6Hz. They were converted to analog
signals with a sample-and-hold function before being introduced in the CODAS
system. A detailed explanation of the population in the datasets is given below.
A representative recording for the data measured in the University hospital
Leuven is shown in figure 4.1.
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Figure 4.1: Typical recordings of SaO2, MABP, ∆HbD and TOI measured on a
preterm infant in Leuven.
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4.1.1 Propofol dataset

This dataset consists of measurements for a total of 14 infants from the NICU
of the University Hospital Leuven. Neonates were included following approval
of the study protocol by the ethical board of the University Hospital Leuven,
Belgium, and after informed written consent was obtained from the parents.
These infants with a mean post menstrual age (PMA) of 37 6/7 weeks (27 - 47)
and a mean body weight of 2931g (855 - 4380) were treated with propofol to
attain a short lasting sedation during elective chest tube removal to facilitate
chest tube removal and avoid external aspiration of air. Recordings were
taken 5 min before up to 60 min after intravenous bolus propofol 3mg/kg-1

administration. This dataset will be called the propofol dataset from here on.
A detailed demographic and clinical data description of the dataset is depicted
in table 4.1.

Parameter Value
Weight (gr) 2931 (855 - 4380)
GA (weeks) 35 3/7 (26 - 40)
PMA, (weeks) 37 6/7 (27 - 47)
PNA, (days) 18 (3 - 71)
Apgar 1 7 (4 - 9)
Apgar 5 8 (4 - 10)

Table 4.1: Mean (range) for the clinical data of the propofol dataset. Weight,
gestational age (GA), Post-menstrual age (PMA), post-natal age (PNA) and the
Apgar scores 1, 5 are indicated. The Apgar score is a medical score computed
from 5 characteristics of the newborns at 1 and 5 minutes after birth. These
characteristics are graded between 0-2, and their sum produce the Apgar score.
The characteristics that are measured are heart rate, respiratory effort, muscle
tone, reflex irritability, and color. Scores higher than 7 indicate a good status
in the newborn. This test was proposed in 1952 by Virginia Apgar [8].

4.1.2 Leuven dataset

This dataset contains the recordings of 20 prematurely born infants with need
for intensive care that were monitored during the first 3 days of life at the NICU
of the University Hospital Leuven. Mean PMA of the Leuven infants was 28 5/7
weeks (SD ±3 2/7), mean body weight 1125g (SD ±503.76) and mean PNA at
the time of measurements was 1.4 days (SD ±1.06). Demographic and clinical
data of the infants are summarized in table 4.2. This dataset will be called the
Leuven dataset from here on.
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Parameter Value
Weight (gr) 1007 (570-2935)
GA (weeks) 29 2/7 (24-39)
Male/Female 10/10
Apgar 1 7 (0-9)
Apgar 5 9 (1-10)
IVH [no (%)] 7 (35%)
PVL [no (%)] 7 (35%)
Neonatal Mortality [no (%)] 1 (5%)

Table 4.2: Characteristics for the Leuven dataset. Median (range) unless
otherwise stated.

4.2 University Medical Centre Utrecht

Two different datasets were collected from measurements of neonates at the
neonatal intensive care unit (NICU) at the University Medical Centre Utrecht,
specifically from the Wilhelmina Children’s Hospital, in The Nederlands. A
detailed explanation of the datasets is given below. Regular cranial ultrasounds
were performed at day 1,2,3 and then weekly. The medical ethical committee
of the hospitals approved the present study. Informed parental consent was
obtained in all cases.

In both datasets systemic measurements of SaO2 and MABP were taken. SaO2
was continuously recorded by pulse oximetry on a limb and MABP by an
indwelling arterial umbilical catheter. The INVOS4100 (Somanetics Corp®,
MI) was used to measure the rScO2. The optical densities at a distance
4cm (deep signal) and 3cm (shallow signal) from the detector, were recorded
simultaneously. For the calculation of rScO2 the scattering of near-infrared light
at 2 wavelengths, namely 730 and 810 nm, is measured at 3cm and subtracted
from the measurement at the second optode at 4 cm. ∆HbT was computed
afterwards as the inverse of the difference between both optical densities.

MABP, SaO2 and rScO2 were collected simultaneously by the Poly5(Inspektor
Research Systems, the Netherlands) system with a sampling frequency of 10Hz,
and they were stored on a personal computer for offline analysis. Since the
optical densities were sampled at 0.0167Hz (i.e. one value per minute) on a
separate disk drive, all signals were filtered with a mean average filter and
then downsampled to this lower frequency in order to avoid loss of information
in the new downsampled signal. By adopting this new sample frequency, we
stay in accordance with the findings of von Siebenthal et al.(17) concerning
the periodicity of the studied signals. A similar study of the influence of the
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sampling frequency on the scores, as with the NIRO300 data, was not possible
with the INVOS4100 data due to the low sample frequency of ∆HbT. A detailed
explanation of the population in the dataset is given below. A representative
recording from the data measured at the University Medical Centre Utrecht
is shown in figure 4.2, this recording belongs to a subject from the Labetalol
dataset.

0 100 200 300 400 500 600 700
40

60

80

rS
cO

2 [%
]

0 100 200 300 400 500 600 700
20

40

60

M
A

B
P

  
[m

m
H

g]

0 100 200 300 400 500 600 700
0

20

40

time [min]

P
ul

se
 P

re
ss

ur
e 

[m
m

H
g]

Figure 4.2: . Measurements of rScO2, MABP and Pulse pressure for one of the
subjects during the first day of life.

4.2.1 Utrecht dataset

This dataset includes the recordings of 20 prematurely born infants monitored at
the NICU of the University Medical Centre Utrecht, The Netherlands. Infants
from this dataset have a mean PMA of 29 2/7 weeks (SD ±1 2/7) and a mean
body weight of 1114g (SD ± 316.94). This dataset will be referred to as the
Utrecht dataset from here on. Demographic and clinical data of the infants are
summarized in table 4.3.
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Parameter Value
Weight (gr) 1025 (640-1690)
GA (weeks) 29 3/7 (26-31)
Male/Female 10/10
Apgar 1 6 (1-9)
Apgar 5 8.5(4-10)
IVH [no (%)] 4 (20%)
PVL [no (%)] 1 (5%)
Neonatal Mortality [no (%)] 1 (5%)

Table 4.3: Characteristics for the Utrecht dataset. Median (range) unless
otherwise stated

4.2.2 Labetalol dataset

This dataset consists of measurements from 56 infants with a gestational age
of 29 (24.7- 31.9) weeks and a birth weight of 960 (540-1585) grams. With
NIRS, regional oxygen saturation (rScO2) was continuously and noninvasively
recorded using the INVOS4100. Blood pressure, SaO2 and NIRS signals were
simultaneously measured during the first three days of life. From the blood
pressure signal, the MABP and the pulse pressure were computed. The pulse
pressure was calculated as the difference between the systolic and diastolic blood
pressure measurements. Figure 1 shows a representative set of measurements
for a control subject. From the 56 infants 16 correspond to control subjects,
and 40 correspond to the group of mothers who were treated for hypertensive
disorders of pregnancy (HDP). All the groups were matched for gestational
age, weight and sex. From the HDP group 21 neonates correspond to mothers
treated with labetalol, this sub-group will be called the (HPD+Lab) group,
and 19 correspond to mothers with other treatment, this group will be called
the (HPD-Lab) group. The subjects from the three groups were matched for
gestational age, birth weight and gender in order to exclude the influence of
these parameters on the results provided by the analysis. From here on this
dataset will be called the labetalol dataset.

4.3 University Hospital Zurich

This dataset consists of measurements from 42 infants with a gestational age of
28.1±2.27 weeks and a birth weight of 1155±467 gram. In all infants the pCO2
was measured by a transcutaneous monitor, arterial oxygen saturation (SaO2)
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was measured continuously by pulse oximetry, and MABP by an indwelling
arterial catheter. With NIRS, the cerebral intravascular oxygenation (∆HbD)
was continuously and noninvasively recorded using the Critikon Cerebral RedOx
Monitor from Johnson & Johnson Medical. MABP, SaO2 and NIRS signals were
simultaneously measured during the first three days of life and downsampled at
0.333Hz for further processing.

4.4 ECMO Dataset

The ECMO dataset consists of measurements from 5 subjects (ranging
from 1-1825 days) on a veno-arterial (VA) extra corporeal membrane
oxygenation (ECMO) procedure. A dual channel near infrared system NIRO200
(Hamamatsu®, Japan) was used to measure the changes in HbO2, HHb and
TOI using spatially resolved spectroscopy. From these signals ∆HbD and total
hemoglobin changes (∆HbT = ∆HbO2 + ∆HHb) were calculated and used,
together, with TOI for further analysis. NIRS data were collected at frequency
of 6Hz. Channel 1 was placed on the forehead in order to assess cerebral
NIRS changes, while channel 2 was placed on the calf to assess peripheral
NIRS changes. A full set of systemic data including, MABP, central venous
pressure (CVP), end-tidal carbon dioxide pressure (EtCO2), heart rate (HR),
respiration rate (RR), core and skin temperatures and SaO2, were continuously
measured in real time at the bedside using the IntelliVue MP70 (Philips, USA).
All signals were down-sampled to 1Hz and artifacts were removed manually by
means of interpolation. Figure 4.3 shows an example of the systemic and NIRS
measurements from one neonate.

Measurements in this dataset were collected during stepwise changes in the
ECMO flow. The flow was reduced from baseline (100% ECMO flow) in steps of
10%, approximately every 10 minutes, until 70% of the baseline ECMO flow was
reached. Afterward the flow was increased back to baseline following the same
profile. In cases where the patients could not accommodate a 30% reduction in
ECMO flow, it was only reduced by a total of 20%.

4.5 Duchenne Dataset

This dataset contains measurement from 8 subjects with Duchenne muscular
dystrophy (DMD). These patients were enrolled between November 2010 and
April 2011 and followed up at the pediatric neuromuscular reference center of the
University Hospitals Leuven. Furthermore, measurements from 11 age-matched
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Figure 4.3: Systemic and hemodynamical variables of a patient undergoing
ECMO procedure. Systemic variations of HR, SaO2, MABP, core Temperature,
skin temperature, CVP and EtCO2 were simultaneously acquired with NIRS
measurements from the leg and the brain. The vertical dotted lines represent
the time when changes in the ECMO flow were performed.

healthy male controls aged 9-12 years were included. The study protocol was
approved by the institutional review board and informed consent was obtained
from all parents of the children.

Muscle NIRS and sEMG signals were continuously measured in the biceps
muscle during a protocol consisting of 6 phases. Cutaneous sEMG electrodes
were placed on the medial side of the right biceps brachii, according to the
recommendations of SENIAM (Surface ElectroMyoGraphy for the Non-Invasive
Assessment of Muscles) [87]. A NIRS device NIRO300 was utilized to measure
the hemodynamical variables in the muscle using a NIRS probe (source-detector
distance: 4 cm) that was placed on the lateral side of the right biceps brachii
symmetrically in the direction of the muscle fibers at 1 cm of the midline. A
myometer microFET2 (Biometrics BV, The Netherlands) was located on the
right wrist and used to register the generated force. The protocol consisted of
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the following steps:

• The subject was located in a supine position with the arms relaxed. A
baseline measurement of approximately 2 minutes was recorded.

• After the baseline measurements the subject was asked to perform two
consecutive maximal voluntary isometric contractions (MVIC). The force
generated during these contractions was recorded using a myometer. The
average force was used as a reference measurement for MVIC.

• A rest period of 2 minutes followed the MVC phase. During this time it
is expected that the hemodynamic variables will stabilize.

• After recovery, the patients were then asked to flex their right arm. The
arm was held in the flexed position by an assistant present during the
measurements. No force should be exerted at this moment. The patients
sustained this flexion for one minute in order to allow for recovery of the
muscle for any change caused.

• The patients were asked to exert a prolonged submaximal at 60% of their
respective MVIC during one minute.

• After the sustained contraction a 10 minutes recovery period was measured.

In figure 4.4 a schematic representation of the protocol used is shown. Figure
4.5 shows a typical recording during the execution of the protocol.

Figure 4.4: Protocol used for the measurements in the Duchenne study.

All signals were digitized via an analog-digital conversion of 24bits cDAQ(National
instruments, USA) on a PC for further analysis. After the measurement, the
skin fat layer was measured twice on the central part of the biceps with a
Harpenden skinfold Caliper (British Indicator Ltd., UK). The mean value of the
2 measurements obtained from the harpenden skinfold caliper was used as the
skin fat layer value for the patient. Since NIRS measurements are attenuated
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Figure 4.5: Typical recording for a control subject during the execution of the
protocol in the Duchenne study. From top to bottom sEMG, TOI, HHb, HbO2
and HbT.

by the fat layer, the skin fat layer value obtained for each patient was used to
correct for the attenuation in the NIRS signals as explained in [14].

For the DMD patients, a functional assessment was done at the time of
measurement by one experienced evaluator using the 6 minute walking test
(6MWT), a measure utilized as an important clinical tool for progression of the
disease [137]. In addition, timed functional tests (time to rise from floor, 10-m
walk and 4-stair climb) were performed. The level of ambulation was recorded.
All patients had an evaluation of the cardiac function by echocardiography
using a echocardiograph iE33 (Philips Medical Systems, USA) and pulmonary-
function tests were performed (forced vital capacity (FVC), forced expiratory
volume in 1s (FEV1)) by spirometry (Pneumotrac Vitalograph, UK).
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4.6 Lamb Dataset

This dataset has been provided by Dr. Flora Wong. The dataset is composed
of measurements performed in lambs between 3-6 days after birth. A complete
description of the dataset can be found in [235]. Briefly, the dataset contains
concomitant measurements of several systemic and cerebral hemodynamic
variables during changes in cerebral perfusion pressure. These changes were
produced by controlled reductions of distal arterial pressure by means of an
inflatable occluder cuff that was located around the common brachiocephalic
artery. The changes in MABP were performed during a time interval of 20 min
approximately. The duration of the inflation and deflation range between 3
- 100 s. Measurements of SaO2 using a pulse oximeter placed on the lamb’s
tongue Nellcor 200 (Nellcor Incorporated, USA), EtCO2 , CBFv using a transit
time ultrasonic flow probe with 2 mm diameter #2S632 (Transonic System,
USA), MABP using a calibrated strain-gauge pressure transducer Cobe CDX
III(Cobe Laboratories, USA) and tissue oxygenation TOI using a NIRO200
were performed during the protocol. The data were acquired at a sampling
frequency of 400Hz. For the analysis performed in this dissertation the data
were downsampled to 1Hz, by first applying a moving average filter with length
400 samples and then decimating the signals by a factor of 400. A sample of
the data used is shown in figure 4.6. From here on this dataset will be called
the Lamb Dataset.

4.7 Preprocessing

4.7.1 Artifacts

Biomedical signals are normally corrupted by different artifacts and noise sources.
These sources are related to physiological phenomena, i.e. contamination
due to other physiological signals, electronic instrumentation, i.e. power line
interference or movement of electrodes and probes, or environmental conditions
such as ambient light. The removal of the undesired disturbances in the signals
is of utmost importance considering their impact in the processing algorithm
used in later stages [176]. Due to the big variety of artifacts and their different
impact in the signals, there exist different types of algorithms designed to reduce
their influence under some specific condition. Noise, in contrast with artifacts,
is generally consider as a random additive component in the signal. The noise
is normally reduced by the use of filters of which the characteristics depend on
the problem specifications.
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Figure 4.6: Typical recording for the Lamb dataset. From top to botton, CBF,
TOI, MABP, and EtCO2.

Function estimation from noisy samples is closely related to signal denoising.
In this framework the general problem is reduced to find a function, f , that
minimizes the error, e, between the predicted values f(x) and measured values
y. Statistics (linear and nonlinear regression), neural networks and support
vector machines among other methodologies have been used to address this
problem.

The signals used in this thesis were preprocessed using a least squares
support vector machines (LS-SVM) in order to remove and correct segments
contaminated by artifacts. Only segments with artifacts shorter than 30 seconds
were preprocessed using the algorithm presented in section 3.1. When the
artifacts were longer than 30 seconds the data was truncated. This preprocessing
divides a continuous recording in several segments free of artifacts. These
segments were used for further processing. An illustrative example of this
preprocessing stage can be seen in figure 4.7, where a set of measurements of
SaO2, MABP and TOI is decomposed in a set of segments free of artifacts.
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4.7.2 Filtering

After the removal of artifacts and the segmentation of the signals in segments
free of artifacts, a basic filtering was applied to the signals. a low-pass filter
with a cut off frequency of 0.14Hz or 0.5Hz, depending on the application, was
used. In addition the linear trend presented in the signals was subtracted in
order to avoid high values at low frequencies in the computation of the power
spectrum. The preprocessing algorithm is further explained in the algorithm 4.

Algorithm 4 Preprocessing algorithm.
input: signals to preprocess: s, with s ∈ RN .
output: Sr is a set of all the r segments free of artifacts from the signal s.

begin
r ← 1
while duration of s
if detect artifacts in s
If duration artifact < 30s
aux ← segment from s
aux ← output from robust LS-SVM model in (3.11)
aux ← Filtered and detrended version of aux
Sr ← aux
r ← r + 1
else segment is rejected, continue to next segment
endif
endif
endwhile
end
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Chapter 5

The Use of TOI and rScO2 in
Cerebral Autoregulation
Assessment

In this chapter the use of TOI and rScO2 in cerebral autoregulation (CA) studies
is investigated. In the framework of cerebral autoregulation assessment, several
studies have use measurements of ∆HbD and ∆HbT as a surrogate measure for
cerebral blood flow (CBF). However, these measurements are prone to movement
artefacts. TOI and rScO2 are more stable measurements that are also obtained
with NIRS technology. In this chapter, an analysis of the differences between
CA assessment using TOI and rScO2 instead of ∆HbD and ∆HbT is presented.
This chapter is based on paper 2 in my publication list.

5.1 Introduction

The main goal of this study was to investigate whether TOI and rScO2
could replace ∆HbD and ∆HbT, respectively, in the assessment of cerebral
autoregulation. Tsuji et al [216] were the first to report the use of NIRS
as a tool for the continuous measurement of autoregulation and to validate
the cerebral intravascular oxygenation (∆HbD) as a measure of CBF [215].
∆HbD can be continuously measured by means of any NIRS device. Tsuji
et al [216] found a good correlation between ∆HbD and MABP changes,
indicating loss in cerebral autoregulation. Furthermore, a good correlation

109
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was found between autoregulation and outcome, i.e. the frequency of severe
intraventricular bleeding. However, ∆HbD is a relative parameter and difficult
to measure because of movement artifacts. If the goal is to have a continuous
robust measurement, other parameters of oxygenation, that are more stable
and easy to interpret, should be used. TOI and rScO2 are 2 promising NIRS
parameters, based upon spatially resolved spectroscopy, that provide absolute
values of regional hemoglobin oxygen saturation in absolute terms, they have
been validated against the jugular venous saturation and each other, see e.g.
[148, 45]. In addition TOI and rScO2 are less prone to movement artifacts [219].

5.2 Methods

Data from the Leuven, propofol and Utrecht dataset were used in this study.
The data were preprocessed using the algorithm 4. Only segments free of
artefacts and that were longer than 40 minutes were used in this study. Mean
recording time for the Leuven dataset was 1h48min (SD ±70min) yielding 293
epochs of 20 min. For the propofol dataset, mean recording time was 1h32min
(SD ±42min) yielding 53 epochs of 20 min. Mean recording time for the Utrecht
data was 05h25min (SD ±3h13min) including 342 epochs of 20 min.

Due to the differences in the sampling frequency for both datasets, two different
analyses were done with the data. In the first analysis the Leuven and Propofol
dataset were filtered with a mean average filter and then downsampled to a
sampling frequency of 0.333 Hz, the analysis was performed in these data.
In the second analysis the signals from the Leuven and propofol dataset
were downsampled to a common sampling frequency of 0.0167 Hz (periodicity
60s) in order to ensure the best compatibility between both medical centers.
Furthermore, the influence of the sampling frequency on the scores, using the
Leuven and Propofol dataset, was studied.

Correlation (COR) and coherence (COH) values were calculated in each 20-
minutes epochs. The average of COH over the frequency band 0.0042-0.00837Hz
(periodicity in the range 120-240s) for the 60s data, and over the frequency
band 0.0033-0.04Hz for the 3s data (range 25-300s) [197], was used as score for
the considered signal epoch [224, 30, 119, 140]. Since the concordance between
the signals might vary as a function of time, a sliding window approach was
used. To calculate the amplitude of the COH, the auto-power and cross-power
spectra densities were estimated using the Welch averaged periodogram method.
In this method, each 20 minute epoch was subdivided in 5 segments of duration
10 minutes with a overlap of 7.5 minutes.
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The concordance scores computed from TOI versus MABP (method 1) and
∆HbD versus MABP (method 2) can be considered as two measurements from
the same underlying process. Similarly, the concordance scores computed from
rScO2 versus MABP (method 1) and ∆HbT versus MABP (method 2), using
the recordings from Utrecht, can be considered as two measurements of the
same process. Two different analyses were performed with the scores: on patient
level (with one mean value per patient) and epoch level (with one score value
for each 20min epoch).

• On the patient level, the scores were averaged for neonates of whom
multiple 20min epochs were available, in order to obtain one mean score
value per baby. The paired t-test and Wilcoxon signed rank test were
applied to investigate the difference in the mean COR and mean COH
score between 1) TOI/MABP and ∆HbD/MABP and 2) rScO2/MABP
and ∆HbT/MABP.

• On the epoch level, generalized linear mixed models were used to take into
account all the scores over each 20min epoch (multiple measurements) per
baby.

The influence of the variations in MABP on cerebral autoregulation assessment
was studied using the concordance scores corresponding to epochs with high
variations in MABP separately (MABP > 10mmHg). Bland Altman plots were
constructed to visualize the agreement between the two methods. All reported
p-values were two-tailed and we considered as statistically significant a nominal
p-value < 0.05. The statistical analysis were performed using the SAS System,
version 9.1, SAS Institute Inc., Cary, NC, USA.

5.3 Results

5.3.1 Analysis on the patient level

Table 5.1 shows the differences in mean concordance scores computed from
∆HbD (∆HbT) versus MABP (method 1) compared to TOI (rScO2) versus
MABP (method 2). All data were sampled at 60 sec. Using the NIRO 300
recordings from the Propofol dataset, the mean COR and COH, computed from
∆HbD versus MABP compared to TOI versus MABP were not statistically
significantly different (p-values 0.22 and 0.45 respectively). For the Leuven
dataset, the mean COR scores, computed from ∆HbD versus MABP compared
to TOI versus MABP were not statistically significantly different (p-value 0.40).
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On the other hand, the mean COH, computed from ∆HbD versus MABP
compared to TOI versus MABP was borderline significantly different (p-values
0.04), with a difference of 5.5%. However, these differences remain clinically
unimportant and fall within the normal variation of the parameters.This implies
that both methods can be used interchangeably.

Using the INVOS4100 data recordings from Utrecht, the mean COR and COH
scores, computed from ∆HbT versus MABP compared to rScO2 versus MABP,
were statistically significantly different (all p-values < 0.01), with differences
9.3% and 5.8% respectively. The larger differences can be explained by the fact
that ∆HbT less reflects CBF compared to ∆HbD [216]. Moreover, there are
large difficulties in measuring ∆HbT using the INVOS4100.

5.3.2 Analysis on the epoch level

Table 5.2 shows the p-values indicating the statistical significance of the
differences in concordance scores computed from ∆HbD (resp., ∆HbT) versus
MABP (method 1) compared to TOI (resp., rScO2) versus MABP (method 2).
Here, the concordance scores are compared for each 20 min epoch. For each
infant multiple measurements are available. Generalized linear mixed models
were used to assess the differences between both methods.

In the Propofol dataset sampled at 60 seconds, the differences in COR and
COH scores, computed from ∆HbD versus MABP compared to TOI versus
MABP were statistically not significant (with p-values 0.21 and 0.38). Similar
results hold for the Leuven dataset sampled at 60 seconds: the corresponding
differences were all statistically not significant (with p-values 0.95 and 0.08).
Using the INVOS4100 data recordings from Utrecht, the differences in COR and
COH scores, computed from ∆HbT versus MABP compared to rScO2 versus
MABP were statistically significant (with p-values < 0.01 in both cases), with
differences of 9.7% and 7.5% respectively.

5.3.3 Analysis for epochs with high variations in MABP

Table 5.3 shows the p-values indicating the statistical significance of the
differences in concordance scores computed from ∆HbD (resp., ∆HbT) versus
MABP (method 1) compared to TOI (resp., rScO2) versus MABP (method
2). Only 20min epochs with high variations in MABP (> 10 mmHg) were
retained for the analysis. In the propofol dataset sampled at 60 s, the COR
and COH scores, computed from ∆HbD versus MABP compared to TOI versus
MABP were statistically not significantly different (with p-values 0.96 and 0.76
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Propofol
∆HbD/MABP vs TOI/MABP

Mean (± std) Mean (± std) p-value
Median (Min-Max) Median (Min-Max)

COR 45.6 ± 21.0 39.1 ± 17.2 0.22
43.1 (14.9 - 82.2) 35.7 (12.6 - 69.4)

COH 47.2 ± 17.4 44.2 ± 12.1 0.45
45.8 (16.0 - 80.9) 46.3 (21.1 - 57.3)

Leuven
∆HbD/MABP vs TOI/MABP

Mean (± std) Mean (± std) p-value
Median (Min-Max) Median (Min-Max)

COR 42.2 ± 10.2 39.7 ± 10.4 0.40
40.1 (29.1 - 67.1) 38.2 (19.3 - 59.9)

COH 44.2 ± 11.3 38.7 ± 8.5 0.04
42.1 (23.7 - 64.5) 39.8 (18.9 - 58.6)

Utrecht
∆HbT/MABP vs rScO2/MABP

Mean (± std) Mean (± std) p-value
Median (Min-Max) Median (Min-Max)

COR 32.4 ± 5.0 41.7 ± 7.6
<0.01

33.8 (22.6 - 42.4) 40.0 (31.5 - 65.6)

COH 33.0 ± 7.9 38.8 ± 7.0 0.01
31.3 (18.0 - 48.0) 36.6 (27.8 - 55.0)

Table 5.1: Significance of differences in concordance scores computed from
∆HbD (resp., ∆HbT) versus MABP (method 1) compared to TOI (resp.,
rScO2) versus MABP (method 2). All data were sampled at 60 sec and scores
given in percentage.

respectively). Similar results were obtained for the Leuven dataset sampled at 60
s, where these differences were also shown to be statistically no significant (with
p-values 0.57 and 0.68 respectively). Using the INVOS4100 data recordings
from Utrecht, the differences in COR and COH scores, computed from ∆HbT
versus MABP compared to rScO2 versus MABP were no longer statistically
significant (with p-values 0.09 and 0.21 respectively).
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Propofol ∆HbD/MABP vs TOI/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=53, 14 subjects) Median (Min-Max) Median (Min-Max)

COR 46.5 ± 29.8 39.8 ± 27.6 0.21
44.6 (0.1 - 99.8) 34.2 (0.8 - 88.3)

COH 48.0 ± 22.4 44.7 ± 20.2 0.38
47.9 (8.3 - 95.4) 43.5 (4.1 - 91.0)

Leuven ∆HbD/MABP vs TOI/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=284, 20 subjects) Median (Min-Max) Median (Min-Max)

COR 43.1 ± 24.1 43.2 ± 23.2 0.95
40.5 (0.8 - 94.7) 43.3 (0.2 - 94.7)

COH 42.8 ± 24.5 39.3 ± 22.1 0.08
39.9 (2.2 - 96.8) 38.2 (0.9 - 93.9)

Utrecht ∆HbT/MABP vs rScO2/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=342, 20 subjects) Median (Min-Max) Median (Min-Max)

COR 31.9 ± 21.0 41.6 ± 25.0
<0.01

28.6 (0.1 - 82.3) 41.9 (0.04 - 95.8)

COH 31.3 ± 19.3 38.8 ± 23.3
<0.01

29.8 (0.5 - 87.1) 35.9 (0.6 - 97.8)

Table 5.2: Significance of the differences in concordance scores computed from
∆HbD (resp., ∆HbT) versus MABP (method 1) compared to TOI (resp., rScO2)
versus MABP (method 2) for all scores in the patients, the scores are given in
percentage. The number of considered 20min epochs is denoted by n.

5.3.4 Patient data sampled at 3 sec

In addition, to study the influence of the sampling frequency on the scores, the
differences in mean concordance scores (COR and COH) computed from ∆HbD
versus MABP (method 1) compared to TOI versus MABP (method 2) in the
propofol and the Leuven datasets were analyzed on a patient level, as well as on
epoch level. Although p-values were lower, similar conclusions hold as for the
60 second data. Wherever differences were statistically significant, they always
remained lower than 5.6%.
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Propofol ∆HbD/MABP vs TOI/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=14, 8 subjects) Median (Min-Max) Median (Min-Max)

COR 55.2 ± 28.4 54.7 ± 26.3 0.96
55.0 (12.7 - 99.8) 69.5 (9.3 - 83.4)

COH 44.0 ± 23.9 41.7 ± 23.5 0.76
42.3 (8.3 - 95.4) 39.4 (13.0 - 91.0)

Leuven ∆HbD/MABP vs TOI/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=46, 15 subjects) Median (Min-Max) Median (Min-Max)

COR 47.1 ± 26.7 44.2 ± 25.5 0.57
50.2 (1.3 - 92.7) 46.8 (3.7 - 93.1)

COH 46.1 ± 27.8 43.8 ± 25.3 0.68
45.0 (4.0 - 96.8) 44.0 (3.3 - 91.3)

Utrecht ∆HbT/MABP vs rScO2/MABP
60 seconds data Mean (± std) Mean (± std) p-value

(n=62, 15 subjects) Median (Min-Max) Median (Min-Max)

COR 35.4 ± 22.9 43.1 ± 27.0
<0.09

35.2 (0.1 - 74.7) 42.0 (0.04 - 92.5)

COH 35.3 ± 20.7 40.3 ± 25.9
<0.21

33.8 (0.8 - 82.6) 37.7 (1.1 - 97.8)

Table 5.3: Significance of the differences in concordance scores computed from
∆HbD (resp., ∆HbT) versus MABP (method 1) compared to TOI (resp.,
rScO2) versus MABP (method 2) for 20min epochs with variations in MABP
> 10mmHg. Scores are given in percentage. The number of considered 20min
epochs is denoted by n.

5.4 Discussion

Impaired cerebral autoregulation is considered a risk factor for brain injury in
the sick premature infant [76, 216, 234, 197]. However, previous studies using
intermittent static measurements [217] showed that CBF is independent from
MABP over a wide pressure range in premature babies. When there is a lack
of autoregulation, oxygen delivery is a function of CBF and cerebral arterial
oxygen content. Hence, it would be of clinical interest to have a continuous
measure of autoregulation. Therefore, NIRS was used by Tsuji et al. [216].
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Tsuji et al [215] and Soul et al [198] validated ∆HbD as a good measure
of CBF. Moreover, as total ∆Hb (∆HbT) reflects changes in cerebral blood
volume ( ∆CBV) [236] in patients with lack of autoregulative properties, as the
ones included in this study, it is possible that ∆HbT reflects CBF. The main
problem of these measurements is that they are very sensitive to movements
and thus only applicable in research settings. More recently, spatially resolved
spectroscopy introduced new parameters like TOI and rScO2, reflecting ∆Hb
oxygen saturation predominantly of the venous compartment [109]. These
parameters are less sensitive to movements and provide absolute values.

As shown in Tables 5.1, 5.2, and 5.3 no important differences exist in using
TOI instead of ∆HbD and using rScO2 instead of ∆HbT for the measurement
of autoregulation. The NIRS-derived parameter ∆HbT has been validated as
a measure of blood volume, so it does not represent changes in blood flow.
Because data were obtained in stable infants, changes in CBF and CBV could
be expected to be equivalent, as confirmed in our study. Significant differences,
if any, in mean COR and mean COH scores between both methods are less
than 7% when sampling the data at 60 s, which is still within the normal
variation induced for the NIRS parameters [219]. Using rScO2 instead of ∆HbT
as measure for autoregulation, larger differences (up to 9.7%) were noticed. This
can be produced for the difficulties in measuring ∆HbT using the INVOS4100
(this value is not user-accessible and was highly sensitive to artifacts) or because
∆HbT less reflects CBF compared with ∆HbD [215]; however, there is no
evidence to prove these assumptions. These differences can still be considered
as normal, therefore, clinically unimportant when used, e.g. for detection of
impaired autoregulation. However, all these differences become insignificant
when only the larger variations in MABP (>10 mm Hg) are taken into account
for the calculation of the COH and COR scores, as presented in Table 5.3. Small
changes in MABP yield low values in their power spectral density. Because our
COH/COR score calculations are using spontaneous MABP changes, a lot of
which are small, these might affect their reliability as confirmed by Hahn et al
[82]. Therefore, these epochs of higher MABP variations enable a more reliable
detection of (im)paired autoregulation. They better assess the autoregulative
properties of the brain and are clinically more important. Even though there
are no important statistical differences between the methods, large discrepancies
in the COR and COH values on an infant-to-infant basis exist. Hence, the
agreement is not very high either. These discrepancies, as mentioned before,
can be attributed to the normal variations of the NIRS parameters and to the
fact that model assumptions are only approximately valid in practice. The
NIRS parameters only indirectly measure CBF and their coupling with MABP
approximately reflects autoregulation assuming SaO2 constant, which is only
approximately valid. More importantly, what really matters here is the lower
sensitivity of TOI and rScO2 to movement artifacts compared with ∆HbD
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and ∆HbT. Therefore, they represent a more robust variable to assess the
autoregulation status of the infants.

Hence, this enables the direct clinical use of signal processing methods for the
automated and continuous calculation of the coupling between ∆HbD/TOI and
∆HbT/rScO2 versus MABP, using NIRS, mostly by means of COR and COH.
However, these scores are not a precise measurement of autoregulation but
rather a reflection of the autoregulation status of the baby. It is important to
recognize here the potential limitations of the use of COR and the COH analysis
to investigate moment-to-moment autoregulation mechanisms, because these
approaches assume a linear and stationary relationship between the measured
NIRS signals and MABP, which can produce misleading results in a system with
nonlinear and nonstationary properties. Future research should be oriented to
evaluate these effects. Finally, the scores should be related to clinical outcome
of the infants. The scores of our propofol dataset are shown to be related to
clinical intervention because they change concordant to the administration of
propofol [220].

5.5 Conclusion

None or little difference was found between scores computed from ∆HbD
versus MABP compared to TOI versus MABP using NIRO300 recordings from
Leuven, and between scores computed from ∆HbT versus MABP compared to
rScO2 versus MABP using INVOS4100 recordings from Utrecht. Using three
different datasets, recorded in two different centers with two different devices
and sampled at two different rates 3s and 60 s, a nice similarity has been
shown in scores by replacing the measured NIRS signal ∆HbD by TOI when
using a NIRO300 instrument, and by replacing ∆HbT by rScO2 when using an
INVOS4100 instrument. Hence, TOI and rScO2 can be used for the calculation
of cerebral autoregulation in neonates. It is however important to stress that
this is only applicable for the relation between MABP and TOI or ∆HbD. This
does not suggest that ∆HbD and TOI are the same, but yet that they can be
interchanged for studies in autoregulation. Moreover, it was demonstrate that
as the frequency range is restricted to lower frequencies (smaller than 0.008Hz)
the correspondences between the scores calculated based on ∆HbD and TOI,
or ∆HbT and rScO2, increase. These correspondences further increase when
restricting the COH/COR score calculations to those epochs with large enough
variations in MABP (> 10 mmHg). The importance of these findings is that
now a reliable monitor to measure cerebral autoregulation non-invasively and
continuously in preterm infants is available.





Chapter 6

Standardization of Traditional
Methodologies for Cerebral
Autoregulation Assessment

This chapter presents a study of the influence of the parameter setup on the scores
provided by correlation, coherence and transfer function analysis in cerebral
autoregulation (CA) assessment. Coherence and transfer function analysis, are
based on the computation of the power spectrum densities. Traditionally, the
power spectrum is computed using the Welch method. This method requires the
definition of several parameters. Recently, it has been shown that an arbitrary
selection of these parameters produces a high variability in the scores computed
for CA assessment. Therefore, due to the fact that different centers use different
parameters setup in their analysis, comparative analysis are difficult. In this
chapter this problem is addressed by providing a methodological study of the
influence of those parameters on the scores computed for CA assessment. As
result appropriate values for these parameters are proposed. It is expected that
this study helps in the standardization of the methods used in CA assessment.
This chapter is based on paper 5 in my publication list.

6.1 Introduction

Correlation and transfer function analysis have been used in clinical studies in
order to assess cerebral autoregulation. Correlation quantifies the strength of
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the relation between MABP and CBF and has been used in patients after head
injury [43]. Transfer function analysis, on the other hand, was first used by Giller
for cerebral autoregulation assessment [66]. Giller showed that patients with
impaired autoregulation presented higher coherence coefficients. Coherence,
as well as transfer function gain and phase, is a frequency based method.
Transfer function analysis is based on the system identification framework where
the system, in this case the mechanisms involved in cerebral autoregulation,
is treated as a black box and the frequency response is calculated based on
measurements of the input and the output: MABP and CBF respectively [19].
Coherence and transfer function have also been used with NIRS signals in
order to assess cerebral autoregulation [197, 234]. The core of transfer function
analysis, and frequency based techniques, is the estimation of the power spectral
and cross-spectral densities of the input and the output. This estimation is
normally done using the Welch method [232]. This method takes advantage of
the stationarity of a signal in order to reduce the influence of the noise, the bias
and the variance in the spectrum estimation. However, if the signal presents
non-stationarities the estimation is biased. In addition, extra parameters are
needed in order to estimate the power spectra; an arbitrary choice of these
parameters can produce misleading results. In the literature there is a lack of
studies that investigate the influence of the selection of those parameters when
used for cerebral autoregulation assessment. In addition, there is no consensus
on which parameters to use, it is common to find different choices in different
studies. Therefore, the main goal of this study is to investigate the influence
of the change in these parameters on the final scores used for autoregulation
assessment. Additionally, a secondary goal is to identify which method is more
robust against changes on these parameters, as well as to identify the values to
be selected when using correlation, coherence or transfer function for cerebral
autoregulation assessment.

6.2 Data

For this study the Leuven dataset was used. The signals were filtered using a
low-pass and a high-pass filter with cut-off frequencies of 0.15Hz and 0.003Hz
respectively. The data were afterward downsampled to a sampling frequency
Fs = 0.3Hz. As the information we are interested in is located in frequencies
lower than 0.1Hz, this cut-off frequency does not affect the frequency range
we are interested in. Artifacts such as movements and changes in baseline
were detected and removed by the preprocessing explained before in chapter 4.
Hence, a continuous recording was divided in smaller segments free of artifacts,
only segments with length longer than 40 minutes were kept for further analysis.
Remaining artifacts which could not be detected in the previous step were
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deleted manually. Figure 6.1 shows the data from one measurement segment
for one patient. The scores from correlation, coherence and gain are also shown.
The coherence and gain values were averaged in three different frequency bands:
0.003Hz-0.02Hz very low frequency (VLF), 0.02Hz-0.05Hz low frequency (LF)
and 0.05Hz-0.1Hz high frequency (HF).
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Figure 6.1: Correlation, coherence and gain values for measurements from one
patient. In the upper figure the raw data: MABP and TOI. In the second
figure the correlation values; the signal was divided in overlapping epochs of
15 minutes long and with a 90% overlapping. The third figure presents the
coherence values averaged in three different frequency bands VLF (0.003Hz-
0.02Hz), LF (0.02Hz-0.05Hz) and HF (0.05Hz-0.1Hz), the signal was divided in
epochs of 15 minutes long, a sub-window length of 5 minutes was used in the
Welch method with an overlapping percentage of 90%. The last figure shows
the gain values for the same parameter setup as for the coherence.
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6.3 Methods

Cerebral autoregulation was assessed using four different methods; namely,
correlation, coherence, modified coherence and transfer function. The influence
of the epoch length, overlapping percentage and sub-window length on the
final scores, produced by each method, was evaluated. From here on, the
term epoch refers to the segment on which the scores are calculated, the term
sub-window refers to the segment used in the Welch method. The overlapping
percentage refers to different parameters in the correlation and the frequency
based methods, it will be further explained when needed.

6.3.1 Methodology for correlation

To assess cerebral autoregulation using correlation (COR) the data is divided
in epochs, of which the length is user-defined. The calculated COR is then
assigned to each epoch and the procedure is repeated until the complete signal
is analyzed. Normally, there is no overlapping between consecutive epochs;
however, by including an overlapping a more detailed view of the evolution in
the common dynamics of the two signals is obtained. Furthermore, in order to
assess cerebral autoregulation in neonates, some extra parameters (e.g. mean,
standard deviation, among others) are derived from the time series of calculated
COR values. There is a delay between MABP and TOI of approximately 10
seconds in neonates [81]. We have performed the analysis taking this delay into
account.

In this study we are interested on studying the influence of the epoch length
and the overlapping percentage, for consecutive epochs, on the resulting COR
scores. In order to analyze this influence the following setup was used:

1. The signals were segmented in consecutive overlapping epochs of length
Ti, where Ti varies from 10-30 minutes.

2. Overlapping percentages (Oj) between consecutive epochs ranging from
10%-90% were used.

3. The COR scores were calculated for each epoch of length Ti and
Overlapping Oi.

4. The mean value of the resulting COR scores, for each Ti and Oi, was
assigned to each patient.

5. A sensitivity analysis was used to quantify the impact of Ti and Oi on
the scores calculated in the previous step.
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6.3.2 Methodology for coherence

Coherence (COH) is based on the calculation of cross- and auto-power spectrum.
In order to estimate the cross-spectral and auto-spectral power densities the
Welch method is used [232]. For two signals x and y, this method segments
the signals in consecutive overlapping sub-windows (xLi,Oj , yLi,Oj ) of length
Li, and overlapping percentage Oj . The power spectrum for each segment
is computed and the average among all the segments is used as the power
spectrum of the signal. When x and y are stationary signals, this procedure
reduces the bias and the variance in the estimation of the power spectrum,
as the differences in the power spectrum for different sub-windows are only
attributed to noise which is reduced through averaging. Lower values of Li
and/or higher values for Oj produce more sub-windows which improves the
estimation of the power spectrum. For stationary signals, an Oj higher than
50% does not reduce significantly the bias and variance in the power spectrum
estimation. In addition, the lowest value of Li is given by the lowest frequency
component of interest in the analysis.

In real life applications the signals x and y are recorded for several hours and are
highly affected by non-stationarities. In order to reduce the influence of these
non-stationarities in the power spectrum estimation, the most intuitive action
is to reduce the length of the x and y; therefore, the signals are segmented
in overlapping epochs of length Ti. By using maximum overlapping between
consecutive epochs a good resolution in time for the evolution of the common
dynamics between the signals can be obtained. The relation between the
non-stationarities and the length of the sub-windows and their overlapping
percentage (Li,Oj) used in the Welch method has not been analyzed for cerebral
autoregulation assessment. Studies of cerebral autoregulation using NIRS signals
are focused to the low frequency range 0.003Hz − 0.1Hz. Therefore, in order
to assess frequency components of 0.003Hz, theoretically, a sub-window of 5
minutes length is needed, which impose a limit for Li.

In this study the influence of the epoch length, Ti, and the sub-window
overlapping percentage, Oj , on the resulting COH scores will be investigated.
In order to analyze these influences the following setup was used:

1. The signals were segmented in consecutive overlapping epochs of length
Ti, where Ti varies from 10-30 minutes. Maximum overlapping between
consecutive epochs was used.

2. The sub-window length was fixed to Li = 5 minutes.

3. Overlapping percentages, Oj , between consecutive sub-windows ranging
from 10%-90% were used.
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4. The COH scores were calculated as a function of the each epoch of length
Ti and the sub-window overlapping Oj .

5. The mean value of the resulting COH scores along the epochs, for each Ti
and Oj , was assigned to each patient. This results in a vector of COH
values, in the frequency domain, per patient.

6. A sensitivity analysis was used to quantify the impact of Ti and Oj on
the COH scores.

A similar setup was used for all frequency based methods.

Modified Coherence

As spontaneous measurements of MABP may lack enough variation needed
to provide meaningful estimates of the coherence values [199], Hahn et al [82]
developed a modified version of the coherence where each frequency component
of the coherence is weighted by the percentage of the MABP power presented at
that frequency component. This modified coherence vector (MoCOH) corrects
for the segments with small variations in MABP. In order to study the influence
of the epoch length Ti and the sub-window overlapping percentage Oj , for
consecutive sub-windows, the same setup as in COH was used.

6.3.3 Methodology for Transfer Function

As for the coherence, the cross-spectral and auto-spectral densities are estimated
using the Welch method; therefore, the same restrictions of stationarity are
required. The transfer function can be analyzed by its magnitude and phase.
The magnitude or gain of the transfer function represents the strength of the
relationship between the signals at each frequency component. The phase of
the transfer function represents the phase delay at each frequency component
between the signals. The influence of the epoch length Ti and the sub-window
overlapping percentage Oj , for consecutive sub-windows, on the transfer function
values was studied using the same setup as in COH.

6.4 Sensitivity Analysis

Two different analysis were performed to evaluate the sensitivity of each method
to changes in the parameters. In both cases a sensitivity analysis approach
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was followed. On one hand, a global analysis using a modified version of the
elementary effects technique was used. The results given by this technique will
indicate which method, overall, is most robust to changes in the parameters.
On the other hand, a variance based method was used to evaluate the influence
of each parameter separately. More detailed information about these methods
can be found in [183].

6.4.1 Elementary effects

The elementary effects (EE) method is a way to characterize the influence of a
variable in a model. The method works as follows: Suppose a model Y depends
of a set of variables Xi = {X1, X2, . . . , Xk}, the elementary effect of the variable
i for i = {1, . . . , k} in the model Y is defined as:

EEi = Y (X1, . . . , Xi + ∆, . . . , Xk)− Y (X1, X2, . . . , Xk)
∆ (6.1)

where ∆ represents the step change in the discrete variable Xi and
Y (X1, X2, . . . , Xk) represents a reference from the model output and should
be fixed when calculating each EEi. The EE of the variable i can now be
characterized as the mean value of EEi and its standard deviation. High values
of EEi indicate that the variable i has a high impact in the model Y. However,
normalization should be used when comparing different models, as the EE
values are not normalized among different models. Therefore the following
modification was included:

1. For each method (model) used to assess cerebral autoregulation, an array
consisting of the scores calculated for each combination of parameters was
created. Let this array be Y (N,F, T,O) where N represents the number
of patients, F the frequency components (for frequency based methods),
T the epoch length and O the overlapping percentage. The parameters
vary as explained before.

2. For a fixed N and F the EE analysis was performed, using as reference the
median of the model. This produces an array EEY (N,F,EET,EEO).

3. With N and F fixed, a ratio between the energy of EEY and the energy of
Y was calculated, R(N,F ). This ratio can be interpreted as the percentage
of energy in Y due to its variations. The lower this value the less variability
in the output of Y , which indicates that Y is more robust to variations in
the model parameters.
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R(N,F ) = EETY EEY
Y TY

(6.2)

4. In order to check the influence of the parameters in different frequency
components the mean value along the patients dimension of R(N,F ) was
taken as a sensitivity measure for the model Y , it will be called normalized
sensitivity index (NSI). The standard deviation of R(N,F ) can also be
used as a sensitivity measure, however it only indicates the variability of
the variations of Y along the patients and not the overall variation due to
the change in the parameters.

NSI = 1
N

∑
N

R(N,F ) (6.3)

6.4.2 Variance based approach

The goal of variance based methods is to identify which variables in a model Y
are responsible for most of the variations in the model output. These variables
will then be the most relevant ones for Y . The sensitivity measure using the
variance based method is computed as follows:

Si = V ar(Y |Xi)
V ar(Y ) (6.4)

where V ar(Y |Xi) is the variance of the model Y with Xi constant and V ar(Y )
is the variance of the model output. The lower the value Si, the higher the
influence of the variable Xi in the model output Y . Indeed, low values of Si
indicate that most of the variability in the model is due to the variable Xi. The
following analysis was performed in our study:

1. As in the previous case, for each method (model) used to assess cerebral
autoregulation, an array consisting of the scores calculated for each
combination of parameters was created, Let this array be Y (N,F, T,O)
where N represents the number of patients, F the frequency components
(for frequency based methods), T the epoch length and O the overlapping
percentage. The parameters vary as explained before.

2. For a fixed N and F the sensitivity measure SO was calculated for varying
overlapping percentages.
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3. For a fixed N and F the sensitivity measure ST was calculated for varying
epoch length.

4. Mean values among the population and the frequency were taken to
analyze the effects of the epoch length and overlapping percentages in the
output of the methods.

6.4.3 Test for stationarity

A process is called stationary if its mean and standard deviation does not
change with time. Due to the changing nature of the physiological signals they
represent non-stationary processes. In order to probe if the signals included in
this study were non-stationary and to find the maximum length of a window
were its behavior might be represented by a stationary process, or as a trend
stationary process, we performed the KPSS test for stationarity. A detailed
description of the test can be found in [111].

In this analysis the following setup was used:

1. The signals were segmented in non-overlapping epochs of length varying
from 1 minute up to 30 minutes.

2. For each epoch the KPSS test was performed separately in the MABP
and the TOI signals.

3. For each epoch length, the percentage of epochs indicating a non-stationary
process was noted.

6.5 Results

6.5.1 Test for Stationarity

Figure 6.2 shows the results for KPSS test for stationarity applied for the MABP
and TOI signals. From the results it can be seen that when the epoch length is
increased more segments in the dataset present non-stationarities. It can also
be seen that the MABP presents more non-stationary segments than the TOI.
This is expected, since the variations in TOI are slower and less abrupt than the
variations in MABP. Therefore, it can be said that TOI is “more” stationary
than MABP for a given epoch length.
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Figure 6.2: Percentage of non-stationary epochs presented in the dataset vs the
epoch length.

6.5.2 Elementary Effects Analysis

In the figures 6.3 and 6.4 the results from the elementary effects analysis are
shown. In figure 6.3, the influence of the change in the parameters, represented
by the NSI, is plotted against each frequency component. The figure shows
a lower influence of the methods in the low frequency range, which may be
caused by the stronger power density of the signal in that region. Among all
the frequency based methods, the gain presents the lowest sensitivity index,
while the COH and the MoCOH present the highest indices. In particular it can
be seen that for the “high” frequencies, above 0.04Hz, COH, MoCOH and the
phase present high variations. This behavior can be expected as these scores
are more sensitive to high frequency noise than the gain. The performance of
correlation is not shown in figure 6.3 as it does not depend on frequency.

Figure 6.4 presents a scatter plot of the mean value of the scores among the
patients, which was presented in figure 6.3, and its standard deviation. For
the frequency based methods each point in the scatter plot corresponds to
a frequency component. The closer to the origin (0,0), the more robust the
method to the changes in the parameters. The figure shows that the correlation
outperforms all the methods. In some way this is expected, since it is the
simplest method where the influence of the parameters should be lower. For
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Figure 6.3: Mean value of the normalized sensitivity index among the patients
vs frequency.

the frequency based methods, the gain presents the best results. Results from
the phase are not shown as they possess a high variability and will not allow a
good display of the performance of the other methods. As in figure 6.3, it can
be seen that the performance of the COH and MoCOH is similar.

6.5.3 Variance Based Analysis

In figures 6.5 and 6.6 the results from the variance based analysis are shown.
In figure 6.5 the analysis of the influence of the epoch length in the methods is
depicted. For correlation it is observed that the shorter the length of the epoch
the lower the influence in the variation of the scores. Longer epochs induce a
higher variability in the scores. This is due to the non-stationary effects because
longer windows are more likely to be affected by non-stationarities than shorter
windows. On the other hand, the frequency based methods, namely COH,
MoCOH and gain present a similar behavior. In general, they also present a
high variability for short time epochs, epoch length < 14 minutes. This is due
to the restricted amount of sub-windows that are available for that epoch in the
calculation of the averaged power spectrum. When using the Welch method
for the estimation of the power spectrum, the epoch under analysis should be
divided in sub-windows. As the amount of these sub-windows increases the
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Figure 6.4: Mean value of the sensitivity index versus its standard deviation.

variance in the estimation of the power spectrum decreases. It is observed
that this is achieved with windows of length longer than 14 minutes. However,
epochs of length higher than 22 minutes introduce a higher variability in the
method output. This migth be due to the inclusion of more non-stationarities
segments in the window under analysis, as in the CORR method. The phase
presents a similar behavior as that of the other frequency based methods in the
region of epoch lengths 14-22 minutes. For shorter windows the influence of the
epoch length is lower.

In figure 6.6 the results for the analysis of the overlapping percentage, for
consecutive sub-windows, are shown. As the percentage of overlapping increases,
the COR, COH, MoCOH and gain methods present a higher sensitivity index,
which represents a lower variability in their model output due to that overlapping
percentage. This is due to the fact that more sub-windows are included in
the averaging of the scores per patient. According to the Welch method for
stationary signals, it is known that more than 50% of overlapping, in the
sub-windows, does not reduce significantly the variance and the bias in the
estimation of the power spectrum. According to figure 6.6, this percentage, for
our data, is 60%. This is an indication that mild non-stationarities are affecting
the estimation of the power spectrum. When the overlapping percentage is
increased, more sub-windows are included in the epoch under analysis; by
including more sub-windows, when averaging, the effect of non-stationarities



DISCUSSION 131

10 15 20 25 30
0.7

0.75

0.8

0.85

0.9

0.95

1

Window Length [min]

S
en

si
tiv

ity
 In

de
x 

S

 

 

Corr
MoCOH
COH
gain
phase

Figure 6.5: Influence of the window length on the performance of the methods
for cerebral autoregulation assessment.

is reduced. The phase presents a strange behavior as the influence of the
overlapping percentage in its output seems to decrease up to 50% of overlapping
and to increase afterward. However, as shown in the previous figures, the phase
is seemingly not a reliable measure when the parameters are not chosen carefully.
It is also important to note that the frequency based methods seem to stabilize
faster than the CORR with increasing overlapping percentage.

6.6 Discussion

Variations in the CORR, COH, MoCOH and transfer function scores, depicted in
figure 6.1, indicate the presence of a non-stationarity behavior in the relationship
between MABP and TOI. This is confirmed in the results shown in figure 6.2.
These non-stationarities are more evident when the length of the epochs is
increased. To our knowledge, there are no limitations for using CORR in
presence of non-stationarities. However, COH and transfer function analysis
were developed for the analysis of linear and time-invariant systems. This
is mainly due to the convergence in the power spectrum estimation of the
time-series involved in the analysis. In presence of non-stationarities the power
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Figure 6.6: Influence of the overlapping percentage on the performance of the
methods for cerebral autoregulation assessment.

spectrum estimation might no converge, in such cases it is not possible to use
methods based on Fourier analysis to study the relation between variables.

Correlation is by far the simplest way to compute the relation between two
signals. However, one of the most important drawbacks is that delayed dynamics
generate smaller COR coefficients, producing misleading results. Even though
the delay between MABP and TOI is approximately 10 seconds in neonates
[81], this delay is patient dependent and should be calculated for each patient in
order to produce information related to physiology. Studies involving correlation
for autoregulation assessment generally divide the signals in non-overlapping
segments, where COR is calculated for each segment and scores are derived
from the generated COR time series. To some extent this approach reduces
the influence of non-stationarities in the derived scores, as they are averaged
out. However, we found that the selection of the window length and the
overlapping percentage for consecutive epochs have a great impact on the
CORR scores. Longer windows introduce non-stationary effects, while low
overlapping percentages will introduce high variability in the patients score.
Based on our results, on one hand, the length of the epochs, for CORR, COH,
MoCOh and transfer function methods should be selected between 14-22 minutes,
these epoch lengths guarantee convergence of the power spectrum estimation
and reduce the amount of non-stationarities in the analyzed segment. On the
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other hand the overlapping percentage between consecutive sub-windows should
be higher than 60% in the frequency based methods, this minimizes the effect
of non-stationarities due to an increase in the number of sub-windows that will
be used in the power spectrum estimation. The overlapping percentage between
consecutive epochs inthe COR method should be higher than 80%. In this
way, not only the variability of the method output is reduced but, when using
correlation, the temporal resolution in cerebral autoregulation assessment is
also improved.

COH, as COR, is a measure of the strength of the linear relation between
two variables. However, its measurement is done in the frequency domain.
Although COH is not affected by delays between the signals as COR, it is highly
affected by non-stationarities and non-linearities. When using COH for cerebral
autoregulation assessment several parameters should be tuned. First, as in
COR, the signals should be segmented in epochs. Second, each epoch should be
divided in sub-windows, the length and the overlapping percentage of consecutive
sub-windows as well as the length of the epochs should be defined. Normally,
longer epochs produce lower COH values, which may indicate the presence
of more non-stationary segments in the epoch under analysis. Short epochs
produce noisier COH values due to the smaller number of sub-windows. The
length of the sub-window is linked to the lowest frequency expected in the signal.
Theoretically, the length of the sub-window should be at least the inverse of the
lowest frequency expected in the signal. In practice, the estimation is improved
as more oscillations are included; however, as was mentioned before, longer
windows are more likely to include more non-stationary segments. Cerebral
autoregulation studies, using NIRS signals, have focused on frequencies higher
than 0.003Hz which represents oscillations of 300s (5 minutes) and lower than
0.1Hz which represents oscillations of (10s) [159, 67]. In this study we fixed the
length of the sub-window to 5 minutes, for simplicity reasons. The selection
of the overlapping percentage, for consecutive sub-windows, is not as straight
forward as for the sub-window length. In the case of stationary signals an
overlapping higher than 50% does not reduce significantly the variance and bias
in the power spectrum density estimation and guarantees its convergence [232].
This is due to the fact that consecutive sub-windows represent the same process
and the differences are attributed only to noise, therefore, when averaging the
power spectral density of sub-windows the noise is greatly reduced. However, if
non-stationarities are present the impact of the overlapping on the coherence
values becomes important. In this study, we found that an overlapping higher
than 60% does not reduce the variability in the power spectrum estimation; this
points out the presence of mild non-stationarities in the signal, as the gain scores
converge only when this overlapping percentage was reached. If strong non-
stationarities were present in the epoch under analysis, the scores would not have
converged, or convergence will be reached for higher overlapping percentages.
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The effect of the change in the overlapping percentage and window length in
the MoCOH and the gain were similar to those for COH. This is expected as
all these methods are based on the power spectrum density estimation.

When used for cerebral autoregulation assessment we found that the gain
and the CORR are the most robust methods. However COR presents some
limitations that are overcome by the gain score, mainly related to delayed
dynamics. We also found that the change of the parameters affect less the low
frequency components compared to the high frequency components. This can
be due to the fact that the power of the signals is located in the low frequency
ranges and that the high frequencies are affected by noise. Gommer et al.
[72] found that the transfer function gain and phase were robust to changes
in the preprocessing when used to quantify cerebral autoregulation. They
calculated the transfer function gain and phase, using the Welch method for
the estimation of the power spectrum, with 2 different sub-window length 51.2s
and 409.6s and an overlapping of 50% for consecutive sub-windows, the length
of the epoch under analysis was 15 minutes. They found that the gain and
phase values were hardly affected by the selection of these parameters and the
pre-processing method used in the data. In contrast with [72] in this study was
analyzed the influence of the overlapping percentage between consecutive sub-
windows and the length of the epochs on the transfer function, coherence and
modified coherence parameters. Gain is the most robust method for quantifying
cerebral autoregulation, but the results provided by this study do not favor
the phase score. In addition, Hanh et al [81] validated the use of frequency
analysis methods to assess cerebral autoregulation. They found that the gain
in combination with coherence presented the best performance, although it still
lacks of precision for clinical use.

6.7 Conclusion

Assessment of cerebral autoregulation is a complex problem that has been
addressed in different ways. Due to the lack of significant results, that relate
cerebral autoregulation assessment with clinical outcome, its use in clinical
practice has been limited. However, these results may be due to the wrong
selection of methods or a wrong setup used in its assessment. In this study is
shown that transfer function gain and COR are the most robust methods to
changes in the setup of the parameters, when compared to transfer function
phase, COH and MoCOH. However, the COR has problems when delays are
present in the signals under analysis. Moreover, the transfer function can
assess the causal relationship between MABP and CBF. When frequency based
methods are used, this study concludes that epoch lengths between 14-22
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minutes and overlapping percentages, for consecutive sub-windows, higher than
60% improve the estimation of the power spectrum and reduce the influence
of non-stationarities. We also propose the gain as the most robust method for
cerebral autoregulation studies.





Chapter 7

Clinical Case Studies

In this chapter the clinical studies performed during my doctoral research are
presented. Section 7.1 presents a study of the performance of the methods
for cerebral autoregulation assessment for the prediction of clinical outcome
in neonates. Section 7.2 describes a study where the myogenic and metabolic
mechanism for CA are assessed. In section 7.3 a study of the evaluation of
the methods for cerebral hemodynamics assessment in a population of infants
undergoing ECMO procedure, using CCA, is introduced. In section 7.4 the use of
oblique subspace projection for cerebral hemodynamics monitoring is introduced.
Section 7.5 presents results from the use of wavelet based transfer function
WBTF and nonlinear regression (KPCR) in the study of the relation between
some systemic variables and CBF/TOI measurements. Section 7.6 presents
the results for a study where cerebral autoregulation is assessed in infants from
mothers that underwent treatment for hypertension using Labetalol. Section
7.7 presents the results from a study where the hemodynamical variables in the
muscle of children with Duchenne muscle dystrophy was evaluated. Finally,
in section 7.8 the use of subspace projections in the detection of sleep apnea
episodes is illustrated. The content in this chapter is based on papers 1, 3, 4, 7,
13, 15 and 16 from my publication list.
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7.1 Cerebral autoregulation assessment I

7.1.1 Introduction

The main goal of this study is to investigate whether coherence and transfer
function derived scores for autoregulation can predict short term outcome in
premature infants.

CA can be assessed by analyzing the relation between MABP and CBF, which
can be measured continuously. The similarity in the dynamics of both signals
has been quantified so far by means of correlation, (partial) coherence and
transfer function analysis [216, 76], among other methods. Intervals with
a correlation, (partial) coherence coefficient > 0.5 are considered to present
impaired autoregulation. In order to include all this information in a single value,
two scores have been used: the Pressure Passive Index (PPI) [197], defined as
the percentage of 10-min epochs with impaired autoregulation, and the Critical
Percentage of Recording Time (CPRT), which represents the percentage of the
total measuring time during which impaired cerebral autoregulation is detected
[194]. MABP can be measured continuously by classical clinical monitors.
CBF however is difficult to measure continuously. By means of Near-Infrared
Spectroscopy (NIRS), rScO2, ∆HbD and TOI reflects changes in CBF in case
of constant SaO2 [198, 234, 206].

7.1.2 Data

For this study the Leuven and the Utrecht dataset were used. Assessment
of CA was done via analysis of the MABP/HbD and MABP/TOI for the
Leuven dataset, and MABP/rScO2 for the Utrecht dataset. Coherence and
transfer function were used to measured the linked dynamics between MABP
and CBF. After preprocessing, the signals were divided into segments of 20
minutes with the maximum overlap (step size: one sample). For each segment,
the transfer function gain and phase coefficients were calculated. The average
of the coefficients in the frequency ranges 0.003Hz - 0.02Hz (very low frequency
range: VLF), 0.02Hz - 0.05Hz (low frequency range: LF) and 0.05Hz - 0.1Hz
(high frequency range: HF) were calculated for further analysis [234].

With respect to clinical outcomes, infants were classified as abnormal whenever
bleedings, PVL (Periventricular Leukomalacia) and/or IVH (IntraVentricular
Hemorrhage) occurred, else they were classified as normal. To assess whether
the concordance scores were predictive for outcome (normal or abnormal), the
non-parametric Kruskal-Wallis test was applied. The statistical analysis was
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performed using the statistics toolbox from MATLAB. All reported p-values
were two-tailed and a nominal p-value < 0.05 was considered as statistically
significant.

7.1.3 Results

Figures 7.1 and 7.2 show the results for the different scores in different frequency
bands. The TF gain and TF phase, and COH are represented in the x-axis
by the numbers 1, 2 and 3 respectively. The scores for the normal population
present a N after the number of the respective score, whilst the scores for the
abnormal population are indicated with an A. COH values vary between 0-1,
phase values are given in rad/sec, gain values are given in [%/mmHg] for the
analysis of MABP-TOI and MABP-rScO2 or [µmol/L.mmHg] for the analysis
of MABP-∆HbD.

In the Leuven dataset 45% (9/20) of the infants had a bad outcome. The box
plots in figure 7.1 show that no significant differences can be seen between the
scores. However, some trends are observed in the gain values. First of all in
the VLF and LF the scores for MABP/∆HbD present a trend towards being
higher for the normal than for the abnormal population. For MABP/TOI the
scores present a trend towards being higher in the normal population in the
VLF; however, the scores for the LF and HF present a trend towards being
higher for the abnormal population. Higher scores in the abnormal population
are expected, since they indicate a stronger coupling in the dynamic between
the signals, which is likely to occur when autoregulation is impaired.

In the Utrecht dataset 34% (13/38) of the infants had a bad outcome. The
scores for this population do not provide much evidence of a relation between
scores for autoregulation and clinical outcome. A small trend can be observed
in the HF, where the gain values tend to be higher in the abnormal population
when compared with the normal infants. The p-values for the statistical test
are shown in table 7.1. From the table it can be seen that only the gain in the
VLF between MABP/∆HbD and in the HF between MABP/TOI produced
significant differences between the populations. However, in the former case
the gain values were higher in the normal population. In the analysis between
MABP/TOI, in the HF, the gain values where higher in the population with
abnormal outcome.
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Figure 7.1: Boxplot indicating the differences in the score values between the
normal (N) and abnormal (A) populations for the Leuven dataset. The transfer
function gain (1), transfer function phase (2) and coherence values (3) are shown
from left to right in each plot. From top to bottom the rows represent the
average scores in three different frequency bands, VLF, LF and HF. The left
column indicates the scores obtained for the analysis of MABP/∆HbD, the
right column represent the scores obtained from the analysis of MABP/TOI.

7.1.4 Discussion

Impaired cerebral autoregulation is considered a risk factor for brain injury
in the sick, premature infant [216] [197] [234] and has been associated with
mortality in this population. Continuous measurements of MABP and CBF
are thus of interest to assess cerebral autoregulation due to its importance in
neonatal monitoring.

Autoregulation assessment can be done by means of coherence and transfer
function analysis. Normally, high COH and gain scores or low phase values
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Figure 7.2: Boxplot indicating the differences in the score values between the
normal (N) and abnormal (A) populations for the Utrecht dataset. The transfer
function gain (1), transfer function phase (2) and coherence values (3) are shown
from left to right in each plot. From top to bottom the rows represent the
average scores in three different frequency bands, VLF, LF and HF. The scores
were obtained by analyzing the relation between MABP/rScO2 .

indicate a strong link between the dynamics of the MABP and the CBF signals,
which may be caused by a failure in the autoregulative mechanism in the infant.
However, in this study no strong evidence has been found between this scores
and clinical outcome, which is in agreement with the results provided by other
studies [81].

From the results provided in this study, the gain score seems to be the most
reliable one to be used in clinical practice, since it was the only one who presented
significant differences between the subjects. However, the size of the population
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Leuven Utrecht
MABP/∆HbD MABP/TOI MABP/rScO2

Gain VLF 0.0167 0.1194 0.617
Gain LF 0.3051 0.2706 0.8175
Gain HF 0.5184 0.034 0.1277
Phase VLF 0.9093 0.1599 0.5083
Phase LF 0.4704 0.5184 0.8175
Phase HF 0.2390 0.0874 0.7005
COH VLF 0.1194 0.3423 0.5692
COH LF 0.7903 0.4250 0.3324
COH HF 0.2100 0.3423 0.1356

Table 7.1: p-values obtained using the Kruskal-Wallis test between the scores.

is small and strong conclusion cannot be drawn form this study. However, other
studies have also favored the gain score for cerebral autoregulation assessment
[81].

7.1.5 Conclusions

No strong evidence was found between the scores for CA assessment and
short term clinical outcome of the neonates. However, trends were observed,
especially in the gain values. This study favors the gain score, even though it
lacks precision. CA is a complex process that requires extra information given
by other parameters. CO2 reactivity is an important variable that affect the
status of CA. This study indicate that the actual methods for CA assessment
might benefit from the use of more complex methodologies that involved more
physiological measurements.

7.2 Cerebral autoregulation assessment II

7.2.1 Introduction

Cerebral autoregulation is a complex process that refers to the maintenance
of a constant cerebral blood flow (CBF) over a broad range of arterial blood
pressures. This process avoids damage in the brain due to hemorrhagic brain
injury and ischemia. Several mechanisms are involved in this process. So far,
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evidence of the myogenic, metabolic and neurogenic ones has been described in
the literature [164]. Cerebral autoregulation can be assessed by analyzing the
relation between mean arterial blood pressure (MABP) and CBF, which can
be measured continuously. The similarity in the dynamics of both signals has
been quantified so far by means of correlation, (partial) coherence [216, 234,
193], among other methods. However, the role of other variables in cerebral
autoregulation such as: partial pressure of carbon dioxide (pCO2) and partial
pressure of oxygen (pO2) have not been well explored in clinical studies.

The main goal of this study is to examine how well the myogenic and the
metabolic mechanisms involved in cerebral autoregulation can be assessed by
mean of transfer function analysis and near-infrared spectroscopy (NIRS) signals.
Moreover, it was studied how these derived measures are related to the long-term
and short-term clinical outcome in premature infants.

7.2.2 Methodology

For this study the Zurich dataset was used. Assessment of the myogenic
mechanism in cerebral autoregulation was done via analysis of the MABP/HbD
transfer function; the metabolic mechanism was assessed by analysis of the
pCO2/HbD transfer function. After preprocessing, the signals were divided into
segments of 20 minutes with the maximum overlap (step size: one sample). For
each segment, the transfer function gain and phase coefficients were calculated.
The average of the coefficients in the frequency ranges 0.003Hz - 0.02Hz (very
low frequency range: VLF), 0.02Hz - 0.05Hz (low frequency range: LF) and
0.05Hz - 0.1Hz (high frequency range: HF) were calculated [234] for further
analysis. Moreover, in order to study the influence of different frequencies in
autoregulation assessment, the values of the gain and the phase in all frequencies
were also analyzed.

With respect to clinical outcomes, infants were classified as abnormal for
short-term or long-term according to their clinical scores. For short-term
outcomes, infants were classified as abnormal whenever bleeding, periventricular
leukomalacia (PVL), intra-ventricular hemorrhage (IVH) or death occurred;
otherwise they were classified as normal. For long-term clinical outcomes
classification the Bayley scores (Mental and Physicomotor Development Index:
MDI and PDI, respectively) were used. Infants were classified as normal if MDI
and PDI> 85, otherwise they were classified as abnormal. In addition, in order
to study the relation between birth weight (BW) and autoregulation state, the
scores of infants with very low birth weight (BW< 1200g) were group-wise
compared to those with a BW> 1200g. To assess whether the concordance
scores were predictive for outcome (normal or abnormal) the non-parametric
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Kruskal-Wallis test was applied, due to the lack of normality in the data
distributions. The statistical analysis was performed using the statistics toolbox
from MATLAB. All reported p-values were two-tailed and a nominal p < 0.05
was considered as statistically significant.

7.2.3 Results

Table 7.2 presents the median, minimum and maximum values of the gain
and phase scores, calculated in the VLF, LF and HF frequency ranges for the
normal and abnormal population according to the short-term and long-term
classification criteria. In the short-term outcome analysis there were 23 infants
classified as normal and 19 infants classified as abnormal, while in the long-
term analysis 8 infants were classified as normal and 34 infants as abnormal.
Statistically significant differences between the groups were found only in the
gain score for the HF range, with a median value of 0.43 and 0.20 for the normal
and abnormal classes (p = 0.02). All other scores did not differ significantly
between the normal and abnormal subgroups.

Figure 7.4 shows the high-pass and low-pass filter characteristic behavior for
the gain median values. However, for the myogenic mechanism (MABP-HbD) it
seems that the high-pass filter behavior is only present in the normal population.
The metabolic (pCO2-HbD) sub-system presents a low-pass filter behavior
in both classes. The area under the curves was compared for the normal
and the abnormal population. The areas for the median gain values for the
myogenic mechanism were 0.096 and 0.043 (µmol.Hz/mmHg.L) for the normal
and abnormal population respectively; for the metabolic mechanism the areas
were 1.67 and 1.23 (µmol.Hz/mmHg.L). Those areas were statistically different
between normal and abnormal populations, with (p = 0.022 and p = 0.042 for
the myogenic and metabolic mechanism respectively.

Figure 7.3 presents the p-values from the Kruskal-Wallis test performed for
the gain values of the metabolic subsystem (pCO2-HbD) in frequency domain
for the BW analysis. In this analysis 15 infants were classified as abnormal
with BW< 1200g and 27 infants classified as normal with BW> 1200g. The
differences between the median values in the normal and abnormal subgroups
are statistically more significant in the VLF frequencies.

7.2.4 Discussion

Cerebral autoregulation is a property of the brain and is regulated by three
different mechanisms, namely: the myogenic, metabolic and the neurogenic. On
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Figure 7.3: p-values from the Kruskal-Wallis test performed for each gain value
(pCO2-HbD) in frequency domain.

the one hand, the myogenic mechanism is in charge of minimizing the impact
of the variations in MABP on the CBF. This mechanism is hypothesized to
behave as a high-pass filter, where the slow oscillations in MABP are damped
but the fast oscillations are reflected in the CBF [164]. This hypothesis appears
to be correct according to the results provided in Figure 7.4. However, this high-
pass characteristic was only found outside the normal frequency ranges where
autoregulation is normally explored, and it is absent in the abnormal population.
If only the VLF, LF and HF ranges are analyzed the system behavior reflects a
low-pass filter characteristic. This can be due to the disturbances introduced
by the pCO2 in the MABP and CBF in the VLF. On the other hand, the
metabolic mechanism is hypothesized to behave as a low-pass filter [164]. In
this system the slow variations in pCO2 are reflected in the CBF while the
fast variations are neglected. This is consistent with the results presented in
Figure 7.4. This behavior can be attributed to the time constant involved in
the metabolic mechanism to adjust the muscular tone around the vascular wall.
Thus fast changes in pCO2 are too slow to produce big changes in CBF.
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Outcome Range Scores Normal Abnormal p-value

Short Term

VLF

Gain
MABP-HbD 0.79(0.37:2.04) 0.55(0.34:2.43) 0.07
pCO2-MABP 15.30(7.03:66.52) 14.61(6.21:28.05) 0.55

Phase
MABP-HbD -0.15(-1.08:0.45) -0.06 (-0.68:0.77) 0.71
pCO2-MABP 0.01(-0.40:0.30) -0.06(-0.54:0.32) 0.45

LF

Gain
MABP-HbD 0.48(0.19:4.45) 0.39(0.15:5.23) 0.07
pCO2-MABP 17.03(9.00:43.13) 13.72(4.94:41.43) 0.24

Phase
MABP-HbD -0.08(-1.0:0.32) -0.07(-0.58:0.67) 0.71
pCO2-MABP 0.02(-0.20:0.28) -0.02(-0.23:0.20) 0.31

HF

Gain
MABP-HbD 0.43(0.11:10.02) 0.20(0.09:14.74) 0.02
pCO2-MABP 9.28(3.02:42.48) 6.72(2.08:45.12) 0.14

Phase
MABP-HbD 0.005 (-0.42:1.39) -0.005(-0.27:0.26) 0.81
pCO2-MABP -0.01(-0.15:0.14) -0.01(-0.17:0.16) 0.79

Long Term

VLF

Gain
MABP-HbD 0.80(0.43:1.78) 0.66(0.34:2.43) 0.22
pCO2-MABP 14.57(8.75:66.52) 15.44(6.21:56.54) 0.79

Phase
MABP-HbD -0.21(-1.08:0.29) -0.09(-0.76:0.77) 0.40
pCO2-MABP -0.01(-0.54:0.23) -0.03(-0.43:0.32) 0.70

LF

Gain
MABP-HbD 0.45(0.32:1.63) 0.39(0.15:5.23) 0.35
pCO2-MABP 16.65(11.78:23.23) 14.02(4.94:43.13) 0.50

Phase
MABP-HbD -0.07(-0.67:0.32) -0.18(-1.00:0.67) 0.77
pCO2-MABP -0.03(-0.23:0.20) 0.014(-0.20:0.28) 0.46

HF

Gain
MABP-HbD 0.45(0.21:4.00) 0.23(0.09:14.74) 0.23
pCO2-MABP 9.62(6.35:12.08) 7.95(2.08:45.12) 0.54

Phase
MABP-HbD 0.17(-0.42:1.39) -0.03(-0.32:0.26) 0.09
pCO2-MABP -0.04(-0.09:0.14) -0.013(-0.17:0.16) 0.92

Table 7.2: Comparison between normal and abnormal population scores for
short-term and long-term outcomes using the gain and the phase. For the short
term 23 infants presented a normal outcome, and 19 presented an abnormal
outcome. For the long term outcome, 8 infants presented a normal outcome and
34 presented an abnormal outcome. Values are presented as median(min:max).
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The gain and phase values in the myogenic and the metabolic sub-systems have
been used to classify between normal and abnormal infants, based on different
criteria. Only infants with abnormal short-term outcomes presented statistically
different gain scores for the myogenic mechanism. All the other gain and phase
scores shown in Table 7.2 did not present statistically significant differences
between the normal and abnormal populations. Moreover, the scores in normal
population tend to be higher than the ones from the abnormal population,
contrary to what is expected. Indeed, according to the literature, higher gain
values indicate a stronger coupling between HbD and MABP, which indicates
impaired cerebral autoregulation and increases the probability of developing
an abnormal outcome. Nevertheless, important trends could be observed. As
shown in Table 7.2, all median values of the gain score tend to be higher in the
normal than the abnormal population. Moreover, Figure 7.4 shows that the
difference in median values for the normal and abnormal population becomes
more pronounced at higher frequencies. The results from this study indicate
the importance of the frequency range selected for cerebral autoregulation
assessment as shown in figure 7.3. Moreover, the frequency response shown in
Figure 7.4 suggests that the metabolic mechanism can be acting as a modulator
of the myogenic mechanism action in the VLF.

7.3 ECMO study I

7.3.1 Introduction

Extracorporeal membrane oxygenation (ECMO) is a life support system that
provides support for the heart and/or the lungs in patients with intractable
cardio-respiratory failure. In veno-arterial (VA) ECMO patients are cannulated
from the major neck vessels, the right common carotid artery (RCCA) and
internal jugular vein (IJV). Blood drains from the patient and gets oxygenated
externally by the ECMO circuit and returns back to the patient. VA ECMO
bypasses both the heart and lungs and provides cardiac and respiratory support.
Veno-venous (VV) ECMO bypasses only the lungs and in this case the patient
has only one double lumen cannula inserted in the IJV. VV ECMO does not
provide cardiac support. Neonates supported on ECMO often suffer from
periods of hemodynamic instability, hypoxia and/or hypercapnia. In addition,
the ECMO procedure itself may cause physiological changes due to ligation
of the major neck vessels, heparinitazion, hemodilution and reduced arterial
pulsatility, which can cause alterations in cerebral blood flow and potentially
disrupt autoregulation [123]. Consequently, ECMO patients have increased risk
for brain injury with reported abnormal neuroimaging ranging from 28% to 52%
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depending in the imaging technique used [32]. Liem et al. [123] reported that
MABP, SaO2, pO2 and pCO2 were some of the variables that better explained
changes in ∆HbT. Ejike et al. [56] reported no significant correlation between
changes in ECMO flow and rScO2 and a negative correlation between rScO2
and pCO2. Papademetriou et al. described oscillations in brain and peripheral
haemodynamics during changes in ECMO flow, as measured with NIRS, and
its use as a marker of cerebral autoregulation [161, 160].

Several studies have described changes in the cerebral hemodynamics before,
during and after ECMO procedure. Liem et al [123] reported that mean arterial
blood pressure (MABP), arterial oxygen saturation (SaO2) and partial pressures
of oxygen and CO2 measured transcutaneously were some of the variables that
better explained changes in total haemoglobin (∆HbT) measured by NIRS. Ejike
et al [56] reported that the regional cerebral oxygenation presented a negative
correlation with arterial partial pressure of CO2 (pCO2) and no significant
correlation with changes in ECMO flow. Papademetriou et al [161] used dual-
channel NIRS system during ECMO flow changes and reported the presence
of low frequency oscillations (<0.1 Hz) in peripheral oxyhemoglobin (∆HbO2),
which are not present in cerebral ∆HbO2, demonstrating differences between
cerebral and peripheral hemodynamic in this patient group.

Several studies have investigated the relationship between spontaneous changes
in MABP and cerebral NIRS signals as assessment of brain autoregulation
[234, 26, 35]. Brady et al [26] investigated correlation between NIRS and MABP
in pediatric patients undergoing cardiac surgery with cardiopulmonary bypass
for correction of congenital heart defects. They found an association between
hypotension during cardiopulmonary bypass and impairment of autoregulation.
The relation between MABP and ∆HbD and TOI by means of correlation,
coherence and partial coherence analysis, and its use in clinical outcome
prediction has been previously studied [35]; although higher values were found
in the population with adverse clinical outcome, indicating stronger relation
between MABP and ∆HbD/TOI, no strong evidence was established. However,
ECMO is a complex procedure and the study of the interrelation of hemodynamic
variables, only, with MABP may not be sufficient.

In this study canonical correlation analysis (CCA) is used to investigate
the differences between the interrelations in cerebral and peripheral NIRS
measurements with the systemic variables in ECMO patients. In this analysis
the systemic variables were defined as the independent dataset, while the cerebral
and peripheral NIRS measurements were defined as dependent variables.
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7.3.2 Methods

For this study the ECMO dataset was used. The interrelations between the
set of peripheral and cerebral NIRS changes with the systemic variables were
studied using two different approaches. The first approach used the complete
measurement period and the ECMO flow when available as a parameter in
the analysis. In the second approach, the signals were segmented in epochs of
constant ECMO flow and the methods were applied separately to each epoch. In
addition, in order to normalize the results to be comparable among the patients,
we estimated the ratio between the percentage of variance in the peripheral
NIRS explained by the systemic variables and the percentage of variance of
the cerebral NIRS explained by the systemic variables. We call this index
the peripheral to cerebral hemodynamics ratio (PCHR) an its calculation is
indicated in equation (7.1). PCHR can be used to quantify the differences in the
interrelations between both, cerebral and peripheral, circulation mechanisms
versus systemic variations. PCHR values lower than 1 indicates that variations
in the systemic variables are more likely to be reflected in the brain than in the
muscle.

PCHR = σ2
C

σ2
P

(7.1)

where σ2
C and σ2

P represents the total explained variance of the cerebral and
peripheral hemodynamics due to variations in the systemic variables. In addition
biplots were used in order to display the overall relationship between the
variables.

7.3.3 Results

Table 7.3 shows PCHR for different ECMO flows and for the full measurement
period. Results for the full measured period show that only patient 4 presented
a PCHR>1, indicating that the variations in the systemic variables were more
likely to be reflected in the brain NIRS measurements rather than the peripheral
in that patient; in the other patients the peripheral NIRS changes are more
likely to be affected by variations in the systemic variables. In addition, patient
3, in contrast with the other patients, was the only one who presented, at every
ECMO flow rate, consistently PCHR<1 and as it happened was the only patient
in our group that the clinicians were confident to reduce the flow down to 70%
from baseline.
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ECMO Flow Percentage
100% 90% 80% 70% 80% 90% 100% Full Period

Patient 1 0.56 0.76 1.19 − − 1.59 1.00 0.85
Patient 2 0.68 1.55 1.61 − − 0.55 − 0.82
Patient 3 0.91 0.95 0.49 0.89 0.91 0.47 0.38 0.91
Patient 4 0.66 1.68 0.73 − − 0.71 1.00 1.21
Patient 5 0.75 1.42 − − − − 1.33 0.82

Table 7.3: Ratio between the percentage of the variance in the cerebral
hemodynamic and the peripheral hemodynamic explained by variations in
the systemic variables (PCHR), for different ECMO flow percentages and the
full measurements period. Spaces marked with − indicate that there was not
possible to perform the analysis due to the lack of measurements

Table 7.4 shows which systemic variables contributed more to the changes in
cerebral/peripheral NIRS variables, when analyzing the completed measurement
period. HR and skin temperature were the systemic variables that affected the
most the cerebral and/or peripheral hemodynamical variables in the patients.
MABP, CVP, Skin Temperature, SaO2 and ECMO affected the NIRS variables
in a lower extent.

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
HR B B/L L B/L B/L
MABP B/L B L X B
CVP B B L B/L X
CoreT X B B/L − X
SkinT L B/L B/L B/L B/L
SaO2 X L B/L − B/L
RR X B/L − X X
EtCO2 X − B X X
Flow − B/L B/L B/L −

Table 7.4: Ratio between the percentage of the variance in the cerebral
hemodynamics and the peripheral hemodynamics explained by variations in the
systemic variables (PCHR), for different ECMO flow percentages and the full
measurements period. Spaces marked with − indicate that it was not possible
to perform the analysis due to the lack of measurements.
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7.3.4 Discussion

PCHR<1, but close to 1, were observed in 4 out of 5 patients when analyzing
the full measurement period. Earlier studies on neonates supported on ECMO
indicate that autoregulation may be disrupted [123]; which can be the cause of
PCHR values close to 1 as the brain hemodynamic and oxygenation changes will
respond passively to systemic variations. In addition, when reducing ECMO
flows is expected that the peripheral circulation would be more affected by
systemic changes than the brain circulation. At baseline level (100% ECMO
flow) all patients reported a PCHR<1, when reducing the flow to 90% 3 out of 5
patients reported PCHR>1, indicating that systemic changes were more reflected
in the cerebral circulation than in the peripheral circulation; while patient 5
could not accommodate extra reductions in the flow and was returned to baseline
level. At 80% flow 2 out of 4 patients presented PCHR>1; furthermore, in this
stage, 3 of the patients could not accommodate more reductions in the flow
and were returned to baseline level. Only patient 3 was able to accommodate a
reduction to 70% in the ECMO flow and was the only patient who presented
consistently PCHR<1. When returning ECMO flow to baseline level, 3 out of 4
patients presented PCHR>1. These results suggest that at low ECMO flows
cerebral circulation is more vulnerable to changes in systemic variables.

In the population studied HR and skin temperature were the variables that
affected the most the cerebral and peripheral NIRS signals. Out of 5 patients
MABP was correlated with cerebral and peripheral hemodynamical variables in 3
and 2 patients respectively. Out of 4 patients SaO2 was correlated with cerebral
and peripheral hemodynamical variables in 3 and 2 patients respectively. Out of 4
patients EtCO2 was correlated with the cerebral hemodynamical variables in one
patient. Furthermore, ECMO flow presented a strong correlation with cerebral
and peripheral NIRS variables in all the patients with flow measurements.
The lack of homogeneity in relation to the systemic variables that affect the
cerebral or peripheral circulation in our study suggests differences in the clinical
condition of each patient; however, due to the small patient numbers is difficult
to deduct any clinical hypothesis. Interestingly enough and in contrast with
these results, Tisdall et al [212] in healthy adults found that changes in SaO2
and EtCO2 highly contribute to changes in the cerebral NIRS TOI signal. In
addition, CCA pointed out that variation in the skin temperature highly affect
the cerebral and peripheral NIRS changes; conversely, Harper et al [85] reported
that a change in core temperature can produce changes in blood flow due to
changes in blood viscosity and metabolic rate, among other reasons.

Several factors should be taken into account before interpreting the results
provided by CCA. Among the limitations, the length of the signal under
analysis and the presence of noise, non-linearities and nonstationarity can
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be cited. In order to overcome some of these problems, and compare the
results between patients, normalization such as the PCHR ratio should be used;
otherwise, the results should be interpreted carefully. Cerebral and peripheral
haemodynamic and oxygenation changes are caused by multiple factors; several
systemic variables should be analyzed in order to obtain a general idea of the
underlying mechanism affecting them. CCA is a useful tool to investigate this
problem as it helps to assess and quantify the interrelation between both sets
of variables, simultaneously.

7.4 ECMO study II

7.4.1 Introduction

Studies about the coupling between systemic and hemodynamical variables
have been performed by means of regression models [56, 212]. Although these
approaches seem to provide good results they can be highly affected by the
presence of multicollinear variables and nonstationarities. In the previous section
the interactions of these variables by means of CCA was studied. Although
CCA provides a strong theoretical framework to study the coupling between
multivariable datasets, the results are difficult to analyze due to its abundance
which reduce its clinical value. Subspace projections methods, on the other
hand, address straightforwardly this problem producing results that are not
only easy to interpret mathematically but also clinically. The main goal of
subspace projection techniques in signal processing is to mitigate the influence
of noise in a signal of interest. Thus, orthogonal subspace projection (OrSP) and
oblique Subspace Projection (OSP) aim to reduce orthogonal and oblique noise,
respectively; where the noise can be due to measurement noise or contamination
by other signal dynamics.

The main goal of this study is to investigate how OrSP and OSP can be used
to decouple the dynamics of the systemic variables (SV) from the cerebral-
peripheral hemodynamical variables (CHV, PHV). In addition the decoupled
signals will be used to quantify the strength of the coupling between SV and
the hemodynamical variables (HV).

7.4.2 Methods

In this study measurements from a patient, 3 days old, from the ECMO dataset
are used to illustrate how the algorithms works. The systemic and NIRS
measurements from the patient are shown in figure 4.3.
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Decoupling algorithm

The problem was addressed in two different ways. On one hand, the projection
of the cerebral and peripheral hemodynamical variables (CHV, PHV) in the
subspace spanned by the systemic variables (SV) decomposes CHV and PHV
in a part that is linearly related to SV and a part that is orthogonal to it. The
orthogonal part can be interpreted as the part of the HV that is related to
measurement noise, not measured variables and nonlinear coupling with SV.
On the other hand, the CHV and PHV can be projected onto each one of the
SV by calculating the corresponding oblique projection matrices. The wavelet
transform of the SV was used as a basis to define their signal subspace. In this
study a 5th level discrete wavelet decomposition, with Daubechies 4 as mother
wavelet, was considered. Moreover, in order to account for possible coupling
delays, the wavelet decomposition of SV and its delayed versions were included
in the regressors matrix. In this study a delay of three samples was used. In
addition, the ratios between the power of the projected and original signals,
were computed as a measure of the coupling between the variables.

By using OrSP, the projection of the CHV/PHV will represent the part of the
signal that is linearly related to the SV. The ratio between the power of the
projected CHV and the PHV is proposed as a monitoring variable to assess the
status of the mechanisms that regulates cerebral haemodynamics. Furthermore,
by using OSP the same ratio between the power of the projected CHV and
PHV onto each SV, separately, can be used to monitor the influence of each SV
on the cerebral haemodynamics.

7.4.3 Results

In figure 7.5, the decomposition of the cerebral and peripheral TOI in the
components corresponding to each SV is shown. The peripheral TOI is more
affected than the cerebral TOI by variations in SV; this might be due to intrinsic
mechanisms that regulate cerebral hemodynamics. The ratio PC/PP was 0.62
for ∆HbO2, 0.058 for ∆HHb and 0.045 for TOI. In table 7.5 the ratios between
the powers of the projected CHV/PHV in the SV are displayed. These ratios
reveal the SV that affect at most the HV. This table shows that variations in
SaO2 possess the highest impact in the variations of CHV and PHV. However,
its influence is more pronounced in the peripheral hemodynamics. In addition
EtCO2 appears to have a higher impact in the cerebral than in the peripheral
hemodynamics.
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Algorithm 5 Decoupling algorithm
input: Systemic Variables: SV(m × n), and Haemodynamic Variables:
CHV(m× d) and PHV(m× d).
output: Projected CHV/PHV: CHVP ((m − 3) × d × n) and
PHVP ((m − 3) × d × n), ratios for: the projected CHV/PHV onto SV,
P and for the projections onto each SV, Pow(d× n).

begin
SV← SV - ŜV
aux ← DWT(SV)
base ← block Hankel matrix of aux, using a delay of 3 samples.
CHV_aux ← projection of CHV onto C(base).
PHP_aux ← projection of PHV onto C(base).
P ← ratio between power CHV_aux/PHV_aux;
for i=1:n
Compute oblique projector for the ith SV.
for k=1:d
CHVP (:, k, i)← CHV onto the ith SV
PHVP (:, k, i)← Projection of PHV onto the ith SV
Pow(k, i)← ratio between the power of CHVP (:, k, i) and PHVP (:, k, i)
end for
end for
end

7.4.4 Discussion

OrSP and OSP were able to decompose the CHV/PHV in a series of components
related to each SV. This approach is useful as it serves as a basis for the
quantification of the coupling between the hemodynamical and the systemic
variables. The strength of the coupling can be measured by computing the
ratios between the power of the components in the decomposed and the original
signal for each SV. By including wavelets as a basis for the subspace of the
systemic variables the non-stationary effects are taken into account and the
influence of the noise is reduced; however, further studies are needed in order to
validate these results and evaluate their clinical impact. In addition, the effect
of nonlinear coupling should be further studied. In summary, in this study we
have presented a way to decouple the influence of SV in CHV and PHV. This
information may yield high clinical impact since it tells to the clinician which
variable has the highest impact in the cerebral hemodynamics. Based on this
information the clinician can prepare an adequate treatment.
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Figure 7.5: Decomposition of the Cerebral and Peripheral TOI in the components
related to each one of the systemic variables under analysis. In red the
decomposition for the cerebral TOI is shown, while blue represents the
decomposition for peripheral TOI.

7.5 Lamb Study

7.5.1 Introduction

The main goal of this study is to investigate the use of the wavelet based transfer
function (WBTF) and the nonlinear method presented in a previous chapter
in the study of cerebral hemodynamics. This dataset is adequate to test this
methodologies, since the lambs were subject to controlled changes in MABP,
which represents a challenge that activates several physiological mechanisms
that try to maintain the cerebral hemodynamical homeostasis. Furthermore,
since measurements of CBF and TOI are available this will allow to compare if
they produce similar results.



LAMB STUDY 157

HbO2 HHb TOI
Cerebral Hemodynamics
HR 5.43 0.41 1.72
MABP 2.07 4.76 2.41
Core T 4.24 4.25 0.32
SaO2 26.63 48.70 71.61
EtCO2 17.89 1.39 4.63
Flow 8.83 4.44 0.46
Peripheral Hemodynamics
HR 2.23 5.03 0.49
MABP 15.13 7.55 7.28
Core T 1.68 0.79 0.56
SaO2 38.20 68.09 70.57
EtCO2 4.02 9.31 0.37
Flow 5.57 1.43 9.63

Table 7.5: Percentage of power in the corresponding Peripheral or Cerebral
Hemodynamical variable due to the systemic variables. Values are expressed in
%

7.5.2 Data and Methods

In this study the Lamb dataset will be used. First, the use of WBTF will
be presented. For this purpose the 4th derivative of the complex Gaussian
wavelet was used as mother wavelet. The analysis was performed in the
frequency range 0.003 - 0.1Hz, therefore scales from 5-160 were used in the
study. Furthermore, the mean profile in frequency for the gain and the phase of
the transfer function were obtained for the relation between MABP/CBF and
MABP/TOI. Furthermore, the time profiles for the gain were also obtained.

Second, for the analysis of the nonlinear methods, the EtCO2 and MABP were
used as regressor for the TOI and the CBF, independently. The regression was
tuned using a KPCR model, separately for each target function. The segment
used in this study has a duration of 23 minutes, with fs = 1Hz. Therefore,
the data contains a total of 1380 samples. To accelerate the training a subset
consisting of 345 equidistant points from the original dataset was used for
training. Once the model was tuned the output for the complete set was
estimated. Furthermore, the nonlinear contribution from MABP and EtCO2
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was estimated. Finally, a test set covering the range of the original signals was
artificially generated in order to produce a surface where the influence of MABP
and the EtCO2 on the TOI and the CBF is displayed.

7.5.3 Results

Wavelet Based Transfer Function

Figures 7.6 and 7.7 show the results form the gain values of the WBTF between
MABP/CBF and MABP/TOI respectively. The figures clearly indicate that
the system is nonstationary, meaning that variations in the CA mechanism,
in the frequency domain, are observed along the measured time. In addition,
huge peaks are seen in the low frequency components, these speaks are related
to the slow frequency challenges in MABP. These peaks might be related to
metabolic activity that is modulating the action of the CA and it is result of a
compensatory physiological effort to restore CBF [157, 144, 114]. The figures
also show a varying pattern where the response to changes in MABP on the
CBF and TOI behave like a low-pass filter or like a high-pass filter. Normally
high gain values in the low frequencies are observed during periods of slow
changes in MABP.

The mean average profile of the gain in the frequency domain for the relations
MABP/CBF and MABP/TOI are shown in figure 7.8. In the literature it
has been mentioned that the response of the CA mechanism to a challenge in
MABP behaves like a high-pass filter [243, 164]. It can be seen that this is true
for the relation between MABP/CBF, except for some gain values in the VLF
range, that might be related to metabolic activity. However, for the relation
between MABP/TOI, this relation does not hold. In fact, the transfer function
behaves more like a band pass filter, where the slow and the high oscillations
in MABP do not reflect a change in cerebral oxygenation. In addition, taken
into account the results provided by Wong et al., the relation between TOI and
CBF is coherent for frequencies below 0.1Hz [235], it can be seen that when the
TOI approaches this frequency its frequency response diverge from the one of
the CBF.

The mean average profile of the gain in the time domain is shown in figure 7.9.
This profile clearly shows that the gain values fluctuate along the time domain.
Large variations are due to the influence of the low frequency components
observed previously. When comparing the profiles from the MABP/CBF and
MABP/TOI they do not differ much, however, as mentioned before, TOI values
seem to be more sensitive to changes in MABP.
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Figure 7.6: Gain values obtained from the WBTF between MABP and CBF.

KPCR and subspace projections

Figures 7.10 and 7.11 show the results from the KPCR regression model and the
decomposition algorithm for the relation between {MABP,EtCO2} with TOI
and {MABP,EtCO2} with CBF. First, it can be seen that when a scatter plot
using the raw measurements the relation lacks of structure due to the influence
of noise. The nature of the noise that hides the relation between the regressors
and the target function might be from the environment or physiological. By
performing the decomposition proposed in this chapter, the influence of other
variables is eliminated and the relation between each regressor and the target
function is found. From the scatter plot between MABP/TOI it is interesting
that a kind of autoregulation plateau is observed from the estimated model.
On the other hand, the relation between EtCO2/TOI is opposed to what is
expected. Normally hypocapnia should produce vasoconstriction, however, in
the obtained model there is a moderate increase in oxygenation levels. However,
the changes in EtCO2 for this dataset were not large, for this reason, this
regressor might lack of power to be corrected represented in this regression
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Figure 7.7: Gain values obtained from the WBTF between MABP and TOI.

setting. Finally, the figure also shows that the regression model can adequately
describe most of the dynamics of TOI, using MABP and EtCO2, the residuals
might be due to other physiological variables that have not been measured and
instrumentation noise.

On the other hand, results from MABP/CBF are quite similar to the ones
obtained for TOI, However, the regression model was able to fit better the
changes in CBF, this may suggest that TOI is affected by fluctuations of other
variables not measured in this experiment.

Finally, the generated surfaces for the relation between the regressors and
TOI/CBF are shown in figures 7.12 and 7.13. These figures are interesting
to explore the coupled relation between MABP, EtCO2 and TOI/CBF. When
comparing them with the cerebral autoregulation curve, presented in chapter1
figure 1.1, it can be seen that cerebral autoregulation is a far more complex
process. The curve presented in figure 1.1 only reflects the average action of
the autoregulation mechanisms, and does not take into account the influence of
other physiological variables. To the best of our knowledge this has only been



LAMB STUDY 161

0 0.02 0.04 0.06 0.08 0.1
0.04

0.06

0.08

0.1

0.12

0.14

0.16

freq [Hz]

ga
in

 

 
MABP−TOI [%/mmHg]
MABP−CBF [ml/min.mmHg]
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shown in a recent paper where they use principal dynamic modes to describe this
relation, together with a nonlinear Volterra model [133]. How this methodology
compares to the one we proposed is yet to be investigated.
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Figure 7.12: Surface representing the nonlinear relation between MABP and
EtCO2 on the cerebral TOI.

7.5.4 Discussion

This study has shown that WBTF and KPCR are able to identify some key
aspects of CBF regulation. On one hand, WBTF is able to identify the changes
in the system. Low frequency components were observed in the gain spectrum.
We hypothesized they are due to the influence of other physiological variables.
On the other hand, WBTF is able to identify the high pass characteristics
of the CA mechanism, when analyzing the relation between MABP/CBF,.
However, the gain for MABP/TOI presents a band-pass mechanism, to the
best of my knowledge this has not been reported in the literature, which
makes it an interested topic for future research. Finally, the time profile of the
gain seems to be a promising parameter to identify the variability of the CA
mechanism. Further research is needed in order to define whether this profile is
useful for clinical applications. Possible research directions should investigate
the extraction of features from the time profile that can be linked to clinical
outcome, and the adaptation of this method for bedside monitoring.
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Figure 7.13: Surface representing the nonlinear relation between MABP and
EtCO2 on the CBF.

On the other hand, KPCR also shows interesting results. The decomposition
algorithm proposed in this thesis retrieves a curve similar to the autoregulation
plateau for the relation between MABP and CBF/TOI. However, the relation
between EtCO2 and CBF/TOI indicated an opposite relation than expected.
But, it was between the range of variation of the variable. We speculate that
this is due to the lack of variations in this regressor. Therefore, it lacks of enough
variations in order to produce robust results. This decomposition scheme is of
high clinical impact, since it provides a mathematical tool that the clinicians can
use to identify the impact of the treatment of one specific variable on another
one. In the framework of cerebral hemodynamics monitoring, i.e it can help the
clinicians to identify if treatment for hypertension improves the oxygenation in
the brain.
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7.6 Labetalol study

7.6.1 Introduction

Hypertension is the most common medical disorder encountered during
pregnancy and is estimated to occur in about 6-8% of pregnancies [142].
Hypertensive disorders of pregnancy (HDP) should be treated in order to prevent
maternal complications and improve fetal maturity by permitting prolongation
of pregnancy and minimizing fetal exposure to possible adverse effects of
antihypertensive treatment. There are several advantages and disadvantages of
HDP treatment [142]. In pregnancy longer than 34 weeks, induction of labour
in the occurrence of hypertension and pre-eclampsia is generally considered the
best treatment to improve maternal and neonatal outcome. However, there
is considerable morbidity in late preterms explained by the mode of delivery
and gestational age [113]. Labetalol is a selective α−1 (peripheral vasodilation)
and non-selective β receptor antagonist (preventing reflex tachycardia and
maintaining cardiac output), which is often used in HDP treatment. Due to its
lipophilic properties it easily passes the placental barrier, which is in essence
a lipid membrane. Hypotension, bradycardia and hypoglycaemia are possible
neonatal side effects, but may also occur in (preterm) infants regardless of
labetalol exposure. Labetalol’s half-life in adults is approximately 6 hours but
accumulation occurs. However, half-life after maternal use in a preterm baby
with clinical signs of β−blockage was 24 hours [84]. Conflicting evidence exists
for specific neonatal side effects described after use of labetalol for maternal
hypertension. Nevertheless oral and intravenous labetalol is used as a first
or second-line treatment in HDP due to its highly effective antihypertensive
properties and because it has a better profile than hydralazine and other
β−blockers [131, 130]. Scarce information on neonatal cerebral hemodynamics
in gestational hypertension and pre-eclampsia is available. However, not much
is known about the true influence of maternal use of labetalol on the neonatal
hemodynamical parameters (bradycardia, hypotension) in the brain, mainly
since cerebral fetal circulation is subject to changes due to brain-sparing in
severe pre-eclampsia.

The main goal of this study is to investigate labetalol-induced effects on neonatal
cerebral autoregulation mechanisms during the first three days of life.

7.6.2 Methods

For this study the Labetalol dataset was used. The signals were preprocessed
as indicated in the algorithm 4. The resulting signals were filtered with
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a mean average filter and then downsampled to 1Hz in order to obtain a
common sampling frequency. Cerebral autoregulation was assessed by means
of correlation, coherence and transfer function analysis between MABP and
rScO2. The correlation, coherence and transfer function scores were calculated
using a time-sliding window of length 15 minutes and overlapping time of 1
minute. Coherence and transfer function analysis were performed using the
Welch method for the calculation of the respective cross-power and auto-power
spectral densities. This method involves a further segmentation of the signals
into 5-minute epochs with an overlapping of 4.5 minutes. The average of
the coefficients in the frequency ranges 0.003Hz-0.02Hz (very low frequency
range: VLF), 0.02Hz- 0.05Hz (low frequency range: LF) and 0.05Hz-0.1Hz (high
frequency range: HF) were calculated [234] for further analysis.

To assess whether the scores and pulse pressure values were different between the
populations the non-parametric Kruskal-Wallis test was used, due to the lack of
normality in the data distributions. The statistical analysis was performed using
the statistics toolbox from MATLAB. All reported p-values were two-tailed and
a nominal p-value < 0.05 was considered as statistically significant.

7.6.3 Results

When comparing the correlation, coherence and gain values for the three
different populations, taking the complete measurements for the first three
days of life per group, no statistically significant differences between the scores
were found. However, when the analysis was performed in a day-by-day basis,
the HDP+Lab presented higher values of gain during the first day of life, in
the VLF and LF bands, when compared with the gain values for the Control
and the HDP-Lab group (p<0.05). In addition, the gain values during the
first day of life, in the VLF and LF bands, for the HDP+Lab population were
higher than the values in the second and third day (p<0.05). This behavior
indicates a progression towards normality. Figure 7.14 shows the gain for a
representative subject from the HBP+Lab group. Correlation, coherence and
phase were still not statistically significant. Pulse pressure values were lower for
the HDP+Lab group when compared with the other groups. In addition, for the
three populations the pulse pressure values were lower during the first day of
life and presented an increased profile in the second and third day. Figure 7.15
shows the median values of pulse pressure for the three different populations and
its evolution during the first three days of life. In Table 7.6 the median values
of pulse pressure and its range of variation (minimum ± maximum values) are
indicated.
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Day 1 Day 2 Day 3
Control 16.08 (5.97-27.54) 21.50 (10.25-28.47) 23.07 (15.73-32.64)
HDP+Lab 12.94 (9.32-20.17) 16.10 (8.24-25.11) 17.47 (7.67-27.11)
HDP-Lab 16.76 (9.05-23.18) 17.45 (9.87-27.34) 19.76 (10.04-27.87)

Table 7.6: Pulse pressure values for the different populations during the first
three days of life (all values are given in mmHg).

7.6.4 Discussion

In this study we found that the maternal use of labetalol induces high values
of the transfer function gain between MABP and rScO2. These high values
are concomitants with low values of pulse pressure. In [101] low values of
pulse pressure indicate the presence of vasodilation due to the use of drugs
for hypertension treatment. However, labetalol is a non-selective β antagonist;
its action also reduces cardiac contractility which is reflected as a reduction
in pulse pressure. When comparing pulse pressure values from the HDP+Lab
and HDP-Lab group a stronger reduction is observed in the HDP+Lab group,
this may be caused by a combination of vasodilation and reduction in cardiac
contractility. We hypothesized that vasodilation was present in this group
due to the concomitant reduction in pulse pressure and increase in transfer
function gain values. Vasodilation reduces the effect of the myogenic mechanism
responsible for cerebral autoregulation, which increases the transfer function
gain. This vasodilation may be produced by the accumulation of labetalol due
to its maternal use [175]. Interestingly, a trend towards normality can be seen in
the gain and pulse pressure values. The gain values return to normality by the
end of the third day, while the pulse pressure values were still lower than normal
by then. This may be due to a decrease in labetalol. This vasodilatory effect
might also be caused by brain-sparing. In [187]higher mean values in cerebral
blood flow velocity were reported in children with evidence of brain-sparing.
However, no differences were found in the amount of neonates that presented
brainsparing between the HDP+Lab and HDP-Lab groups.

Correlation, Coherence and transfer function phase did not present differences
between the studied populations. This may be due to the fact that impaired
cerebral autoregulation is reflected not only by a coupled dynamics between
MABP and cerebral blood flow, but also by the strength of this relation. This
strength is assessed by the gain of the transfer function but not by the correlation
and coherence scores. Moreover, in a recent study carried out in our group [37],
we found that, among the aforementioned methods, transfer function analysis
is the most robust method for cerebral autoregulation assessment. This result
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is in agreement with the results provided by [81].

7.6.5 Conclusion

In conclusion, there is evidence indicating that labetalol induces changes in
the cerebral autoregulation mechanism of the neonates possibly due to its
accumulation. This accumulation of labetalol might produce vasodilation,
which leads to high values of gain, impairing the myogenic mechanism of
cerebral autoregulation. Further studies are necessary to evaluate whether this
phenomenon also has an effect on the later neurological outcome of the patients.

7.7 Duchenne Muscular Distrophy Study

7.7.1 Introduction

Duchenne muscular dystrophy (DMD) is an X-linked recessive muscle disease
affecting 1 in 3500 newborn boys worldwide. Besides progressive weakness
of the skeletal muscles leading to loss of ambulation by the age of 12 years,
DMD patients develop cardiac and respiratory complications that lead to early
morbidity and mortality [58]. DMD is caused by mutations in the DMD gene
which encodes for dystrophin, a subsarcolemmal protein critical for muscle
membrane integrity. One pathway to explain the pathogenesis of DMD involves
enhanced sympathetic vasoconstriction by a downregulation of the neuronal
nitric oxide synthase (NOS) in DMD, resulting in functional muscle ischemia
determined by a mismatch between the metabolic demand and blood flow supply
in exercising muscles [184].

Further advancement in both pathogenic understanding as in non-invasive
disease-monitoring capabilities using a combination of near-infrared-spectroscopy
(NIRS) and surface-EMG (sEMG) may contribute to the development and
assessment of novel therapeutic approaches for DMD. So far, NIRS has been
utilized in DMD-subjects to assess significant changes in tissue oxygenation
induced by defective reflex sympathetic activation in exercising muscles [184].
Changes in the reoxygenation phase due to contraction-induced alterations in
oxidative metabolism have not yet been investigated. The main goal of this study
is to investigate in young children the potential use of concomitant measurements
of sEMG and NIRS to assess differences in the oxidative metabolism before,
during and after the contraction of the biceps brachii of DMD patients versus
age-matched healthy controls.
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7.7.2 Methods

In this study the Duchenne dataset will be used. sEMG and NIRS signals
were measured while executing the protocol shown in figure 4.4. Figure
7.16 shows the differences between a recording from a control and a DMD
subject. Measurements with sEMG provide more information about differences
in electrical activity between controls and DMD. Additionally, sEMG is used
for an exact cut-off point for the start and the end of the contraction and
the relaxation phase. Two features were extracted from the EMG recordings:
mean power frequency (MPF) and the Shannon entropy. The MPF represents
the frequency at which most of the power of the EMG signal is produced
and decreases linearly during muscle fatigue due to a reduction in the firing
pattern of the muscle fibers [62, 207]. MPF changes with time, therefore for
its calculation, the EMG signal is divided in overlapping segments, for each
segment the MPF value is computed. The calculation of the MPF for each
segment is done using the following formula:

MPF (i) =

NFFT/2∑
k=1

fkXi(k)

NFFT/2∑
k=1

Xi(k)

(7.2)

where Xi(k) represents the kth component component of the power spectrum
density of a segment i obtained from the EMG signal, NFFT is the number
of points used in the computation of the Fourier transform and fk is the kth

component of the frequency vector. Three features were extracted from the
MPF time series:

• The MPF value at the beginning of contraction. This parameter was
called MPF1

• The MPF value at the end of contraction. This parameter was called
MPF2

• The slope of the MPF decay. This feature was called MPF slope.

On the other hand, the Shannon entropy is a measurement that reflects the
signal variation [95]. entropy is computed as follows:

h = −
∑
i

p(xi)logap(xi) (7.3)
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where p(xi) represents the probability density of the variable x, and a represents
the base of the logarithm. Depending on the selection of the base, the units for
the entropy change.

Since atrophy in DMD leads to a reduced number of active motor units this
reduces the complexity of the EMG signal. In this study it is hypothesized
that the entropy values are lower in the DMD population when compared with
control.

During exercise TOI in the muscle describes a characteristic behavior, which
relates to the activity [62, 207]. In figure 4.5 the response of the TOI to a
contraction is depicted. At the beginning of the contraction, consistent with
the fast deoxygenation, the TOI-curve describes a fast linear decay, followed
by a stabilization phase. The final stabilization value of the TOI is given by
the relation between demand and consumption of oxygen, which is related to
the strength of the contraction. At the end of the contraction, TOI exhibits a
steep increase towards baseline levels. In this study the TOI profile has been
characterized using the following parameters:

• During the linear decay phase at the beginning of the contraction, the
slope and the time until a stable TOI is reached were measured. These
parameters are called TOI slope and Time to Linear Decay (TLD).

• The reduction in TOI was calculated as the difference between the TOI
before contraction and its stabilization value after contraction. This
parameter is called ∆TOI.

These parameters are displayed in Figure 7.17.

Meanwhile, HHb and HbO2 exhibit also a characteristic behavior during activity.
However, the dynamics of these signals present patterns that were not present
in the TOI. Therefore, in order to characterize their behavior extra parameters
were needed. The response of HbO2, HbT and HHb to a contraction is shown in
figure 4.5. Figure 7.18 shows the dynamical response of the HbO2 together with
the parameters that describe its dynamics. During contraction HbO2 exhibits
a linear decay until a stable level is reached. This level is sustained until the
end of the contraction and represents the level when the oxygen demand and
the consumption are in equilibrium with the oxygen supply. At the beginning
of the recuperation phase, the HbO2 increases fastly and exceeds the baseline
level. After a maximum is reached the HbO2 values converge to the baseline
levels. The HbO2 dynamics were characterized using the following parameters:
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Figure 7.17: Illustration of the parameters used to characterized the dynamics
of TOI.

• During the linear decay phase at the beginning of the contraction, the
slope of the decay was measured. This parameter is called HbO2 slope 1.

• The reduction in HbO2 was calculated as the difference between its baseline
level, before contraction, and its stabilization value after contraction. This
parameter is called ∆1HbO2.

• After release of the contraction the slope of the increase in HbO2 is
measured. This parameter is called HbO2 slope 2.

• The time when the HbO2 reaches its maximum value was measured. This
value is called Time to OverShoot (TOS).

• The difference between the maximum after contraction and the baseline
level was measured. This parameter is called ∆2HbO2.

• The maximum value after contraction was called OverShoot (OS). It was
calculated as follows:

OS = ∆2HbO2

∆1HbO2
× 100%. (7.4)

• The time when HbO2 return to the baseline level after the release of the
contraction was measured. This values was called Time OverShoot Ends
(TOSE).
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HHb and HbT related features were calculated in a similar way as the ones for
HbO2. Comparisons were made using a Mann-Whitney U test. Correlations
between parameters were analyzed by using a Pearson correlation coefficient,
p < 0.05 was considered statistically significant.

4 5 6 7 8 9 10 11 12 13 14
−60

−40

−20

0

20

40

60

80

100

time [min]

H
bO

2 [µ
m

ol
/L

]

HbO
2
 

slope
2∆

1
HbO

2

TOS
TOSE

∆
2
HbO

2

Figure 7.18: Illustration of the parameters used to characterized the dynamics
of HbO2.

7.7.3 Results

In total, 8 DMD patients and 11 age-matched healthy controls were included.
A demographic description of the patients is shown in table 7.7 Except for the
maximal voluntary isometric contraction (MVIC) and height, demographics
at baseline were not different between both groups. Significant differences in
height between DMD and controls were observed in earlier studies due to the
use of deflazacort [93]. Deflazacort is a drug used to improve the strength in
children with DMD.

DMD Control p-value
(n=8) (n=11)

Age (yrs) 11.5 (9 12) 10(9-12) 0.067
Weight (Kg) 35.9 (24.3-54.0) 39.5 (31.7-58.2) 0.283
Height (m) 1.29 (1.16-1.60) 1.47 (1.37-1.52) 0.013
BMI (Kg/m2) 20.41 (18.05-29.4) 19.78 (15.78-27.68) 0.322
Skin Fold (mm) 9.5 (6-18) 6.2 (3.0-12.0) 0.068

Table 7.7: Demographic description of the DMD and control populations. Data
presented as median (min-max).
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Results from the EMG and NIRS derived measurements are shown in table 7.8,
values are shown as median (min-max). The EMG signal showed no significant
difference in MPF between both groups. The entropy, as mentioned before as a
potential surrogate parameter for the functional loss of muscle fibers, was not
statistically significant between both groups, but higher entropy values were
found in the control population. In addition entropy values were positively
correlated with ∆TOI (r2 = 0.550, p = 0.007), TOS(r2 = 0.455, p = 0.029) and
TOSE(r2 = 0.512, p = 0.013).

Before the contraction, there was no significant difference in oxygenation between
both groups. During the contractions, all individuals deoxygenated in varying
extents, with values ranging from 2.50% to 41.67%. DMD patients were observed
to deoxygenate significantly less and slower than controls (∆TOI p = 0.032,
TOI slope p = 0.048) but without significant difference in TLD.

After the contraction, reoxygenation was observed in both groups. In all
individuals except two an overshoot in the HbO2 signal was observed. One
individual had no overshoot (OS = 0.0%) and another individual did not reach
baseline oxygenation level at that time (OS = -2.19%). It was observed that
DMD subjects presented significantly shorter TOS (p = 0.026) and TOSE
(p = 0.003).

Lastly, the HbT-signals showed no significant differences for all parameters
between both groups. However, a trend is observed for the parameter HbT
TOSE (p = 0.069). Concerning the HbT TOS, it can be seen that in controls
there is a mild correlation between ∆TOI and HbT TOS (r2 = 0.417; p = 0.203),
but in DMD a positive correlation between ∆TOI and HbT TOS is observed
(r2 = 0.772; p = 0.025).

Additionally in the DMD group it was observed that the 6 minutes walk
test (6MWT), an interesting measure for disease progression, was positively
correlated with ∆TOI (r2 = 0.692, p = 0.040), TOS (r2 = 0.781, p = 0.019)
and the TOSE (r2 = 0.77, p = 0.021). The linear regression between the TOS
vs 6MWT is shown in figure 7.19. Regression results for the ∆TOI and the
TOSE are similar.

7.7.4 Discussion

This study has shown that by using EMG and NIRS measurements it is
feasible to produce quantitative assessment for disease progression in children
with DMD. Additionally, differences were observed on the dynamics of NIRS
during contraction-induced deoxygenation and reoxygenation between DMD
and controls. In DMD, the progression of the disease is monitored via indirect
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DMD Control p-value
(n=8) (n=11)

EMG
MPF1 (Hz) 56.46 (45.45;68.31) 57.32 (46.86;62.63) 0.804
MPF2 (Hz) 42.21 (36.23;59.80) 46.02 (31.27;59.09) 0.563
MPF slope (Hz/s) -0.18 (-0.31 ; -0.02) -0.11 (-0.32 ; -0.07) 0.508
Entropy (bits) 3.67 (2.63 ; 4.01) 3.94 (3.35;4.87) 0.137
TOI
∆TOI (%) 11.62 (2.50;27.17) 34.69 (6.09;41.67) 0.032*

TOI slope (%/s) -0.87 (-3.13 ; -0.18) -2.37 (-5.02 ; -0.44) 0.048*

TLD (s) 11.25 (8.70;18.70) 13.20 (7.95;27.40) 0.772
HHb
∆1HHb (µmol/L) 11.60 (-3.50 ; 65.15) 53.71 (15.15;119.50) 0.010*

∆2HHb (µmol/L) -13.51 (-86.02 ; 1.35) -54.53 (-130.30 ; -11.77) 0.021*

HHb slope 1 (µmol/L/s) 1.61 (0.49;6.70) 4.67 (0.57;19.18) 0.039*

HHb slope 2 (µmol/L/s) -0.44 (-1.41 ; -0.05) -0.50 (-1.95 ; -0.08) 0.804
HbO2

∆1HbO2 (µmol/L) -17.36 (-57.90 ; -3.99) -45.61 (-120.20 ; -13.93) 0.021*

∆2HbO2 (µmol/L) 25.35 (3.58;119.20) 44.45 (7.78;175.30) 0.117
HbO2 slope 1 (µmol/L/s) -3.07 (-9.41 ; -0.40) -3.31 (-8.90 ; -1.33) 0.409
HbO2 slope 2 (µmol/L/s) 2.44 (0.67;10.07) 3.70 (-1.40;18.30) 0.869
HbO2 OS (s) 59.96 (0.00;108.50) 51.36 (-2.19;99.90) 0.741
HbO2 TOS (s) 19.20 (10.80;65.60) 64.30 (12.70;170.00) 0.026*

HbO2 TOSE (s) 68.15 (42.10;212.60) 285.30 (73.60;440.30) 0.003*

HbT
∆1HbT (µmol/L) -12.74 (-30.50;13.42) 2.49 (-90.20;26.60) 0.457
∆2HbT (µmol/L) 18.87 (-6.12;56.28) 9.74 (-25.10;104.50) 0.620
HbT slope 2 (µmol/L/s) 6.54 (2.67;19.30) 11.06 (2.03;90.07) 0.283
HbT OS (s) 86.22 (0.00;212.60) 118.50 (42.30;899.00) 0.283
HbT TOS (s) 16.45 (2.00;41.00) 32.30 (8.20;65.30) 0.364
HbT TOSE (s) 118.85 (15.00;281.70) 204.40 (136.10;304.60) 0.069

Table 7.8: Measured features form the EMG and NIRS signals. the values are
given as median (min;max). The * indicates the features that were significantly
different between the DMD and the control populations (p < 0.5).

measurements. The 6MWT is the most frequently used clinical tool validated
for monitoring progression [137]. However, it is highly influenced by behavioral
problems and neuromuscular problems e.g. falling. Additionally, 6MWT cannot
be measured in patients that have already lost ambulance and are wheelchair-
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Figure 7.19: Linear regression between the TOS and the 6MWT. Functional
assessment was not possible in 2 patients, due to a lower limb fracture and loss
of ambulation.

bound. A noninvasive objective method for assessing disease progression is
not yet readily available. However, it becomes more important since recently
more clinical trials with gene correction therapy are being performed with
promising results observing, due to therapy, an increase in 6MWT [128, 70]. In
this study appropriated surrogate parameters for assessing muscle state and
disease progression have been proposed. During contraction a decrease in tissue
oxygenation (∆TOI) relative to rest is provoked. This parameter was observed
to be significantly higher in the control group. Additionally, it was found that
the ∆TOI was positively correlated with the 6MWT, indicating that it has the
potential to be used as a surrogate parameter for clinical progression in DMD.

In the reoxygenation phase a different profile in dynamical parameters was
observed between DMD and controls. An overshoot of the HbO2 occurred shortly
after contraction due to increased oxygen delivery. In DMD, this overshoot
occurred earlier. HbO2 also returned earlier to baseline levels, reflected in a
significantly smaller TOS and TOSE. Interestingly, it was observed that these
parameters were also positively correlating with the 6MWT. The underlying
explanation of this different dynamical profile could be attributed to (patho-)
physiological differences. An overshoot of HbO2 reflects an increase in oxygen
delivery at the beginning of the relaxation, and is due to 2 phenomena. First,
an increase in blood flow caused by the release of the intramuscular pressure
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on arterioles and venules along the muscles fascicular lines. Second, an abrupt
stop of high oxygen consumption from contracting skeletal muscle except for
any accumulated oxygen debt [132, 129]. The faster reoxygenation in DMD
might be the result from either a faster increase in blood volume or a smaller
oxygen debt. At the beginning of the relaxation, the release of intramuscular
pressure, correlated with the amount of force (MVIC) and the ∆TOI, should
be lower in the DMD group, which results in smaller changes in blood volumes.
This phenomenon was not observed in this study since the increase in blood
volume, reflected as the slope-value of the total amount of hemoglobin and
the ∆HbT TOS, was not significantly different between the groups. Possibly,
this effect of the change in blood volume is too small to be detected in this
limited trial and will be significant in a larger trial. Alternatively, it can be
hypothesized, considering functional muscle ischemia in DMD mentioned earlier
as an alternative pathophysiological mechanism, that this effect of intramuscular
pressure is attenuated in controls due to a significant autoregulatory hyperemia
during the prolonged exercise, resulting in non-significant changes in blood
volumes.

This defective autoregulatory effect in DMD which causes a functional muscle
ischemia, is depicted in the literature as the NO-hypothesis. Due to the loss of
neuronal NOS, which is located subsarcolemmal in the dystrophin-glycoprotein
complex, loss of autoregulatory vasodilation occurs during contraction. The
absence of dystrophin leading to deficiency of neuronal NOS has been proven
in mouse models as well as in humans. Recent studies showed that neural
NOS has an important role in the autoregulation of the blood flow during
the contraction. Sander et al [184] showed using NIR spectrometry that this
protective mechanism is absent in DMD.

Since the faster increase in blood volume seems less plausible for explaining the
dynamical differences between both groups, alternatively a smaller accumulated
oxygen debt in DMD can be considered. It cannot be excluded that although
exercise intensity was relatively equal, less absolute force was asked in the DMD-
group, resulting in a smaller oxygen debt. Further studies with absolute equal
force will be necessary to clarify in what extent the smaller accumulated oxygen
debt contributes to the dynamical differences or if other pathophysiological
processes are interfering. At the end of the relaxation phase, when the
HbO2 returns to baseline level, the parameter HbT TOSE was observed to be
significantly different, indicating that there seems to be a sustained relative
vasodilation in controls compared to DMD. It can be hypothesized that a
higher oxygen debt in controls could result in alternative biochemical pathways
attributing to this sustained relative vasodilation. More studies are needed to
investigate and clarify this phenomenon.
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The measurements of this study were performed with NIRS-technology, which
has several advantages over more conventional hemodynamical techniques as
it is a relatively cheap and portable device. It has no risk to patients and
can be routinely used safely in children. It provides continuous monitoring of
muscle oxygen availability in resting phase as well as during contractions, in
particular within the microcirculation which is most accessible to metabolic
products released during contractions, e.g. NO, and may have a relation to the
DMD underlying pathophysiology [210].

However, NIRS has also some limitations to be taken into account. First, it is
assumed that hemoglobin (Hb) is the only absorbing chromophore. The muscle
however also contains myoglobin (Mb), which has absorption spectra similar
to the one of Hb. The contribution of myoglobin to the NIRS-signal is still
controversial; some studies postulate that only 20% of the signal is explained
by absorption of Mb. In the literature little is known on the Hb/Mb ratio.
Most studies report hemoglobin to contribute most to the signal alteration
[62, 207, 83, 64]. Secondly, the effect of the heterogeneity of the muscle tissue on
the NIRS-signal is still unknown. In DMD patients the muscle is progressively
replaced by fat and fibrous tissue, which contains a lower oxygen metabolism. In
this study the initial values of the TOI are not significantly different between both
groups, therefore it is hypothesized that this effect is minimal. NIRS parameters
may also be confounded by tissue properties including the subcutaneous fat
layer since the latter has a lower metabolism and different optical characteristics
[14]. In children, the subcutaneous fat layer is small and in our population the
skinfold measure was not statistically different between the groups. Therefore,
we can assume that the differences in TOI and HBT reflect the metabolic and
hemodynamical alterations in the muscle itself.

In addition EMG was used to monitor the myoelectrical signal. As expected,
the controls showed a larger difference in EMG activity. The entropy of the
EMG measurements, as mentioned before as a parameter for the functional loss
of muscle fibers is theoretically interesting. In this study, however, the entropy
did not present statistically significant differences between the control and the
DMD populations. This could be due to the attachment of the EMG electrodes;
indeed, in some small subjects the biceps was not big enough to attach the
EMG electrodes and the NIRS optode, appropriately together, at 1 cm of the
midline. Therefore, the electrodes could have been positioned too far away from
the active motor units leading to an underestimation of the variations in the
signal. However, entropy seems to be positively correlated with the ∆TOI and
the MVIC. Therefore, larger trials in future studies are needed to clarify this
relationship.

Because this study recruited a small group, these results should be interpreted
carefully. However, despite these limitations it can be concluded that these
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preliminary EMG - NIRS measurements showed some important findings.
First, non-invasive continuous monitoring of skeletal muscle oxygenation by
NIRS, combined with EMG, can be used to study the response of a sustained
contraction in controls and DMD and it is feasible in young children. Second,
there are indications that the EMG and NIRS reveal information about the
assessment of muscle state and disease progression, as in this study significant
differences in contraction-induced deoxygenation and reoxygenation patterns
were observed between healthy controls and DMD children. Interestingly, it
was observed that ∆TOI, HbO2 TOS and HbO2 TOSE correlated with the
subject functional performances on a 6 minute walking test. This shows the
great potential of this novel combined EMG-NIRS technology as an objective
DMD-monitoring instrument in the clinic as well as in future therapeutic studies.

7.8 Sleep Apnea Study

7.8.1 Introduction

In the framework of cardiopulmonary coupling, the goal is to quantify the
influence of the respiration on the heart rate (HR) in order to use this information
as a monitoring parameter. In general, this relationship is altered during
episodes of breathing disorders. In [211], the authors describe that elevated
coupling in the low frequency range (LF) between HR and respiration was
observed during obstructive apnea episodes, when compared with normal
breathing patterns; while elevated coupling in the high frequency range (HF) was
observed during normal breathing patterns. In this section the use of subspace
projection in biomedical signal analysis will be illustrated in the assessment of
cardiopulmonary coupling during apnea.

7.8.2 Data and Methods

ECG and breathing recordings from the Physionet Sleep Apnea Database were
used [165, 71]. From this dataset 8 recordings contain concomitant measurements
of respiration and ECG; they were selected for further processing. In each one
of these measurements breathing was recording using thoracic, abdominal and
nasal sensors. The methodology was applied independently for each breathing
sensor in order to study their influence on the results provided by subspace
projections. Each recording includes a set of annotations, one for each minute
of recording, which indicates the presence or absence of apnea episodes. The 8
recordings yield a total of 1328 minutes from which 489 contain apnea episodes
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and 839 are normal segments. From the selected segments the tachogram was
derived from the ECG and was resampled, together with the respiratory signal,
at 5Hz. In order to quantify the cardiopulmonary coupling, the tachogram was
decomposed, using orthogonal subspace projections, in 2 signals: one dependent
of respiration and one independent from it. The cardiopulmonary coupling was
quantified as the ratio between the squared norm of the projected and original
tachogram. This ratio can be understood as the percentage of energy in the
heart rate related to respiration. A 5th level DWT of the respiration was used as
basis for the calculation of the projection matrices, the mother wavelet selected
was the Daubechies 4 wavelet function. The use of the wavelet transform as basis
allows the quantification in different frequency bands of the coupling between
respiration and HR, expressed here by means of the approximation coefficients
in the frequency 0-0.078Hz and the detail coefficients in the frequency band
0.78-2.5 Hz.

7.8.3 Results

Strong coupling in the low frequency band was found between the HR and
the respiration during apnea episodes, while normal segments exhibit strong
coupling in the high frequency band. Projecting the heart rate in the subspace
defined by the approximation coefficients, the ratio between the projected HR
in this respiratory subspace and its total power was significantly higher for
segments with apnea than for normal segments, 41.7% vs 7.1% (p < 0.001 using
the Kruskal-Wallis test). When the detail coefficients were used as basis a
stronger influence of respiration in the normal segments was observed, 19.6%
vs 3.4% (p < 0.001). Table 7.9 presents a detailed description of the results.
In Figure 7.20 results from the subspace projections are shown. The Figure
presents the respiration and the HR for a normal and an apnoeic segment.
Furthermore, the decomposition of the HR in the projections onto the low and
high frequencies of the respiration is depicted.

Apnoeic Normal p-value
Approx. Coeff. [0-0.078Hz] 41.7% 7.1%

< 0.001median (min-max) (0.1% - 83.4%) (0% - 62.6%)
Det. Coeff. [0.078-2.5Hz] 3.4% 19.6%

< 0.001median (min-max) (0% - 41.8%) (0.2% - 65.1%)

Table 7.9: Percentage of power of the HR on the low and high frequency
subspaces of the respiratory signal for the apnoeic and normal segments.
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Figure 7.20: Results provided by the orthogonal projections of the HR onto the
respiration subspaces in the study of sleep apnea. The first row presents the
raw respiratory signal taken from the nasal sensor in black, the approximation
coefficients in red and the sum of the detail coefficients in blue. The second
row presents the HR signal in black, its projection onto the subspace spanned
by the approximation coefficients in red, and its projection onto the subspace
spanned by the detail coefficients in blue. The third row presents the box plot
of the ratio between the power of the projected HR and the total HR power
in the normal and apnoeic segments for the approximation (left) and detail
coefficients (right). During apnoeic segments the coupling between respiration
and HR is moved to lower frequencies.

7.8.4 Discussion

Using subspace projections a higher power in the coupling between HR and
respiration for the low frequencies was found in apnoeic segments when compared
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to normal segments, whilst normal segments exhibit a stronger coupling in the
high frequencies. These results suggest that the cardio-respiratory coupling is
moved from high frequencies to low frequencies during apnea episodes. These
results are in agreement with the results published in [71]. By using the coupling
coefficients in the low frequencies in a linear classifier for apnea detection the
ROC curves shown in Figure 7.21, one per each respiratory sensor, are obtained.
Even though all the sensors presented a good performance, the nasal sensor
provided the highest discriminative power with an area under the ROC curve
(AUC = 0.90). This is expected as the nasal sensor represents the gold standard
for respiratory measurements. This results suggest that subspace projections
could be of interest in the extraction of features for sleep apnea detection.
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Figure 7.21: ROC curve for a linear classifier using the ratio between the power
of the projected HR onto the approximation coefficients of the respiratory signal
and the total power of the HR. The ratio was computed independently for the
respiratory data measured from a thoracic, abdominal and nasal sensor. The
AUC for the thoraxic and abdominal sensor were 0.87 and 0.88, respectively.



Chapter 8

Summary and Future Work

In this chapter a summary of the main findings in this thesis dissertation will
be given, as well as suggestions for future research directions.

8.1 Summary

In this thesis several problems related to the monitoring of cerebral
hemodynamics using NIRS have been addressed. First of all I will mention the
main findings in the mathematical methodologies employed. Afterwards the
main results in the clinical case studies will be summarized.

Concerning linear methodologies, a novel framework based on the definition of
orthogonal and oblique subspace projectors was proposed. This method expands
the basis for the signal subspace by decomposing the regressor variables using a
discrete wavelet transform. Furthermore, the newly formed regressor matrix is
expanded using a block Hankelization procedure. By decomposing each regressor
using a discrete wavelet transform the degrees of freedom in the model are
increased, as well as the dimensionality of the subspace defined by the regressor
matrix. In this thesis, this methodology was tested successfully in several clinical
applications, namely in the ECMO and sleep apnea studies. In addition, the
methodology was adapted for online monitoring, where the differences between
subspaces defined by consecutive projectors were reduced. In this context, the
methodology was used to preprocess NIRS signal. This algorithm allows to
decouple the dynamics of SaO2 from the NIRS measurements, which is desired
for monitoring of cerebral hemodynamics, as indicated at several places in the
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manuscript.

Concerning nonlinear methodologies two methods were explored. The first
contribution is related to the use of a robust LS-SVM regression model for the
interpolation of segments contaminated by artifacts. In this context an extra
weight vector was introduced in the cost function defined in the robust LS-SVM
problem. This slight modification favours the fitting at the borders. This is
important for online monitoring applications, since the discontinuities between
consecutive preprocessed segments are reduced. The second contribution is
related to the development of a decomposition algorithm that is able to retrieve
the nonlinear relation between a specific regressor and the target function. This
decomposition facilitates the interpretation of nonlinear models, since it is able
to retrieve the direct, or combined, influence of some variables in the regression
model. This methodology was based on the definition of projection matrices
in a reproducing kernel Hilbert space (RKHS). This concept can facilitate
the introduction of other methods such as subspace system identification in
the RKHS. Some of those models already exist in the literature, but this
methodology approaches the problem from a different point of view providing a
geometrical interpretation of the problem. In addition, an interesting relation
between the kernel tuning parameter and the trace of the projection matrix
in the RKHS was investigated. It was shown that small σ values are related
to high dimensional subspaces, which induces over-fitting. Larger σ values, on
the other hand, produce dimensionally smaller subspaces, which are related to
underfitting. In addition, the dimensionality of the subspace represented by
the KPCR model, was used to define a reduced set of variables that is able
to reproduce similar results, providing a framework for the development of a
sparse KPCR.

In addition, in this thesis we have validated the use of TOI and rScO2 for CA
assessment. Traditionally, ∆HbD and ∆HbT have been used for CA assessment.
However, these methodologies are prone to movement artifacts. TOI and rScO2
represent a more robust technology that produces more stable measurements.
Moreover, in order to standardize the methodologies used in clinical practice for
CA assessment, a set of parameters for the use of transfer function, coherence
and correlation methods has been proposed. These parameters were selected
by the evaluation of their impact on the scores they produce. This is an
important topic that lately have caught the attention of research in the field,
which highlights the importance of this study.

Concerning clinical case studies, several results have been reported in this
manuscript. First, canonical correlation analysis (CCA) was introduced in the
analysis of cerebral hemodynamics. This methodology was tested in patients
undergoing ECMO, and scores indicating the relation between systemic and
hemodynamical variables were presented. In this study, the relation between
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systemic and peripheral hemodynamical variables was proposed as a reference to
evaluate the status of the cerebral hemodynamics regulation. Nowadays, there
is no gold standard for the evaluation of cerebral hemodynamics regulation.
However, it is known that changes in systemic variables are attenuated in
the cerebral hemodynamics by the mechanisms that protect the brain, these
mechanisms are absent in the peripheral circulation. Therefore, it is expected
that changes in systemic variables are more reflected in the peripheral than
in the cerebral hemodynamics. By defining the relation between the systemic
variables and the peripheral hemodynamics as a reference, an appropriate
patient dependent framework for the monitoring of cerebral hemodynamics is
obtained. However, when using CCA, only the relation between the variables,
but not the strength of this relation, is evaluated. By incorporating subspace
projections in this framework, the strength of this relation is measured. Both
methodologies present an interesting framework for the monitoring of cerebral
hemodynamics. However, the clinical impact of these methods is yet to be
validated.

Wavelet based transfer function (WBTF) has been proposed for the use in
cerebral hemodynamics monitoring. WBTF is an appropriate methodology for
the study of nonstationary interactions between two signals. In this dissertation,
interesting preliminary results for the use of WBTF in biomedical signal
processing have been presented.

In addition, the subspace projections obtained from a KPCR model were tested
in a real dataset. In the application used, the data was obtained from an
anesthetized lamb. Variations in MABP were induced in order to produce
hypotension and induce “impaired” cerebral autoregulation. As result it was
shown that KPCR was able to fit adequately the data. Furthermore, by using
the projections onto the regressor variables, the model was able to retrieved the
autoregulative curve. This curve describes a nonlinear relation between MABP
and CBF, which was hidden when observing the raw measurements. These
results indicate the high potential that this methodology possess for clinical
applications. Additionally, since this methodology was developed independently
from the clinical applications, it can be applied to different fields.

Concerning the studies performed in the labetalol dataset, we found that the
maternal use of labetalol alters the CA mechanism in the newborns during
the first days of life. This alteration might be related to a vasodilatory effect
similarly to the one caused by hypocapnia. Even though the effect of labetalol
on the neonates disappears by the third day after birth, its relation with clinical
outcome in the patients is unknown.

In this thesis we also proposed the use of NIRS for the monitoring of disease
progression in DMD patients. In this framework, we found a different
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hemodynamical pattern of re-oxygenation after a sustained contraction in DMD
patients when compared to control subjects. Interestingly enough, this behavior
correlates with the standard test that assesses the status of the disease. The
main advantage of the proposed parameters is that the test can be performed
in patients that are unable to walk. This fact makes NIRS attractive for the
monitoring of therapeutic response in these population.

In a final clinical case study, the effect of an apnoeic event in the coupling
between the heart rate and the respiration was investigated. This study showed
that this relation is moved from “high” to “low” frequencies during an apnea
episode. Based on this information, a score that indicates the strength of the
coupling between HR and respiration in the “low” and “high” frequencies, was
proposed as a feature for the detection of apnoeic episodes.

In summary, in this thesis several methodologies have been developed to address
the problems that cerebral hemodynamics monitoring has to face. First of
all, preprocessing algorithms for NIRS signals have been developed. Second,
multivariate signal processing techniques have been introduced in the field of
cerebral hemodynamics monitoring. Based on the results provided by those
methodologies, scores that indicate the status of the cerebral hemodynamics
mechanisms were proposed. In addition, a methodological framework that
facilitates the clinical interpretation of a nonlinear multivariate model has been
introduced. Finally, the methods developed in this thesis were tested in a series
of clinical studies.

8.2 Discussion

Cerebral hemodynamics is a complex process that involves the interaction of
several mechanisms and physiological variations. Therefore, the development
of methodologies for its appropriate monitoring should take into account
the multivariable, nonlinear and nonstationary nature of these mechanisms.
However, by taking into account all these characteristics the complexity of the
monitoring algorithms is increased.

On one hand, traditional techniques such as correlation, coherence and transfer
function require a low computational cost; which make them easy to implement
at the patient bedside. In addition, due to its simplicity the scores produced
are easy to interpret. Moreover, since these methodologies have been studied
in several fields, they represent a robust framework for a monitoring system.
However, these methods assume several conditions that might be violated in
clinical practice. First of all, they assume that the system under study is
univariate. Therefore, the influence of variables that are not taken into account
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can influence the results, leading to misinterpretation of the results. Second,
these methodologies assume a linear relationship between the signals under
study. In the context off cerebral hemodynamics monitoring, one can argue that
due to the fact that the variations in the signals under analysis are small, the
linearity condition is met. But, in the presence of strong nonlinearities these
conditions does not hold. In addition, some of these methods explore only the
presence of a linear relationship between the variables and not its strength. In
the context of monitoring cerebral hemodynamics, not only the presence of a
coupling between systemic variations and hemodynamical variables is needed,
but also the strength of this coupling. Therefore, methodologies like correlation
and coherence are not suited for this task, since they only evaluate the presence
of a linear relation between the variables under study. Transfer function gain, on
the other hand, does retrieve information related to the strength of this coupling,
which makes it, in comparison with correlation and coherence, a more suitable
method for cerebral hemodynamics monitoring. But, even though all these
methodologies are simple, fast and robust, they lack clinical interpretability,
and can produce misleading results.

On the other hand, more complicated methodologies such as canonical
correlation analysis (CCA), and subspace projections(O(r)SP) represent a
more suitable framework for the monitoring of cerebral hemodynamics. These
methodologies can manage multivariate data, which allows to evaluate the
influence of several systemic variables on the cerebral circulation at the same
time. CCA on one hand, can be seen as a multivariate extension of correlation
analysis, while O(r)SP might be more closely related to transfer function analysis.
As in the previous case, O(r)SP represents a more robust methodology for the
monitoring of cerebral hemodynamics than CCA. This is due to the fact that
CCA, as correlation, can only evaluate the presence of a linear relationship
between the variables studied, while O(r)SP is able to indicate the strength
of this coupling. In addition O(r)SP, as proposed in this thesis, can retrieve
the individual contribution of each measured systemic variable on the cerebral
hemodynamics. This is of clinical importance since it represents a tool that can
be used in order to evaluate the efficacy of treatment. As an example, O(r)SP
can be used in order to evaluate if the treatment for hypotension improves the
cerebral oxygenation in the neonates. However, these methodologies also present
some drawbacks. On one hand, they are more complicated and require more
computational power for their calculation. However, this latter problem does not
pose any difficulty, since in clinical practice it is tolerable to generate scores for
cerebral hemodynamics status every coupled of minutes. These methodologies
can be implemented at the patient bedside with the help of adequate hardware.
On the other hand, as mentioned before, these methodologies evaluate the
presence of linear relationships between the data. Therefore, in presence of
strong nonlinearities these methods can produce misleading results.
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In contrast with the aforementioned methodologies, kernel principal component
regression (KPCR) takes into account the multivariate and nonlinear nature of
the mechanisms involved in cerebral hemodynamics regulation. One of the major
drawbacks of nonlinear methodologies is the lack of clinical interpretability. This
issue has been addressed in this thesis by the inclusion of subspace projection
techniques, which allow to obtain the nonlinear, or linear, contribution of each
systemic variable on the cerebral hemodynamics. However, this method is a lot
more complex and requires of a higher computational cost. The main bottleneck
of this method lies in the tuning of the kernel bandwidth. By addressing this
issue a faster implementation of the KPCR model can be obtained.

In summary, sophisticated nonlinear methodologies for the monitoring of cerebral
hemodynamics, such as KPCR, provide of information that is relevant in clinical
practice, but they require a high computational cost. More simple techniques
that take into account only linear relationships between the variables, such
as CCA and O(r)SP, can be a good alternative for the nonlinear methods
when there are limitations in computational power and time. Finally, it is
recommended to use simple methodologies, such as correlation, coherence and
transfer function, with care, since they may produce misleading results.

8.3 Future Work

Several issues are yet to be addressed in the methodologies and the clinical case
studies presented in this dissertation. First of all, the subspace projection method
proposed in this thesis, which extends the regressor matrix by decomposing the
regressors using DWT, can be further improved by introducing this extension in
a subspace system identification framework. Furthermore, confidence intervals
for the regression and the projection can be defined in order to complete a
theoretical frame for this problem formulation.

Second, concerning nonlinear methodologies there are also several aspects to
be addressed. First of all, it is interesting to explore the relation between the
dimensionality of the subspace where the data lie in the RKHS and the kernel
parameter σ. By finding a suitable relationship it can lead to models where
the tuning might be avoided. Advantages can be taken from the similarity
of this problem to the model selection in the KPCA formulation, where the
tuning is based on the structure of the input data without taking into account
a target vector. Furthermore, the relation between σ and the dimensionality of
the subspace in the RKHS can be further exploited in order to define the best
model, providing a limit for the number of desired components. In other words,
let’s assume that the user is interested in generating a KPCR model using only
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N datapoints. If the relation between σ and the model projection matrix in
the RKHS is known, the best σ for such a model can be found. Furthermore,
in this dissertation the KPCR model was studied using only a RBF kernel.
The influence of the kernel function in the proposed methodology is yet to be
evaluated. The selection of the RBF kernel in this thesis was somehow arbitrary,
even though the RBF kernel is one of the most popular kernels due to its
generalization capabilities, and the ability to reproduce other kernel functions.

Another important issue to investigate in the proposed KPCR methodology
is the influence of noise in the decomposition algorithm. In the toy examples
presented, a moderate noise level was used. The examples showed that some
residuals were obtained when projecting the data onto the subspace defined
by regressor variables that were not directly involved in the model. Therefore,
we hypothesized that by increasing the noise level, the magnitude of these
residuals will increase. In addition, regressor variables with lower variations
might not adequately be described by the model. To what extent this can be
tolerated in clinical applications, is yet to be studied. Furthermore, the KPCR
model, as presented in this work, can only identify static relationships between
the regressor variables and the target function. In order to be able to identify
dynamical nonlinear relationships a redefinition of the regressor matrix is needed.
Such a modification can be related to the extension of the regressor matrix by
the use of a DWT decomposition. In some preliminary results that were not
presented in this thesis, it was observed that by including such modification in
a LS-SVM regression model, the estimated output is smoothed. This indicate a
reduction in the influence of the noise in the regressors.

Concerning the monitoring of cerebral hemodynamics, first of all, the
preprocessing algorithms need to be improved by automating the detection of
artifacts. The methodology presented in this study is semi-automatic, it relies
on the manual selection of segments contaminated with artifacts. Since there
are several algorithms in the literature that already address this issue, what
needs to be investigated is how to adapt the methods presented in this thesis
to comply with their requirements. In addition, studies for CA and cerebral
hemodynamics need to be validated in larger populations; however, a gold
standard is yet to be defined. In addition, the scores for cerebral hemodynamics
monitoring, proposed in this manuscript, need to be validated in clinical studies
with a larger population.

Additionally, in the labetalol study it is important to investigate the relation
between the findings presented in this thesis and the clinical outcome in the
neonates. Concerning the Duchenne study, future research should be oriented
to increasing the size of the population in order to have a stronger validation for
the scores proposed in this thesis. Moreover, the relation between the sEMG
variations and the HbO2 dynamics needs to be explored.
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Finally, this thesis has proposed several methodologies for monitoring cerebral
hemodynamics. These methodologies are ready to be used in clinical trials
in order to evaluate their clinical impact. As an example, the methodologies
developed in this thesis will be used in the analysis of signals obtained from
patients included in the European HIP Trial FP7-HEALTH/ 2007-2013 (n°
260777), which is a clinical trial that aims at defining correct treatment
for hypotension in prematurely born infants. Since measurements of brain
oxygenation will be available in the population included in the trial, the
algorithms developed in this thesis represent a methodological framework for
the evaluation of the cerebral hemodynamics regulation in these infants.
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