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Complexity of flow motion 

by Marjola Thanaj 

The analysis of complex physiologic time series has been the focus of considerable attention 

since simple mathematical models cannot be found to describe them. Signals derived from skin 

microvascular networks using Laser Doppler flowmetry (LDF) have been broadly investigated using 

both linear and nonlinear dynamical methods providing significant information about the 

microvascular function. This study aims to explore complexity methods that can quantify the 

changes in the complex flow motion characteristics from the human microcirculation in a range of 

pathophysiological states. 

Time and frequency domain analysis were used to define the signal values from the 

microvascular perfusion and their power contribution using the spectral analysis to quantify the 

different properties modulating the network perfusion. Nonlinear complexity methods were used 

to quantify the signal regularity by evaluating the presence of repeated patterns providing 

complexity variants at single and across multiple spatial and temporal scales. Further, a new 

approach, attractor reconstruction analysis, was used providing quantitative measures of the 

microvascular system in phase space and a visual representation in the shape and variability of the 

signal producing a two-dimensional attractor with features like density and symmetry. 

The skin blood flux (BF) and tissue oxygenation (OXY) signals obtained from a combined Laser 

Doppler flowmetry (LDF) and white light spectroscopy (WLS) device were investigated using time 

domain, frequency domain and the nonlinear methods in the skin of a healthy cohort during 

increased local warming. This study revealed multiple oscillatory components with a remarkable 

increase in the cardiac activity during thermally induced vasodilation. There was also shown a 

significant attenuation in the complexity across multiple scales and a significant drop in the 

attractor density measures during increased local warming.  

Subsequently, both linear and nonlinear methods were used to investigate the LDF signals 

obtained from groups of individuals at an increased cardiovascular disease (CVD) risk, categorised 



 

with presence or absence of type 2 diabetes and use of calcium channel blocker (CB) medication. 

The results showed an increase on the high frequency cardiac activity with CB treatment. There was 

a significant decrease in the complexity of the blood flux signals as the CVD risk increases across 

multiple time scales. Also, there is a decline with progression of CVD risk in the measures derived 

from attractor reconstruction analysis. The highest separability between these groups was achieved 

using the attractor and complexity measures combined. 

In conclusion, time and frequency domain analysis alone were insufficient to estimate the 

complex dynamics of the microvascular network during the application of a standard stressor. 

Nonlinear analysis provides a better characterisation of the flexibility of the system in a range of 

pathophysiological conditions. Together these mathematical approaches were able to quantify 

different microvascular functional states. With machine learning techniques this should allow the 

classification of the tissue perfusion features providing a use for clinical assessment. 
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Chapter 1: Introduction 

In recent years, the occurrence of cardiovascular diseases (CVD) has increased dramatically [1]. 

Chronic diseases related to CVD, such as diabetes and obesity, are the leading causes of death 

worldwide. According to Diabetes UK, 2.9 million people are diagnosed with diabetes in the United 

Kingdom and it is estimated that by 2035 this number will rise up to 6.25 million people increasing 

the cost of CVD to the National Health Service (NHS) budget by a further 40% from current spending 

levels [1-3]. Changes in the circulatory system arising from these diseases are very significant factors 

in morbidity and mortality. This research will investigate novel approaches to assessing the 

microcirculation with the ultimate aim of improving diagnoses and therapeutic interventions. Non-

invasive medical devices are very useful nowadays for monitoring of the blood flux and have an 

important impact on pathophysiological assessment and they help to enhance diagnosis made by 

professionals. Earlier detection of vascular dysfunction and its degradation is a potentially valuable 

tool for improving interventions in healthcare and evaluating new therapies.  

Signal processing methods have improved the utility of biomedical engineering applications and 

they can provide useful information for diagnosis. Biosignal analysis have proven very useful for 

identifying characteristics of the blood flux and provide information about health or disease. For 

that reason the investigation of the complex dynamics in blood flux signals as a metric of 

(micro)vascular function is a promising technique as there is evidence that it can detect changes in 

the small vessels before they present in the larger ones [4].  

This chapter provides an overview of biomedical signals obtained from such non-invasive 

devices used to conduct this research and the main physiological factors that influence the 

microvascular blood flow. The main objectives of the research are identified and an overview of the 

structure of this thesis is presented. Finally, a list of publication derived from the work of this thesis 

is given.  

1.1 Overview  

In general, biomedical signals are those which arise in living organisms that can be continually 

measured and monitored. Common and well-known examples include those that measure 

electrical activity, such as Electroencephalogram (EEG), electrocardiogram (ECG) [5, 6] and 

electromyogram (EMG) [7], all of which are established in clinical usage. Biomedical signal 

processing refers to a range of techniques encompassing the fundamental theory, applications, 

algorithms and implementations of techniques that transform a raw biosignal from an abstract  
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measurement to a meaningful interpretation. This includes spectral analysis to determine the 

power-frequency composition of a biosignal, data mining for statistical analysis of relationships 

between large numbers of variables and system identification to model the processes underlying 

the observed signal(s).  

Signals from the human skin microvascular system have been widely investigated in healthy 

groups using various perturbation methods [8, 9], as well as in different pathological conditions 

such as diabetes, obesity, hypertension, insulin resistance, hypoxia and non-alcoholic fatty liver 

disease [10-13]. An early detection of the abnormal changes may help to avoid serious 

microvascular complications by quantifying these changes in the human skin microcirculation at an 

early stage of the disease in order to define the best treatment and thus improve the health 

outcomes. However, the microvascular function can be implicated in a wide variety of factors. Skin 

microvascular perfusion contribute to impairment in elderly subjects when exposed to thermal 

provocation [14, 15]. Microcirculation has been also influenced by myriad of other factors including 

gender [16], body site [17], skin pigmentation [18], smoking [19], vasoactive medication [20], and 

even sedentary life style [21]. Therefore, several sources of variability should be considered when 

assessing skin microcirculation. 

Non-invasive methods have been used to investigate the microvascular function. Over the last 

few decades [22], a non-invasive technique widely used in basic and clinical research, is Laser 

Doppler Flowmetry (LDF). The LDF technique is non-invasive and allows continuous recording of the 

blood flux. LDF measures the perfusion in the skin referring to the blood flow in the microcirculation 

which consists of the capillaries, small arteries, small veins and shunting vessels [23]. One of the 

larger benefits of this technique is that it can be used to investigate changes of blood flux in 

response to a given stimuli with a minimal impact on microcirculation. Studies conducted on the 

tissue based on the visible light spectrum have been used developing non-invasive assessment of 

tissue oxygenation both at macrovascular and microvascular level. White light spectroscopy (WLS), 

is another non-invasive technique based on the visible light suitable for the investigation of the 

human tissue oxygenation [24]. Recently, the combined LDF and WLS techniques allow for 

coetaneous investigation of blood flux (BF) and oxygenation parameters (OXY).   

However, these methods lack repeatability and precision, due to the heterogeneous anatomy 

of the skin, making the measurements on the same site at different occasions almost impossible. 

Moreover, LDF measure of blood flow is not expressed as absolute unit, i.e. ml s-1 (100 g)-1 [25], but 

in arbitrary units, known as perfusion units (PU) and WLS measures the tissue oxygenation in 

arbitrary units (AU). Also, both LDF and WLS are very sensitive to movement of the measurement 

probe and optical fibre. Much previous use of both LDF and WLS techniques has been to explore 
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microvascular control mechanisms within the skin through computer processing of the blood flux 

and oxygenation signals. The time and frequency domain analysis and the contribution of spectral 

properties in the frequency domain are the most used techniques with which signals derived from 

the microvascular perfusion have been analysed (see, for example, [26-28]). However, further 

methodologies ought to be explored for investigating changes in vascular function. Recent research 

[4], had shown that the measure of the information, or randomness, of the blood flow can indicate 

a vascular dysfunction that trace the inception and the progression of diseases related to CVD such 

as diabetes. Therefore, it is important to study these analysis methods in various groups of people 

with such diseases.  

1.2 Aims and Objectives of the Research 

The broad aim of this research is to investigate properties of blood flux and oxygenation signals 

obtained from human volunteers. Initially, this work focused on analysing data, acquired from 

previous studies, of blood flux and oxygenation measured by a combined LDF-WLS device for 

healthy volunteers during skin perturbation, in order to explore the frequency components of these 

signals using Fast Fourier (FFT) and Wavelet Transformation. Several nonlinear complexity methods 

that have been used widely to quantify the complexity of a time series and are well suited to the 

analysis of one-dimensional biomedical signals such as sample entropy (SampEn), Lempel and Ziv 

complexity (LZC) and effort to compress complexity (ETC) are then considered. Although, since 

biological systems operate across multiple spatial and temporal scales, multiscale analysis is applied 

to these complexity measures to better quantify the information expressed by the microvascular 

dynamics over multiple time scales. Moreover, the Symmetric Projection Attractor Reconstruction 

(SPAR) analysis is used providing quantitative measures of the microvascular system in phase space 

and a visual representation in the shape and variability of the signal producing a two-dimensional 

with features like density and symmetry.  

These techniques are shown to be a useful tool for analysing signals from complex networks, 

like blood flux and tissue oxygenation signals in the microvasculature. It has been suggested that 

the loss of complexity in a physiological time series is indicative of disease [29]. In this research, the 

complexity of human microvascular perfusion, in various pathophysiological conditions, is 

examined in more detail. 

The primary aim of this research is therefore to explore nonlinear analysis methods for the 

investigation of the complex dynamics of the microvascular perfusion, as an indicative measure of 

system’s adaptability and potentially disease state. In the first instance, using skin blood flux and 

oxygenation from data from healthy volunteers in two haemodynamic steady states, at 33℃ and 
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during local warming to 43℃ to generate local thermal heating (LTH), the properties of these signals 

and the complexity measures can be evaluated. This can then be extended to pathological states 

and a further study of the blood flow signals from a group with non-alcoholic fatty liver disease 

(NAFLD) is used to determine if these metrics can be employed to help discriminate between groups 

at an increased cardiovascular disease risk (CVD). The objectives of the study can thus be described 

as follows: 

• To explore the frequency components of signals using FFT-based and/or WT-based analysis 

to understand the properties of the processes underlying them.  

• To perform nonlinear complexity analysis of the signals to identify suitable parameters of 

these algorithms, their applicability and limitations and better understand how the 

information content in them changes in response to external stimuli. 

• To develop multiscale methods for the analysis of these signals and establish properties of 

these approaches, e.g. time constant dependencies, and benchmark metrics for comparison 

with studies in pathophysiological states. 

• To apply a new approach for the attractor reconstruction analysis and provide a quantitative 

characterisation of the microvascular system in phase space and a visual representation in 

the shape and variability of the signal producing a two-dimensional attractor. 

1.3 Applicability of the Research 

This study aims to explore complexity methods that can quantify the changes in the complex 

flow motion characteristics from the human microcirculation in a range of pathophysiological states. 

This research may be of great help in determination of vascular dysfunction by quantifying the 

degree of adaptability in microvascular networks through the changes in the information content 

of the blood flux signals during perturbation and to investigate the differences of the information 

content of the microvascular dysfunction under a pathophysiological state. The time series analysis 

can be used to inform how a loss of system flexibility may prevent microvascular systems from 

adapting to an imposed stressor and to explore the behavior of microvascular system in different 

pathophysiological conditions.  

1.4 Thesis Structure 

Chapter 2 introduces the biomedical signals and provides an overview of the signal processing 

techniques. Then, the physiology of skin and evaluates the current literature in the field of 

microcirculatory blood flow, is described. The relevant and necessary mathematical approaches to 

quantify the microvascular dynamics using both linear and nonlinear analysis, are described. 
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Chapter 3 employs time and frequency domain analysis to assess and characterize the changes in 

skin blood flux and oxygenation signals from fifteen healthy volunteers. Chapter 4 develops the use 

of nonlinear analysis at a single and in multiple time scales in healthy volunteers during skin local 

heating to examine different haemodynamic states. Chapter 5 presents results from the multi-study 

analysis using both linear and nonlinear analysis, to assess the variability of the LDF signals from 

subgroups at an increased cardiovascular disease risk (CVD) categorised with presence or absence 

of type 2 diabetes and use of calcium channel blocker medication. Chapter 6 present the results 

from the application of a new approach for attractor reconstruction analysis to better evaluate the 

changes of the microvascular network under a dynamic change in the skin microcirculation. Finally, 

Chapter 7 concludes this work and provides future directions. 

1.5 Contributions 

The multidisciplinary nature of this thesis, combining the elements of engineering techniques 

with clinical approaches enable the following main contributions to the body of knowledge: 

• Establishing the applicability of LZC, SampEn, ETC complexity and multiscale analysis of the 

simultaneously recorded healthy human skin blood flux and oxygenated haemoglobin signals 

during skin local heating. These methods showed a substantial decrease during vasodilated 

perfusion state due to increased local heating and were able to identify different 

microvascular states. 

• Investigation of skin blood flux variability from individuals at increased CVD risk using time, 

frequency and complexity analysis. The multiscale complexity analysis reported a significant 

attenuation in the network’s flexibility and adaptability with increasing CVD risk. Complexity-

based and particularly, multiscale-based analysis showed good discrimination capabilities. 

• Applying the efficacy of the attractor reconstruction approach as a potential method of 

identifying changes in the microvascular function from the human microcirculation in a range 

of pathophysiological states. The measures derived from attractor reconstruction combined 

with the nonlinear indexes, were able to identify the changes of the features in shape and 

variability of the blood flow signals under different conditions. 

1.6 List of Publications and Presentations 
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Chapter 2: Background and Literature Review  

In this chapter, the research background material and literature review are presented. The 

chapter starts with a brief introduction to the biomedical signal, different types of biosignals and 

an overview of signal processing techniques. Then, a brief description of the anatomy and 

physiology of the skin circulatory system and a review of the primary technique used to assess 

microcirculation, are then presented. After that, a technical background on the methods for 

analysis of blood flow and oxygenation signals including time and frequency domain together with 

a technique to quantify the complexity of these signals are discussed.  

2.1 Biomedical Signals 

2.1.1 Biomedical Signal Measurement Systems 

Biomedical signals are variations in space and/or time that carry information about biological 

events such as heartbeat or the contraction of a muscle. Common examples include those that 

measure electrical activity such as Electroencephalogram (EEG), electrocardiogram (ECG) [5, 6] and 

electromyogram (EMG) [7], thermal activity such as measurement of temperature and  mechanical  

activity such as muscle movement and blood pressure [30], all of which contain useful information 

about a biological event and are well established in clinical use. 

 

Figure 2.1  Block diagram of a typical biomedical measurement system. 

The acquisition of biomedical signals can be achieved in various ways. A typical measurement 

system of biosignals as shown in Figure 2.1, contain detectors and transducer to convert the 

biological into an electric signal usually detected from electrodes or probes placed on the site of 
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observation. A data acquisition device, often including an amplifier, and analog signal processing is 

required, for the amplification and for the lowpass or bandpass filtering of the signals. The analog 

signal will then be converted to digital through an analog to digital converter (ADC) and then the 

signal is stored in a signal storage format followed by further digital signal processing such as 

averaging, spectral and wavelet analysis [31, 32]. In some diagnostic applications, more 

sophisticated techniques are applied such as classification algorithms to define  the classes of a 

tissue in disease state [31]. The output of this system is then displayed from the display layout such 

as a monitor.  

2.1.2 Biomedical Signal Processing 

Biomedical signal processing refers to a range of techniques encompassing the fundamental 

theory, applications, algorithms and implementations of techniques that transform a raw biosignal 

from an abstract measurement to a meaningful interpretation. Biosignals, as all digital signals, are 

categorised into linear and nonlinear signals and each of these categories are further classified into 

stationary, in which statistical properties of the signal such as mean, standard deviation (SD), 

variance etc. remain constant over time, and non-stationary, in which the signals have varying mean 

over time [31, 33]. It is therefore, necessary to fully understand the nature of the biosignals before 

applying any linear and nonlinear signal processing techniques.  

2.1.2.1 Linear Signal Analysis 

The most straightforward measures that can provide some fundamental information of the 

signals are the mean, root mean-squared value (RMS) and variance however, these basic measures 

do not always tell us much about the information carried in the signals [31]. Several time domain 

techniques such as correlation-based analysis have been applied to calculate the similarity between 

time series, most frequently used for determining the time delay for which the signal remains 

correlated with itself [34] and convolution to quantify the output of a linear time series in response 

to any input, more commonly used in digital filtering [35]. However, many biological signals exhibit 

more useful information for diagnosis when examined in the frequency domain.  

Spectral analysis has been used to determine the power-frequency composition of a biosignal 

providing a useful representation of the overall signal spectrum. Frequency domain analysis such 

as fast Fourier transform (FFT) based on the power spectrum analysis, describes how the power of 

the time series varies with frequency [5] and Wavelet transform (WT) is a time-localized and 

frequency domain analysis developed to obtain both the time and frequency properties of a signal 

[36].  
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Signals from the human cardiovascular system have been widely assessed using the frequency 

domain analysis [37-42]. An illustrative example reproduced from Bracĭc,̆ et al. [42], of a respiratory, 

ECG, heart rate variability (HRV), blood pressure and blood flow signal and their frequencies in time-

averaged wavelet transform recorded from a healthy human subject, is shown in Figure 2.2. Note 

that all signals were detrended, by forcing their mean to zero and filtered using moving average 

with a 160 second window and apart from ECG signals, were resampled at 10Hz. It can be seen that 

even though there are few differences in the frequencies between these cardiovascular signals, 

several dominant frequency peaks appear at the same frequency range as indicated in dashed lines. 

As explained in [42], this shows that the WT measurement on the cardiovascular signals can detect 

the regulatory mechanisms reflected from the cardiovascular system at the site of observation, 

making the frequency domain analysis an important technique for identifying the oscillatory 

dynamics of the cardiovascular system. Further on in this thesis, frequency domain analysis 

methods will be demonstrated, in order to explore the frequency components of signals derived 

from the microvascular perfusion. 

 

Figure 2.2 Example of respiratory, ECG, HRV, blood pressure and blood flow signals and their WT 

analysis. Figure reproduced from [42], with kind permission from the authors. 
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2.1.2.2 Nonlinear Signal Analysis 

So far, linear analysis methods such as spectral analysis, have been broadly applied for the 

analysis of biomedical signals however, many biosignals contain complex nonlinear dynamics that 

cannot be explained through linear signal processing. A nonlinear system is defined when the 

systems output is not proportional to the systems input. The signals from a nonlinear system 

contain irregularities that appear more complex than the signals from linear systems. These signals 

contain complex information that make signal processing challenging and require new techniques 

[31]. The information theory also known as entropy describe the measurement of the information 

that is gained or lost in the signal, otherwise it is a measurement of disorder in the signal. The 

measurement of signal information was first introduced by Shannon [43], who estimated the 

information content of stochastic irregular data. Since then, several nonlinear complexity measures 

have been applied to quantify nonlinear complex physiological signals [4, 40, 44-46]. Further on in 

this thesis, nonlinear analysis methods will be demonstrated, to quantify the complex dynamics of 

signals derived from the microvascular perfusion and explain why treatment of such signals with 

linear methods alone are insufficient.   

In the following sections of this chapter, an overview of the skin physiology as well as the 

techniques to assess the cutaneous perfusion will be first introduced. Then, the tools to quantify 

both the linear and nonlinear dynamics of these signals will be thoroughly described. 

2.2 Physiology of Skin Microcirculation 

2.2.1 Human Circulatory System 

The human circulatory system has two main functions: one is the rapid transport of oxygen, 

blood and nutrients to the tissues and organs and the other is to regulate blood pressure generated 

from the heartbeat [47, 48]. Figure 2.3 shows a simple diagram of the human circulation. The blood 

is ejected from left ventricle and flows through the aorta and then to smaller arteries, arterioles 

and the capillary network where the major regulation of tissue perfusion occurs (Figure 2.4). The 

blood returns to the heart through a convergent system of veins and finally fills the right ventricle 

and atrium from where it will be transported to the pulmonary system and oxygenated. After 

oxygenated blood enters again the left atrium and completes a full body circulation. 

A sufficient diffusion of oxygen to tissue is a vitally important transport mechanism inside the 

cells and between the cells and the blood flow. The diffusional transport rate is similarly important 

to deliver nutrients inside the cells but the time 𝑡 that it takes to move all the substances in a 

direction over a distance 𝑥 increases with the square distance, as shown by Einstein: 
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𝑡 ∝  𝑥2                                                                            (2.1) 

Therefore, as described by Levick [47], diffusional transport is slower over large distances than 

shorter ones. The diffusion of oxygen across blood membrane inside the lungs is referred to as the 

cardiovascular system and its purpose is to carry oxygen from the lungs to every cell of the body to 

satisfy the metabolic need of the tissue. The delivery of oxygen and nutrients to the cells is called 

the  microcirculation and refers to the circulation of the blood in the smallest blood vessels including 

the arterioles (mean diameter: 30 μm), capillaries (3 - 7 μm) and venules (30 - 35 μm) [49]. A typical 

capillary network is shown in Figure 2.4.  

 

Figure 2.3 The human circulatory system. Reproduced from clinicaverde.com. 

 

Figure 2.4 The capillary network. Reproduced from [50] (Open access journal).  
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A fundamental function to understand the microcirculation is by controlling the peripheral 

vascular resistance and the blood pressure. According to Darcy’s law, resistance is the pressure 

drop per unit flow through a vessel or a group of vessels. The biggest pressure drop occurs through 

the smallest arteries and arterioles. These arteries and arterioles are called resistance vessels. 

When resistance vessels are dominant to the resistance flow, they turn local perfusion up or down 

according to the local demand [47]. Thus, when the resistance decreases, the local blood flow 

increases and the resistance vessels dilate. This is referred to as vasodilation while the opposite 

effect is called vasoconstriction and occurs when the local resistance rises and the local blood flow 

reduces.  

2.2.2 Cutaneous Microcirculation 

The human skin is the largest organ in the body and it accounts for about 30% of total body 

weight [51]. It distinguishes, separates, and protects the organism from its surroundings. Skin plays 

an important immunity role in protecting the body against pathogens, because it interfaces with 

the environment. The skin is composed of three layers: the epidermis, dermis and hypodermis [52, 

53], as illustrated in Figure 2.5. 

 

Figure 2.5 Representation of the human skin anatomy. Reproduced from [54] with kind permission 

from Kuliga. 

The epidermis is the outer skin layer. It forms a waterproof barrier to the outer world that keeps 

out water, sunlight, heat and cold. It consists of four or five layers depending on the region of the 

skin. The epidermal cells are formed at the basal cell layer. The cells which make up the epidermis 
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move up the layer changing their shape as they die due to the isolation from the blood. When these 

cells die, they form a layer mostly containing keratin, which is responsible for keeping water in the 

body and keeping out pathogens and other chemicals that may cause infection to the skin. The 

dermis is located beneath the epidermis and is composed of epithelial tissue, containing collagen 

and elastic fibres that protects the body from stress and strain. It consists of blood vessels that 

provide the tissue with nutrients and waste removal from its own cells. The hypodermis lies 

underneath the dermis and is the deepest skin layer. It is not a part of the skin and its purpose is to 

attach the skin to bone and muscle and supply it with blood vessels and nerves. The hypodermis 

contains connective tissue, adipose tissue and elastin that participate in the thermal isolation of the 

body.  

Human skin microcirculation is heavily influenced by the ambient temperature. Skin is the main 

thermoregulatory organ of the body and it uses variation of microvascular perfusion to regulate the 

heat loss. When the temperature of the skin is high due to a physiological perturbation, such as 

local skin warming, the arterioles, venules and veins begin to dilate and this is called thermal 

vasodilation. If the local environment is warm, the blood vessels dilate and the volume of 

oxygenated blood flow increases in order to dispel the excess of the heat [55]. Conversely, local 

cooling of the skin causes vasoconstriction to reduce heat loss.  

There are other regulatory mechanisms that contribute to the total blood flow motion. The 

blood perfusion exhibits periodic physiological oscillations that have been shown to reflect the 

influence of heartbeat, which is the highest frequency oscillation observed in flow motion. Then, 

the next highest frequency is the respiratory activity. The frequency below respiration is thought to 

represent the regulation of blood pressure, where the smooth muscle cells respond to the changes 

in vascular pressure in the vessel’s walls and is known as myogenic activity.  Two additional 

components that occur in lower frequencies are the neurogenic activity and metabolic activity.  

The microvascular system is a complex dynamical system and skin regulation is therefore a 

complex process [36, 56]. The endothelial function has been closely linked with microvascular 

mechanisms. The endothelium plays an important role in controlling the blood flow. The 

endothelial function is defined as the ability of the endothelial cells to deliver factors that regulate 

the behavior of the vessels and cause vasodilation [55, 57, 58]. Impaired endothelial function is 

related to diseases such as coronary heart disease and peripheral artery disease and therefore the 

assessment of the endothelial function may help to detect functional changes related to the 

progression of these diseases.  

Skin microcirculation is an accessible site for non-invasive assessments. Skin microcirculation 

measurements may provide information about the condition in deeper tissues and can be 
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representative for the microvascular function of muscles, kidney and tissues with a difficult 

accessibility [57]. Therefore, the microcirculation of the skin can be considered as a source of 

information about microvascular function and can be useful to understand dysfunction resulting 

from disease.  

The dysfunctions in the microcirculation are associated with diseases such as peripheral vascular 

disease, coronary disease and diabetes, which are a major factor for cardiovascular disease (CVD). 

Another, relevant to the CVD is the non-alcoholic fatty liver disease and is defined by a clustering 

of pathologies that are related to the CVD risk and diabetes. The patterns of the skin blood flow 

signals, and the complex components, from people with macrovascular disease are thought to be 

an important factor in the investigation of the mechanisms that contribute to the microvascular 

dysfunction and may help distinguish various diseases. 

2.3 Assessment of the Microcirculation  

There are several assessment methods to study microvascular function. The microcirculatory 

blood flow can be investigated both invasively and non-invasively. The most relevant to this 

research are the non-invasive techniques. Some of the most current techniques for measuring the 

blood flow with the working principles as well as the advantages and disadvantages, are briefly 

described as: 

Volume Displacement Plethysmography. This technique measures the changes in the volume 

of blood flow by a strain gauge set around the limb. Changes in the volume can be studied by 

observing the waveform as these changes occur and are representative for the arterial blood flow, 

and the pulsatility of that flow increases with perfusion. However, this method is lacking in terms 

of accuracy [59]. 

Vital Capilaroscopy. This method assesses the morphology of the capillary and is mostly used 

on the nail folds to measure the diameter, density or loop size with the use of the microscope. This 

technique provides a good resolution and a direct in vivo observation of the capillaries [60]. 

However, it does not give quantitative measurement and cannot be used to assess the overall skin 

microcirculation. 

Orthogonal Polarisation Spectral (OPS) Imaging. This device allows the visualization of the 

blood vessels by illuminating the tissue with green polarized light absorbed by haemoglobin. This 

method measures the vascular density, the diameter and the blood flow and displays images of 

capillaries and venules. It is a useful tool for in vivo visualisation and for quantifying the movement 

of red blood cells (RBCs) and observing at individual vessels by image analysis software [61]. 



Chapter 2: Background and Literature Review of the Research 

15 

However, the resolution of the images may be low due to movement artefacts and imaging 

processing can be time consuming.  

White Light Spectroscopy (WLS) assesses, non-invasively, the oxygenation of tissue and the 

concentration of the RBC. This method uses the white light in the visible to near-infrared band and 

fluctuations in the reflected near-infrared light are caused by the moving RBCs. This technique is 

widely used and can provide additional information about the different types and features of 

oscillation in the dynamics of the blood flow in the same tissue volume [62]. In this work, this 

technique will also be employed using a combined probe with laser Doppler Flowmetry. 

Laser Doppler Flowmetry (LDF) is a non-invasive technique that enables a sensitive and 

continuous assessment of blood flow. This method is based on the Doppler shift of the emitted 

laser light travelling through the tissue and reflected from the moving RBCs. The main disadvantage 

of this method is that it is very sensitive to movement that induces artifacts to the recording signal. 

Each method presented provides a different approach for measuring the blood flow in the 

microcirculation. Laser Doppler Flowmetry has become a gold standard for the continuous and non-

invasive measurement of blood perfusion without causing any harm or injury on the physiological 

state of the tissue. This technique is accurate when quantifying changes in perfusion in the skin and 

is assessed in skin circulation to monitor the blood flow in various pathophysiological conditions 

[63]. White light spectroscopy has been applied to study the changes of the oxygen content in the 

microcirculation and is most suitable for non-invasive, continuous measurement of the tissue 

oxygenation. These two methods are described in more detail in the next sections. 

2.3.1 Laser Doppler Flowmetry 

2.3.1.1 Theory of LDF 

The Laser Doppler Flowmetry technique is based on the Doppler effect use for monitoring the 

skin microcirculation blood flow. The principle of Doppler effect, as shown in Figure 2.6, refers to a 

slight frequency shift that arises in light, guided by optical fibres, which is scattered by moving red 

blood cells (MRBCs) and then detected and received by photodetectors [23, 64].  

Figure 2.7 provides the overview of the theory behind the LDF technique. When a laser beam 

illuminates in the surface of the tissue, incident photons interact with the tissue and scatter by 

MRBCs. The direction of the scattered light particles is dependent on the movement of the RBCs 

that they interact with. The laser light, which is scattered in the tissue under observation, has 

different frequencies, so the distance from every source in each point of the detector varies 

spatially. Some of the scattered photons also interact with the MRBCs that move with different 
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velocities and directions. This distribution of the velocities and directions of the moving RBCs within 

arterioles, capillaries and venules generates a photocurrent whose spectrum includes a Doppler 

shift – the frequency change of the light when reflected by MRBCs. The shifted light causes 

fluctuations in the detected signal, which can therefore be analyzed by plotting the power spectrum 

𝑃(𝜔) of the fluctuations present [23, 65, 66]. 

 

Figure 2.6 The principles of LDF. Reproduced with kind permission from Moor Instruments Ltd.   

 

Figure 2.7 A summary of the theory behind Laser Doppler Flowmetry. Reproduced from 

Fredriksson, et al. [65] with kind permission from the authors. 
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By further derivations of the power spectral density, it can be shown that the concentration of 

moving red blood cells (𝐶𝑀𝐵𝐶), often referred to as blood volume and the tissue perfusion (𝑃𝑒𝑟𝑓) 

can be estimated from the to the integral of the frequency-weighted Doppler power spectrum. Thus, 

𝐶𝑀𝐵𝐶 ∝ ∫ 𝑃(𝜔)                                                                          (2.2) 

𝑃𝑒𝑟𝑓 ∝ ∫ 𝜔 ∙ 𝑃(𝜔)                                                                         (2.3) 

Consequently, 𝐶𝑀𝐵𝐶  and 𝑃𝑒𝑟𝑓  estimates, in equations 2.2 and 2.3, are dependent on the 

power spectral density 𝑃(𝜔) ) and therefore the photocurrent, which is related to the number of 

MRBCs in the volume that are scattered. As shown in Figure 2.8, the power in the fingertip is 

comprised in higher frequencies than the power on the forearm skin. This may denote higher speed 

of the MRBCs and/or multiple scattering of the MRBCs [23]. 

 

Figure 2.8 Power spectral density versus frequency measured on the forearm (dashed line and 

fingertip (solid line). Reproduced from [23], Copyright (2020) with permission from Springer Nature. 

2.3.1.2 Measurements 

 

Figure 2.9 VMS-LDF device, Moor Instruments Ltd. Reproduced with kind permission from Moor 

Instruments Ltd 
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A typical LDF device for measuring the skin blood flux is shown in the Figure 2.9, manufactured 

by Moor Instruments Ltd, UK. The optical system of the device has a power diode of 785 nm laser 

wavelength, 20mW high power, wide separation of 4mm and a 785 nm laser wavelength, 1mW low 

power probe, standard separation of 0.5mm. Recent studies [68], have shown that the rate of the 

photons detected from the standard probe are significantly higher than the ones detected from the 

wide probes, and therefore a wide separation probe may be used to detect vessels in deeper tissues. 

The 1mW laser has a penetration depth of 1mm and the 20mW laser reaches depths around 3mm.  

 

 

Figure 2.10 LDF-WLS probe and the implementation for the measurement of skin blood flux on the 

forearm. Reproduced with kind permission from Moor Instruments Ltd (upper figures) Kuliga [54] 

(lower figure). 

 

Figure 2.11 LDF Software showing the recording of the signal. Reproduced with kind permission 

from Moor Instruments Ltd. 
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Figure 2.10 shows the measurement of LDF skin blood flux of a volunteer being tested, where 

the combined LDF and WLS probe were placed in the forearm. The LDF signals can be displayed 

from the software of the device. Figure 2.9 illustrates a typical blood signal of the measurements 

of flux, concentration of the red blood cell, speed and temperature. The flux measured by the high 

power probe (wide separation) is denoted as F1 and the flux measured by low power probe 

(standard separation) is F2. The concentration of red blood cell and speed are also measured, giving 

an indication about the concentration and speed of moving red blood cells in the tissue sample 

volume. Temperature monitoring is essential to capture variation of the skin temperature during 

assessment. In later sections, these signals will be analysed using Matlab (R2019a, Mathworks, UK) 

as this gives us greater control over the time-series analysis than the software provided by the 

manufacturer. 

2.3.1.3 Technical Limitations of LDF 

A number of technical issues arise from LDF measurement which are briefly described below. 

Arbitrary Units: One of the inherent limitations of the currently available LDF device is that they 

cannot express the blood flow in absolute flow units, like the urinary flow rate in ml/min. This is 

because of the variation of the structure in the capillaries and the small blood vessels. For that 

reason, arbitrary or perfusion units (AU or PU) are used as physical quantitative units. 

Movement Artefacts: The LDF measurements can be very sensitive to either tissue motions, 

movements between the tissue and the probe tip that cause movement artefacts to the signal. 

Many technological improvements have been established to overcome this limitation by choosing 

fibres with smaller diameters to reduce the measuring volume sensitivity to the movement 

artefacts, however it still remains a real challenge for professionals [66]. 

Biological Zero: It has also been found that there is a flux signal during arterial occlusion 

measurements which is present even when there is no flow, so the perfusion signal will not be zero 

even if there is no perfusion in the tissue. This signal is called biological zero (BZ) and is likely to be 

generated from Brownian motion of RBCs. Many researchers suggest the movement 

decomposition of the moving blood cell’s speed in the vessel [69], although, it has also been 

suggested that this subtraction is not a very valuable analytical method for solving the biological 

zero problem. 

Reproducibility of the Measurements: Repeated measurements on the same site of the skin don’t 

result in the same perfusion values. Results obtained by recording at a single site using the LDF 

probe may not be representative for the entire tissue. However, Kuliga [54] in a recent study, 

showed that by marking the measurement sites and performing repeated measurements the 
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following day by placing the probe on the same site increases the correlation coefficient of the 

signals. 

2.3.2 White Light Spectroscopy 

The theoretical framework, the hardware and the measurements of the WLS device are briefly 

described in this section. 

2.3.2.1 Theory of WLS 

The main chromophore concentrations in the human skin are haemoglobin (oxygenated and 

deoxygenated) and the melanin. Haemoglobin (Hb) is the main protein of red blood cells, it binds 

and releases oxygen molecules, forming oxygenated and deoxygenated haemoglobin, and 

transports them around the body. Haemoglobin is stronger in visible wavelength range and the 

absorption spectrum depends on the oxygen content bound to it.  

Melanin is a natural pigment found in the epidermis absorbs, that protects the skin from UV 

damage. It has been reported that melanin shows a higher attenuation in lower wavelength of the 

spectra within the visible and infrared light, than the oxygenated haemoglobin and deoxygenated 

haemoglobin [24, 70]. The large absorption of melanin in the spectrum is one of the factors that 

might affect the performance and need to be considered before starting the recordings [24].  

The WLS device is used to measure the oxygen content in the tissue and can vary a lot with the 

attenuation of the spectrum wavelength. The algorithm of the WLS device is based on the modified 

Beer-Lambert Law which describes the optical interaction between photons and the tissue 

chromophores [24].  

𝐴(𝜆) = 𝜀(𝜆) × 𝑐 × 𝑙(𝜆, 𝑐) + 𝐺(𝜆)                                                     (2.4) 

where 𝐴 is the attenuation, 𝜆 is the wavelength of the light, 𝜀 is the molar extinction coefficient 

of the chromophores, 𝑐 is the molar concentration of the chromophores, 𝑙 is the mean path length 

and 𝐺 is the scattering loss. Attenuation 𝐴 is defined as: 

𝐴(𝜆) = log10(
𝐼𝑜(𝜆)

𝐼(𝜆)
 )                                                                 (2.5)   

where 𝐼 is the reflected light and 𝐼𝑜 is the incident light. 

2.3.2.2 Hardware 

A spectrometer for detecting the reflectance light was used with wavelength range 350-800nm 

[24]. The light is guided inside the device by two fibres, one for transmitting and the other for 
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delivering. These two fibres are connected to external fibres and probes on the front panel of the 

device. An optical block is designed with constitutional lens and low-pass filter in order to improve 

light coupling efficiency and to remove possible interference from the high wavelength spectrum 

of the light to a laser Doppler detector in a modular system. A common combined LDF-WLS device 

with the combined probe is shown in Figure 2.12. 

 

Figure 2.12 The combined blood flux and tissue oxygen monitor. Reproduced with kind permission 

from Moor Instruments Ltd. 

2.3.2.3 Measurements 

The white light emitted from the WLS device, penetrates the skin and is absorbed differently for 

the oxygenated and deoxygenated haemoglobin within the moving RBCs. The oxygenated 

haemoglobin produces a double-peak spectrum, whereas deoxygenated haemoglobin oxyHb 

generates a single-peak spectrum.  

The resulted spectrum is analyzed to computes the percentage of the oxygen delivered in the 

RBCs. This percentage is the oxygen saturation (𝑆𝑂2) and is indirectly measured in arbitrary units 

(AU) and expressed as: 

𝑆𝑂2 =
𝑜𝑥𝑦𝐻𝑏

𝑜𝑥𝑦𝐻𝑏 + 𝑑𝑒𝑜𝑥𝑦𝐻𝑏
                                                       (2.6) 

where 𝑜𝑥𝑦𝐻𝑏 is the oxygeanated haemoglobin with oxygen and 𝑑𝑒𝑜𝑥𝑦𝐻𝑏 is the deoxygenated 

haemoglobin that does not carry oxygen. The SO2 parameter is commonly used to refer the tissue 

oxygenation. However, because of the fact that the SO2 only measures the ratio if the oxygenated 

haemoglobin relative to the total haemoglobin (𝑡𝑜𝑡𝑎𝑙𝐻𝑏 = 𝑜𝑥𝑦𝐻𝑏 + 𝑑𝑒𝑜𝑥𝑦𝐻𝑏) in the blood, it is 

important to measure the oxyHb and deoxyHb additionally. 
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Figure 2.13 shows the measurement of the blood flux and the oxygenation signals from the skin 

of a healthy volunteer during rest. The WLS method combined with the LDF technique provide the 

measurements of the skin blood flux and tissue oxygenation simultaneously and are useful for the 

study of the characteristics of these measurements [24]. The combined method will be briefly 

discussed in chapter 3.  

 

Figure 2.13 Resting skin blood flux (top right plot), oxygen saturation (SO2) (top left plot), and 

haemoglobin concentration (bottom plots).  

2.4 Spectral and Wavelet Analysis Methods 

The LDF and WLS techniques have been mostly used to monitor the blood flux and oxygenation 

signals from the skin. Signal processing techniques, performed on these signals, aim to extract 

considerable information for the physiology and pathology of skin microcirculation. The analysis of 

the signal may contain various signal processing techniques such as transformation into the 

frequency domain and the analysis of time and frequency contents of the signal. All the above 

methods could provide significant insights from different aspects. 



Chapter 2: Background and Literature Review of the Research 

23 

2.4.1 Fast Fourier Transform and Power Spectral Density 

2.4.1.1 Fourier Transform 

The Fourier Transform (FT) is the transformation of the time series into the frequency domain. 

Fourier analysis is the decomposition of the signal into a set of complex sinusoidal functions. These 

functions include frequencies that are mathematically related to the original signal [28, 71]. The 

Fourier transform of a signal 𝑥(𝑡) is defined as: 

𝐹[𝑥(𝑡)] = ∫ 𝑥(𝑡) ∙ 𝑒−𝑗𝜔𝑡𝑑𝑡                                                            (2.7)
∞

−∞

 

which uses Euler’s complex exponential formula  𝑒−𝑗𝜔 = cos 𝜔 + 𝑗 sin 𝜔, where 𝜔 = 2𝜋𝑓 =

2𝜋  𝛵⁄  is the frequency that refers to the periodic function with frequencies that are multiples of 

the frequency (𝑓) which is inversly proportional to the period (𝛵) of the original signal 𝑥(𝑡). When 

the signal is non-periodic, the period reaches the infinite boundary and hence the frequency will 

become very low. This continuous function in frequency domain is referred to as the Discrete 

Fourier Transform (DFT). The mathematical algorithm that computes the DFT is the Fast Fourier 

Transform (FFT). FFT manages to decrease the number of the calculations for computing DFT. DFT 

achieves the fastest calculations when the number of the signal samples is a power of two.   

2.4.1.2 Power Spectral Density 

The Power Spectral Density (PSD) describes the contribution to the power in the frequency 

components across a spectrum. The PSD is referred to as the spectral power distribution that would 

be found per time unit, considering that the total power of the signal for the whole time is infinite. 

The power spectrum as describe by Semmlow [26], is calculated as the square magnitude of the FT 

of the signal over frequency 𝑓 (Equation 2.10): 

𝑃𝑥𝑥(𝑓) = |𝑋(𝑓)|2                                                               (2.8) 

One method to estimate the spectral density of a signal is by using the periodogram. This 

method is a measure of the PSD and can be defined as the average of the direct FFT signal [72]. 

To estimate the power of the signal at different frequencies the most commonly used method 

is Welch’s method. Welch’s method is an enhancement on the common periodogram estimating 

method and this can be defined in two different ways, one is by averaging the periodogram with 

segments and the other is by averaging the periodogram with overlapping segments [26, 72]. 

Welch’s method further described in chapter 3 where the spectral content of LDF signals are 

considered. 
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2.4.2 Wavelet Transform 

A transform is a reassigning of the signal that gives other information than the original signal. 

The FFT provides the frequency information that gives insight about the original signal. However, 

this transform does not provide time localisation of the frequency characteristics of the signal, but 

only estimates the power for a given frequency of a signal. The wavelet transform (WT) is an 

alternative method that divides the signal in time sections and describes the variation of the signal 

over time by analysing the frequency content of each section simultaneously [26, 27]. 

Wavelet analysis reflects the effects of the variation in the signal by dividing the signal into 

segments of scale. The more time segments the signal is divided into, the lower the frequency 

resolution, and therefore the information for low frequencies is lost and higher frequencies are 

better analysed. The Wavelet Transform 𝑊(𝑎, 𝑏) of a signal 𝑥(𝑡) can be expressed mathematically 

as: 

𝑊(𝛼, 𝑏) = ∫ 𝑥(𝑡)
∞

−∞

∙ |𝑎|−1 2⁄ ∙ 𝛹 ∗ (
𝑡 − 𝑏

𝑎
) 𝑑𝑡                                  (2.9) 

where 𝑏 is the translation of the signal 𝑥(𝑡), 𝑎 is the scaling factor of the wavelet function 𝛹. If 

𝑎 is greater than 1, then the wavelet function is stretched along time and if it is less than 1 then is 

compressed. The symbol * denotes the complex conjuction of the mother function. There are a 

number of mother function available including Meyer, Haar, Mexican Hat and others, but Morlet 

wavelet has been the most commonly used in BF and OXY signal processing. Morlet wavelet, 

employed as the mother function here, uses a Gaussian function modulated by a sine wave and 

permits extraction of rapid phase differences at each position in time and frequency and therefore 

improves detection and localization in both time and frequency [73, 74]. Morlet wavelet is 

mathematically described as: 

𝛹(𝑡) =
1

√𝜋4
∙ (𝑒−𝑖𝜔0𝑡 − 𝑒−

𝜔0
2

2 ) ∙ 𝑒−
𝜔𝜊

2

2                                               (2.10) 

where 𝜔0 is the main frequency which is responsible for the localization of time and frequency. 

A great value of 𝜔0 will give a better frequency localization. In Figure 2.14 are shown the real parts 

of the Morlet wavelet for 𝜔0 = 2𝜋 and for 𝜔0 = 𝜋. 

The main difference between WT and FFT is the exponential function 𝑒−𝑖𝜔𝑡 from Equation 2.8 

which is replaced by a family of wavelets Equation 2.10. Hence, both FFT and WT provide useful 

information of the frequency properties of a signal however, they are computed using different 

mathematical algorithms and therefore their measures cannot be directly compared. 
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Figure 2.14 The real parts of the Morlet wavelet for ω=2π and for ω=π, for scaling factor α=0.5 (blue 

line) and α=4 (red line). 

2.5 Nonlinear Analysis of Time Series 

The existence of random, non-linear dynamics within the biomedical signal, such as LDF signals, 

illustrates a high complexity of the signal. Several nonlinear measures have been used widely to 

quantify the regularity and the randomness, respectively, of physiological signals and are well 

suited for the analysis of short length signals [4, 75, 76]. Approximate entropy (ApEn) [77] and 

Sample entropy (SampEn) [78], were used as fundamental methods to provide an important insight 

of the characteristics of nonlinear signals. The nonlinear methods employed here are estimated as 

described in the following sections: 

2.5.1 Entropy-Based Analysis: Approximate Entropy 

The study of the quantification of the signal by its information content was first proposed by 

Shannon [43], who developed a mathematical algorithm that determine the entropy of the system. 

Although, Shannon’s entropy is a standard measure of entropy and does not consider the nonlinear 

dynamics of the system [31]. The most commonly used entropy algorithm, which is based on the 

dimension algorithm and the Sinai-Kolmogorov entropy (KSE) [79], using a correlation integral to 

calculate entropy, is the correlation dimension developed by Grassberger and Procaccia [80].  

Similar to KSE and correlation dimension, approximate entropy (ApEn) introduced by Pincus [77], 

provides an applicable finite sequence formulation that discriminates the data sets by a measure 

of randomness, from totally regular to completely random [77, 81]. ApEn assigns non-negative 

patterns in time series, with larger values of ApEn corresponding to more irregularity and smaller 

values corresponding to more regularity in the data.  
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To measure ApEn, two input parameters, 𝑚, a positive integer that denotes the length of the 

compared runs and 𝑟, a positive real number that denotes the tolerance window, must be defined. 

ApEn measures the logarithmic likelihood that runs of patterns that are close (within 𝑟) for 𝑚 

contiguous observations remain close (within the same tolerance window  𝑟 ) on subsequent 

incremental comparisons. Given a time series of 𝑁 data 𝑥(𝑛) = 𝑥(1), 𝑥(2), … , 𝑥(𝑁), the ApEn can 

be computed as follows [81]: 

• Form 𝑁 − 𝑚 + 1  vectors 𝑋(1) … 𝑋(𝑁 − 𝑚 + 1)  defined by: 𝑋(𝑖) = [𝑥(𝑖), 𝑥(𝑖 +

1), … , 𝑥(𝑖 + 𝑚 − 1)], 𝑖 = 1 … 𝑁 − 𝑚 + 1. 

• Define the distance between 𝑋(𝑖) and 𝑋(𝑗) as: 

𝑑[𝑋(𝑖), 𝑋(𝑗)] = max
𝑘=1,2,…,𝑚

|𝑥(𝑖 + 𝑘 − 1) − 𝑥(𝑗 + 𝑘 − 1)|                    (2.11) 

• Denote 𝑁𝑚(𝑖) =  number of 𝑋(𝑗) (𝑗 = 1 … 𝑁 − 𝑚 + 1)  such that 𝑑[𝑋(𝑖), 𝑋(𝑗)] ≤ 𝑟 

and define for each 𝑖, 1 ≤ 𝑖 ≤ 𝑁 − 𝑚 + 1, 

𝐶𝑖
𝑚(𝑟) = 𝑁𝑚(𝑖) 𝑁 − 𝑚 + 1⁄  .                                                (2.12) 

The 𝐶𝑖
𝑚(𝑟) measures, within the tolerance 𝑟 the regularity of the frequency of the patterns 

similar to a given pattern of window length 𝑚. 

• Next, define:  

 𝛷𝑚(𝑟) = (𝑁 − 𝑚 + 1)−1 ∑ ln 𝐶𝑖
𝑚(𝑟)                               (2.13)𝑁−𝑚+1

𝑖=1                                    

• By increasing the run length find 𝐶𝑖
𝑚+1(𝑟) and 𝛷𝑚+1(𝑟). 

• From a given 𝑁 data points, define 𝐴𝑝𝐸𝑛 by: 

𝐴𝑝𝐸𝑛(𝑚, 𝑟, 𝑁) =  𝛷𝑚(𝑟) −  𝛷𝑚+1(𝑟)                                     (2.14) 

As suggested by Pincus [81], the parameters values to calculate 𝐴𝑝𝐸𝑛 are 𝑚 = 1 and 𝑟 = 0.15 

time the standard deviation (SD) of the original time series. These input parameters produce good 

statistical reproducibility in 𝐴𝑝𝐸𝑛 for time series of lengths 𝑁 ≥ 60 as considered in [77]. 

Example: For a time series 𝑋 = [4 3 4 3 4 3 2 3 4 2 3 4 2], 𝑟 = 0.15 ∗ 𝑆𝐷(𝑋) = 0.1201, 𝑚 = 2 

and 𝑁 = 13  

➢ For 𝑚 = 1, 𝐴𝑝𝐸𝑛 will be calculated by parsing the sequence  

            𝑋 = [  4     3     4      3     4     3     2      3     4     2     3     4     2 ] 

and based on equation (2.12), the counter matrix 𝐶𝑖
𝑚  will count, within the 

tolerance 𝑟, the number of the elements with the same value of the time series 

𝑋 divided to 𝑁 − 𝑚 + 1, so in 𝑋 there are 5 candidates with the value “4”, 5 

candidates with the value “3” and 3 candidates with the value “2” (Figure 2.15).  
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Figure 2.15 Plots of the matching for  𝛷𝑚(𝑟), where 𝑚 = 1, 𝑛 = 1 so 𝑋(1) will 

be the template one-sample window of comparison and 𝑟 = 0.1201 . The 

algorithm counts as a match the candidates that are between the range 𝑋(1) −

𝑟 < 𝑋(𝑛) < 𝑋(1) + 𝑟. So, for 𝑋(1) ± 𝑟, there are 5 candidates matching the 

value in the range between the solid lines. For 𝑋(2) ± 𝑟, there are 5 candidates 

matching and for 𝑋(7) ± 𝑟, there are 3 candidates matching. 

So 𝐶𝑖
𝑚 will be:  

𝐶 = [
5

13 − 1 + 1
  

5

13 − 1 + 1
  

5

13 − 1 + 1
  

5

13 − 1 + 1
  

5

13 − 1 + 1
  

5

 13 − 1 + 1
 

3

13 − 1 + 1
  

5

 13 − 1 + 1
  

5

13−1+1

3

13−1+1
  

5

13−1+1
  

5

13−1+1
  

3

13−1+1
]   

then from the equation (2.13), the correlation  𝛷𝑚 will be the summary of the 

natural logarithm of the counter matrix 𝐶𝑖
𝑚devided to 𝑁 − 𝑚 + 1. So,  𝛷𝑚 =

−1.0524. 

➢ By increasing the run length find 𝐶𝑖
𝑚+1, now the run length is 𝑚 + 1 = 2, so in 

the time series 𝑋  there are 3 sub-sequences with the values [4 3] , 4 sub-

sequences with the values [3 4], 1 sub-sequences with the values [3 2], 2 sub-

sequences with the values [2 3] and 2 sub-sequences with the values [4 2]. So, 

from the equation (2.12), 𝐶𝑖
𝑚+1 will be:  

𝐶 = [
3

13 − 2 + 1
  

4

13 − 2 + 1
  

3

13 − 2 + 1
  

4

13 − 2 + 1
  

3

13 − 2 + 1
  

1

 13 − 2 + 1
  

2

13 − 2 + 1
  

4

 13 − 2 + 1
  

 
2

13−2+1
  

2

13−2+1
  

4

13−2+1
  

2

13−2+1
 ]  

and from the equation (2.13), the correlation  𝛷𝑚+1 will be the summary of the 

natural logarithm of the counter matrix 𝐶𝑖
𝑚+1devided to 𝑁 − (𝑚 + 1) + 1. So, 

 𝛷𝑚+1 = −1.4435. 

➢ Thus, from the equation (2.14), 

𝐴𝑝𝐸𝑛(𝑚, 𝑟, 𝑁) =  𝛷𝑚(𝑟) −  𝛷𝑚+1(𝑟) = 

−1.0524 − (−1.4435) = 0.3911 
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As mentioned, the choice of the parameters and the length of the sequence play an important 

role for computing 𝐴𝑝𝐸𝑛. Small values of 𝑟 obtain less probability estimation, whereas with larger 

values there is a loss in the detailed information of the system. Additionally, 𝐴𝑝𝐸𝑛  increases 

proportionally to the increase of the length 𝑁 of the time series and therefore, the length of the 

data that would produce a good statistical validity of 𝐴𝑝𝐸𝑛, need to be carefully selected [77, 82]. 

2.5.2 Entropy-Based Analysis: Sample Entropy 

Sample Entropy (SampEn)  is described as a refinement of ApEn, introduced by Pincus [77]. ApEn 

has proved to be a sufficient measure of the regularity for many signals, however, it is a biased 

measurement towards regularity and it is dependent on the length of the signal. To overcome these 

issues with ApEn, SampEn was developed by Richman and Moorman [78]. SampEn provides an 

applicable finite sequence formulation that discriminates the data sets by a measure of randomness, 

from totally regular to completely random. SampEn assigns non-negative patterns in time series, 

with larger values of entropy corresponding to more irregularity and smaller values corresponding 

to more regularity in the data. The regularity of the signal can be measured with the SampEn, by 

defining how often a short time series is repeated. 

In order to measure SampEn of a time series, three parameters are defined, 𝑚, a positive integer 

that denotes the length of the compared runs, 𝑟, a positive real number that denotes the tolerance 

window and τ, the time delay. SampEn measures the logarithmic likelihood that runs of samples 

that are close for 𝑚  continuous observations that remain close (within the same tolerance 

window  𝑟 ) on subsequent incremental comparisons. Given a time series of 𝑁  data 𝑥(𝑛) =

𝑥(1), 𝑥(2), … , 𝑥(𝑁), the SampEn can be computed as follows [31, 78]: 

• Form 𝑁 − 𝑚 + 1 vectors 𝑋(1) … 𝑋(𝑁 − 𝑚 ∗ 𝜏) defined by:  

𝑋(𝑖) = [𝑥(𝑖), 𝑥(𝑖 + 1), … , 𝑥(𝑖 + 𝑚 ∗ 𝜏)], 𝑖 = 1 … 𝑁 − 𝑚 ∗ 𝜏.               (2.15) 

• Define the distance between 𝑋(𝑖) and 𝑋(𝑗) as: 

𝑑[𝑋(𝑖), 𝑋(𝑗)] = max
𝑘=1,2,…,𝑚

|𝑥(𝑖 + (𝑘 − 1) ∗ 𝜏) − 𝑥(𝑗 + (𝑘 − 1) ∗ 𝜏)|               (2.16) 

• Denote 𝑁𝑚(𝑖) =  number of  𝑋(𝑗) (𝑗 = 1 … 𝑁 − 𝑚 ∗ 𝜏)  such that 𝑑[𝑋(𝑖), 𝑋(𝑗)] ≤ 𝑟 

and defined for each 𝑖, 1 ≤ 𝑖 ≤ 𝑁 − 𝑚 ∗ 𝜏, 

𝐶𝑖
𝑚(𝑟) = 𝑁𝑚(𝑖)/(𝑁 − 𝑚 ∗ 𝜏)                                             (2.17)                                                   

• Next, define:  

 𝛷𝑚(𝑟, 𝛮, 𝜏) = (𝑁 − 𝑚 ∗ 𝜏)−1 ∑  𝐶𝑖
𝑚(𝑟) 𝑁−𝑚∗𝜏

𝑖=1                               (2.18)                                      
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• By increasing the run length, 𝐶𝑖
𝑚+1(𝑟)  and 𝛷𝑚+1(𝑟, 𝛮, 𝜏)  are counted. So, from a 

given 𝑁 data points, 𝑆𝑎𝑚𝑝𝐸𝑛 will be: 

𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁, 𝜏) = −ln
 𝛷𝑚(𝑟,𝛮,𝜏)

 𝛷𝑚+1(𝑟,𝛮,𝜏)
                                             (2.19)                                                   

As suggested in the literature [7, 31, 46, 78, 81], the parameter values to calculate SampEn can 

be chosen as m = 2  and 𝑟 = 0.15  ×  SD of the time series. These parameters produce good 

statistical reproducibility in SampEn for time series of lengths 𝑁 ≥ 60 [81, 83].  

 

Figure 2.16 A simulated sine wave correlated with noise time series 𝑥(1), … , 𝑥(𝑁), is shown to 

illustrate the procedure for calculating sample entropy (SampEn) for the case 𝑚 = 2  and 𝑟 =

0.15 × SD of the time series. Dashed horizontal lines around 𝑥(1) and 𝑥(2) at plot A, represent 

𝑥(1) ± 𝑟, 𝑥(2) ± 2, respectively. Dashed horizontal lines around 𝑥(3) at plot B, represent 𝑥(3) ±

𝑟. The symbol “x” is used to represent the data points that match the data point 𝑥(1). Similarly, the 

symbols “” and “☐” are used to represent the data points that match the data point 𝑥(2) and 

𝑥(3), respectively. Consider the two-component x -  template sequence [𝑥(1), 𝑥(2)]  and the 

three-component x -  - ☐ template sequence [𝑥(1), 𝑥(2), 𝑥(3)]. For the segment shown, there 

are three x -  sequences, [𝑥(18), 𝑥(19)], [𝑥(116), 𝑥(117)] and [𝑥(162), 𝑥(163)] that match the 

template sequence [𝑥(1), 𝑥(2)] , but only one x -  - ☐ sequence [𝑥(18), 𝑥(19), 𝑥(20)]  that 

matches the template sequence [[𝑥(1), 𝑥(2), 𝑥(3)]. 
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Figure 2.16 illustrates how SampEn values of a time series 𝑥(1), … , 𝑥(𝑁) are calculated for run 

length 𝑚 = 2 and tolerance window 𝑟 = 0.15 × SD of the time series. As shown the numbers of 

sequences matching the two-component template sequences,  [𝑥(1), 𝑥(2)] , are three and the 

number of sequences matching the three-component template sequence, [𝑥(1), 𝑥(2), 𝑥(3)], is 

one. These calculations are repeated for the next two-component and three-component template 

sequence, which are [𝑥(2), 𝑥(3)], and [𝑥(2), 𝑥(3), 𝑥(4)] , respectively. The number of sequences 

that match each of the two and three-component template sequences are again summed and added 

to the previous values. This procedure is then repeated for all other possible template sequences, 

[𝑥(3), … , 𝑥(𝑁 − 2), 𝑥(𝑁 − 1), 𝑥(𝑁)], to determine the ratio between the total number of two-

component template matches and the total number of three-component template matches. 

SampEn is the natural logarithm of this ratio and reflects the probability that sequences that match 

each other for the first two data points will also match for the next point. 

2.6 Nonlinear Analysis of Binary Sequences 

Nonlinear methods, based on ideas from information theory, have been used to quantify the 

regularity and randomness of short lengths of physiological signals and have demonstrated the 

potential for diagnostic capability [75]. Many researchers have applied a variety of techniques to 

capture the complex dynamics derived from physiological signals, such as approximate entropy [84], 

fractal measures [29], multifractality and wavelet analysis [85]. However, most of these algorithms 

require a minimum amount of stationary data to provide meaningful results. 

From a physiological perspective, the longer the dataset the higher the risk of having non-

stationarities in the signal. Also, datasets with longer measurements may not be always be feasible 

or available in clinical research.  

Recently, Nagaraj and Balasubramanian [86] describe three methods of quantifying complexity 

in terms of being better in dealing with short sequences and effective in characterizing biomedical 

signals. The most widely used measures in LDF signal analysis are sample entropy (SampEn) [78], 

Lempel and Ziv complexity (LZC) [87] and effort to compress (ETC) [88]. These nonlinear methods 

are based on the information content of a finite time series to calculate the randomness of its binary 

representation [89].  

From previous studies [90, 91], it was reported that the binary conversion is sufficient to 

estimate the complexity in biomedical signals. Therefore, before calculating the complexity, the 

signal has to be first converted into a sequence of zeros and ones. Here, binary sample entropy, 

Lempel and Ziv Complexity, and effort-to-compress complexity are introduced as a complexity 

method. These methods have been used across a wide variety of biomedical applications, to 
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estimate and quantify symbolic sequences converted from a time series to determine the 

information present in a signal or a sequence. 

However, conventional entropy and complexity methods have the drawback that they can only 

study the behaviour at one scale. To overcome this disadvantage, Costa, et al. [46] introduced an 

improved multiscale entropy algorithm to estimate the entropy over multiple scales. For this reason, 

multiscale algorithm will be described to understand the effect of scale on these nonlinear metrics. 

The nonlinear methods employed here are estimated as described in the following sections: 

2.6.1 Binary Conversion 

Many researches [4, 91, 92], convert the time series into 0-1 sequence by comparing each value 

with a threshold, which is usually set as the mean or the median value of the sequence, and 

replacing the value with zero if it is lower than the threshold and one if it is higher. In this work a 

different approach is considered. As suggested by Yang, et al. [93] and Ferrario, et al. [94], a 

straightforward way to maintain the important dynamics originated from a given signal is by using 

the increase and decrease encoding method, which will be referred here as delta encoding. 

Let 𝑋 = 𝑥1 𝑥2 ⋯ 𝑥𝑖  denote a time series with an 𝑖  length. The results of the encoding are 

compared with the previous element. If the value of the current element in the time series is 

increased compared to the previous value the corresponding element of the encoding sequence is 

set as 1. Otherwise, if it is decreased, then the value in the encoded sequence is denoted as 0. Thus, 

the time series is transformed into 0-1 sequence 𝑆 = 𝑠1 𝑠2 ⋯ 𝑠𝑛 with 𝑆𝑛  expressed as: 

𝑆𝑛 = {
0,        𝑖𝑓 𝑥𝑛 ≤ 𝑥𝑛−1,
1,       𝑖𝑓 𝑥𝑛 > 𝑥𝑛−1.

                                                      (2.20)   

Now the binary sequence will have a length 𝑛, where 2 ≤ 𝑛 ≤ 𝑖, which is different from the 

length 𝑖 in time series, referred as 𝑛-bit. Each 𝑛-bit correspond to a “word” of the binary sequence 

𝑆 and [90, 91] every 𝑛-bit represents the dynamics of the time series 𝑋. Figure 2.17 shows an 

example of the transform of a time series 𝑋 = [4 3 4 3 4 3 2 3 4 2 3 4 2]  into 12-bit binary 

sequence using the delta encoding. So, the binary sequence will be 𝑆 = [0 1 0 1 0 0 1 1 0 1 1 0].  

Additionally, Figure 2.18a illustrates a representation of a 10 sec epoch, from a blood flux signal, 

and the transformation into a binary sequence of zeros and ones, using median encoding (Figure 

2.18b) and the delta encoding (Figure 2.18c). As shown, median encoding was shown to preserve 

fewer characteristics when compared to delta encoding and thus, delta approach will be used for 

the encoding of the blood flow signal in this thesis.  
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                                        0       1       0       1        0       0      1       1      0       1       1       0 

Figure 2.17 An illustration showing the transform of a time series into a 12-bit binary sequence of 

zeros and ones, using delta encoding. 

In this example, the blood flow epoch was pre-processed with low pass filter to allow only the 

frequency range of the microvascular oscillation. This pre-processing will reduce any bias from noise 

that may affect the transformation of meaningful data points of the time series into a binary 

sequence.  

 

Figure 2.18 An example showing the transformation of (a) a 10 sec epoch of an LDF signal into a 

binary sequence of zeros and ones, (b) using median encoding (dotted line) and (c) delta encoding 

(solid line). 
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2.6.2 Binary Sample Entropy 

In this study the time series will need to be first converted into a finite symbolic sequence. A 

sufficient conversion of the signal is the two-state sequence, a binary sequence of zeros and ones 

[4, 5, 90, 91, 95, 96]. Then, similar to the sample entropy of the time series, the two parameters 𝑚 

and 𝑟, are defined. Now, given a binary sequence of 𝑁 data 𝑠(𝑛) = 𝑠(1), 𝑠(2), … , 𝑠(𝑁), the binary 

SampEn according to Richman and Moorman [78], for the time series analysis and Skoric, et al. [97], 

for the analysis of the binary sequence, the sequence is computed to estimate the binary sample 

entropy. However, the SampEn sequence is binary and thus is limited diversity. For that reason, the 

number of elements of set of different 𝑘-bits vectors, is equal to 2𝑘  and the binary SampEn is 

calculated as follows:  

• To each of the binary sequence elements 𝑆(𝑖) = [𝑠(𝑖), 𝑠(𝑖 + 1 ∗ 𝜏), … , 𝑠(𝑖 + 𝑚 ∗ 𝜏], 

𝑖 = 1 … 𝑁 − 𝑚 ∗ 𝜏, a decimal counterpart 𝑐 can be evaluated as: 

𝑐 = ∑ 𝑠𝑖+𝑘∗𝜏  ∗ 2𝑘𝑚−1
𝑘=0                                               (2.21)  

• Define the distance between 𝑆(𝑖) and 𝑆(𝑗) as: 

𝑑[𝑆(𝑖), 𝑆(𝑗)] = max
𝑘=0,1,…,𝑚−1

|𝑠(𝑖 + 𝑘 ∗ 𝜏) ∗ 2𝑘 − 𝑠(𝑗 + 𝑘 ∗ 𝜏) ∗ 2𝑘|      (2.22)    

• Denote 𝑁𝑚(𝑙) = number of 𝑆(𝑗) (𝑗 = 1 … 𝑁 − 𝑚 ∗ 𝜏 within 𝑟 of 𝑆(𝑖) (𝑖 = 1 … 𝑁 −

𝑚 ∗ 𝜏), such that 𝑑[𝑆(𝑖), 𝑆(𝑗)] ≤ 𝑟 and defined for each 𝑖, 0 ≤ 𝑖 ≤ 𝑁 − 𝑚 ∗ 𝜏, 

                  𝐶𝑖
𝑚(𝑟) = 𝑁𝑚(𝑖)/(𝑁 − 𝑚 ∗ 𝜏)                                            (2.23) 

• Next, define:     

             𝛷𝑚(𝑟, 𝛮, 𝜏) = (𝑁 − 𝑚 ∗  𝜏)−1 ∑  𝐶𝑖
𝑚(r)𝑁−𝑚∗𝜏

𝑖=1                             (2.24)  

• By increasing the run length, 𝐶𝑙
𝑚+1(𝑟) and 𝛷𝑚+1(𝑟, 𝛮, 𝜏) are counted. So, from a 

given 𝑁 data points, 𝑆𝑎𝑚𝑝𝐸𝑛 will be: 

 𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁, 𝜏) = −ln
 𝛷𝑚(𝑟,𝑁,𝜏)

 𝛷𝑚+1(𝑟,𝛮,𝜏)
                                  (2.25)  

Sample entropy requires the parameters 𝑚, 𝑟, and 𝜏 in order to provide meaningful results in 

the estimation of the entropy. The choice of these parameters varies for binary sequences. 

According to the literature [77, 78, 97], the parameters for the binary sample entropy estimation 

to effectively discriminate two data would be better set as 𝑚 ≥ 2, 𝑟 = 0 or 1 and 𝜏 ≥ 1. The 𝑚 

parameter can be estimated using the false nearest neighbours method [33], however, often in the 

experimental data occur problems, such as drifts, so visual inspection can be also used to estimate 

the most suitable 𝑚 as well as 𝑟 parameters for analysis. The time delay 𝜏 can be obtained using 

either the autocorrelation function or the mutual information analysis when the correlation or 

mutual information between the two instances 𝑖 and 𝑖 + 𝜏 reaches its first relative minimum [33, 

98, 99]. The parameters used in this study that produce satisfactory results after a visual inspection 
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of SampEn for binary sequences of both short and large lengths, were set as 𝑚 = 2, 𝑟 = 0 and 𝜏 =

1. An interpretive example of the LDF signal for the choice of the parameters of the binary SampEn 

is shown in the supplementary figures A.1 and A.2 in Appendix A. 

2.6.3 Lempel and Ziv Complexity 

The idea of quantifying the randomness of a finite time series, was first introduced by 

Kolmogorov [100], proposing that large sequences can be restored by short computations as a 

measure of the complexity of that sequence. Following along the same lines, Lempel and Ziv [87], 

developed a complexity algorithm with the purpose to quantify and compress large data.  

To measure the LZC, the signal must be first transformed into a binary sequence. Then, the 

sequence is parsed from left to right and the complexity increases by one unit when a new sub-

sequence of continuous symbols is encountered. The LZC algorithm can be described as follows: 

• Let 𝑆 = [𝑠1 𝑠2 ⋯ 𝑠𝑛] be a string that denotes a binary sequence with a finite length 𝑛 

that starts at the 𝑖 position and finishes at the 𝑗 position. So, when 𝑖 ≤ 𝑗 then 𝑆(𝑖, 𝑗) =

{𝑠1 𝑠𝑖+1 ⋯ 𝑠𝑗} 

•  and when 𝑖 > 𝑗 then 𝑆(𝑖, 𝑗) = {}, a sequence with zero length is set. 

• A notation 𝑣(𝑆) is introduced which denotes the vocabulary of the sequence 𝑆 and 

corresponds to the set of “words” that can be reconstructed from 𝑆.  For example, if 

𝑆 = 010 , the vocabulary 𝑣(𝑆)  wil represent all the possible “words” that can be 

generated from the sequence, thus 𝑣(𝑆) = {0,1,01,10,010}.The vocabulary 𝑣(𝑆) is 

then compared with every bit 𝑖 of the binary sequence 𝑆(𝑖, 𝑗) which is up to 𝑗 − 1, so 

𝑖 = 1, 2, 3 … 𝑛, 𝑗 > 𝑖 . 

• Let 𝑄 denote the prefix of 𝑆 that asks to the algorithm if this term is included in the 

substring of 𝑆, so 𝑄 can be obtained by copying the “words” of 𝑆. Then, set 𝜋 as the 

procedure to delete the last “word” of the sequence 𝑆, so 𝑄 is a subsequence of the 

vocabulary 𝑣(𝑆𝑄𝜋). A sequence 𝑆 is called reproducible, if the incoming bit is present 

in 𝑣(𝑆𝑄𝜋) and producible if is not present and therefore a dot ∙ is placed after the sub-

sequence to indicate the end of a new component.  

• To reconstruct the sequence 𝑆 , it is essential to have a production process called 

production history of 𝑆 , 𝐻(𝑆) = 𝑆(1, ℎ1) 𝑆(ℎ1 + 1, ℎ2) … 𝑆(ℎ𝑚−1 + 1, ℎ𝑚) , where 

𝑚 are the “words” of the history and for 𝑖 = 1, 2 … 𝑚, 𝐻𝑖(𝑆) = 𝑆(ℎ𝑖−1 + 1, ℎ𝑖), where 

ℎ𝑖  are the components of the history 𝐻(𝑆). The production history can be computed 

in two ways [87], depending on the production process of the sequence 𝑆, as follows: 
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➢ A production history is called “exhaustive” when all the components of 

𝑆(ℎ𝑖−1 + 1, ℎ𝑖) can be produced but not reproduced by the 𝑆(1, ℎ𝑖−1). If each 

component in the history is exhaustive, with a possible exception of the last one, 

then the history is called exhaustive. Hence, the exhaustive production history 

will be denoted as 𝐻(𝑆). 

Example: For a sequence 𝑆 = 010100110110, the sequence 𝐻(𝑆) which is the 

original sequence separated into components with dots by parsing of 𝑆, 

will be computed as follows:  

▪ The first digit “0” is unknown and hence has to be produced resulting into 

a component with a dot, so, 𝐻(𝑆) = 0 ∙.  

▪ For the second digit “1”, is also unknown so, 𝑆 = 0 , 𝑄 = 1  so 𝑆𝑄 =

01 and 𝑆𝑄𝜋 = 1,  𝑄 ∈ 𝑣(𝑆𝑄𝜋) , therefore production is adequate 

resulting in 𝐻(𝑆) = 0 ∙ 1 ∙. 

▪ For the third digit “0”, 𝑆 = 01, 𝑄 = 0 so 𝑆𝑄 =  010 and 𝑆𝑄𝜋 = 01, 𝑄 ∈

𝑣(𝑆𝑄𝜋),  therefore reproduction is adequate resulting in no change of 

𝐻(𝑆) so, 𝛨(𝑆) = 0 ∙ 1 ∙ 0. 

▪ For the fourth digit “1”, 𝑆 = 01, 𝑄 = 01 so 𝑆𝑄 = 0101 and 𝑆𝑄𝜋 = 010, 

𝑄 ∈ 𝑣(𝑆𝑄𝜋), therefore reproduction is adequate resulting in no change 

so, 𝐻(𝑆) = 0 ∙ 1 ∙ 01. 

▪ For the fifth digit “0”, 𝑆 = 01 , 𝑄 = 010  so 𝑆𝑄 = 01010 and 𝑆𝑄𝜋 =

0101,  𝑄 ∈ 𝑣(𝑆𝑄𝜋) , therefore reproduction is adequate resulting in 

𝐻(𝑆) = 0 ∙ 1 ∙ 010. 

▪ For the sixth digit “0”, 𝑆 = 01, 𝑄 = 0100  so 𝑆𝑄 = 010100 and 𝑆𝑄𝜋 =

01010,  𝑄 ∈ 𝑣(𝑆𝑄𝜋) , therefore production is adequate resulting in  

𝐻(𝑆) = 0 ∙ 1 ∙ 0100 ∙. 

⋮ 

▪ For the last digit “0”, 𝑆 = 01010011 ,  𝑄 = 0110  so 𝑆𝑄 =

010100110110 and 𝑆𝑄𝜋 = 01010011011,  𝑄 ∈ 𝑣(𝑆𝑄𝜋) , therefore 

production is adequate resulting into another component with a dot, so,  

𝑯(𝑺) = 𝟎 ∙ 𝟏 ∙ 𝟎𝟏𝟎𝟎 ∙ 𝟏𝟏 ∙ 𝟎𝟏𝟏𝟎 ∙. 

Thus, the numbers of the components of the history 𝐻(𝑆) are equal to 

the length of the history, so in this example are 5. 

➢ In order to define the complexity 𝑐(𝑆) of a sequence 𝑆, let denote 𝑐𝐻(𝑆) the 

least number of the components generated form the history 𝐻(𝑆) so,  
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𝑐(𝑆) = 𝑚𝑖𝑛{𝑐𝐻(𝑆)}                                           (2.26)    

In this example, the number of the components of the “exhaustive” history 

𝐻(𝑆) are 5 and therefore, the complexity 𝑐(𝑆) is 5. 

➢ With regard to Lempel and Ziv [87], the vocabulary of a sequence 𝑆 is a set of 

“words”. The “words” that are not contained in the vocabulary are called 

“eigenwords” and the number of the “eigenwords” is equal to the “eigenvalue” 

of the sequence 𝑆. The “eigenvalue” is an integer value and can be denoted as 

𝑘(𝑆) . Assuming that 𝑚  is the largest integer of the sequence 𝑆, so that 

𝑆(𝑚, 𝑛), where 𝑛  is the length of the sequence, does not belong to the 

vocabulary of 𝑆, in that case the “eigenvalue” 𝑘(𝑆) = 𝑚. Else if 𝑆(𝑚, 𝑛) belongs 

to the vocabulary of the sequence then the “eigenvalue” 𝑘(𝑆) = 𝑚 − 1. Thus,  

the “eigenvalue” profile of the sequence 𝑆 = 010100110110, is now 𝑘(𝑆) =

122225577788. 

➢ From the theory, a production history, 𝐻𝑖(𝑆) = 𝑆(ℎ𝑖−1 + 1, ℎ𝑖) , is called 

“primitive” when ℎ𝑖  is the least integer such that the “eigenvalue” 

𝑘(𝑆(1, ℎ𝑖)) > 𝑆(1, ℎ𝑖−1). If each component in the history is primitive, with a 

possible exception of the last one, then the history is called primitive.  

The process for computing the “primitive” history 𝐻(𝑆) of a sequence 𝑆 is easier 

when first computing the “eigenvalue” 𝑘(𝑆). So, for the sequence of Example I, 

𝑆 = 010100110110 the history and knowing that 𝑘(𝑆) = 122225577788, the 

“primitive” history is: 

𝑯(𝑺) = 𝟎 ∙ 𝟏 ∙ 𝟎𝟏𝟎𝟎 ∙ 𝟏𝟏 ∙ 𝟎𝟏𝟏 ∙ 𝟎 ∙. 

Thus, the numbers of the components of the history 𝐻(𝑆), based on equation 

(2.26), are equal to the length of the history, so for the “primitive” history the 

complexity 𝑐(𝑆) is 6. 

Therefore, the “eigenvalue” is indicative for both production histories. As referred by Limniotis, 

et al. [101], the dots of the “eigenvalue” history define the dots of the “exhaustive” history and as 

shown, the changes of the “eigenvalue” determine the dots of the “primitive” history, with an 

exception of the first one. Figure A.3 in Appendix A, illustrates the flow diagram of the algorithm to 

calculate the complexity for a given sequence. 

It is obvious that the complexity depends on the production process of the original sequence. 

Thus, it is significant the choice of the type of the history that could be used for estimating the 

complexity. According to Lempel and Ziv [87], the “primitive” type is a “clarification” of the 
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“exhaustive” type and is described as a different way rather than (or in addition to) the “exhaustive” 

type, for evaluating the complexity of a binary sequence 𝑆. It is also suggested that the “exhaustive” 

type is a traditional estimate of the complexity of a binary sequence 𝑆 since the components of the 

sequence are not reproduced. In Hu, et al. [96], both complexity types were described, but the 

primitive type was used for convenient analysis as it is computationally easier to calculate. Other 

studies [101], suggest that exhaustive type is a sufficient type for calculating the LZC. In this work, 

the exhaustive type of complexity is employed, however both types will be demonstrated and 

described to justify this choice. 

Many studies [91, 96, 102], describe that in order to obtain a complexity, which is independent 

of the length of the sequence, 𝑛, then the complexity 𝑐(𝑆) ought to be normalized. With regard to 

Lempel and Ziv [87], for every sequence 𝑆 with a length n, the number of the components of the 

production process of the sequence, 𝑐(𝑆), will be: 𝑐(𝑆) <
𝑛

(1−𝜀𝑛)∙𝑙𝑜𝑔𝑎(𝑛)
 , where a is the base of the 

logarithm and  𝜀𝑛  is a small quantity that tends to be equal to zero when the length n of the 

sequence is large. So, for a binary sequence with a = 2, the normalized complexity 𝐶(𝑆) will now 

be: 

𝐶(𝑆) =
𝑐(𝑆)

𝑛
𝑙𝑜𝑔2(𝑛)

.                                                                  (2.27) 

Thus, it is justified that a large length 𝑛 represents more complexity. An example of an un-

normalized LZC plot and a normalized one, is illustrated in Figure 2.19. In this thesis, the normalized 

version of the LZC is used for convenience as it is independent of the length of the sequence and is 

suitable for comparing sequences with different lengths.  

 

Figure 2.19 Illustration of un-normalized LZC graph (left plot) and normalized LZC graph (right plot) 

from the LDF signal of a healthy volunteer. 
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An interpretive example of the calculation of LZC for a sine wave and a sine wave with correlated 

noise is shown in Figure 2.20. First both sine wave signal and the same sine wave correlated with a 

random signal were transformed into a binary sequence and then LZC was evaluated. The 

parameters of the LZC were set as “exhaustive” and normalized complexity. As expected, the sine 

wave has lower complexity than the noisy sine wave and that is because the sine wave is a regular 

and periodic signal with consistent amplitude and contains very low complexity. Whereas, the noisy 

sine signal is no longer regular or periodic and is difficult to predict its behaviour, so the signal 

becomes more random with higher complexity. 

 
data

 

Figure 2.20 a) A 100 Hz sine wave signal, b) The same sine wave with correlated noise, c) LZC for 

both signals. In order to estimate the randomness by using the LZC method a sine signal was 

generated (𝑓 = 100 𝐻𝑧, 𝑓𝑠 = 10 𝑘𝐻𝑧) and noise by generating a random signal added (using the 

Matlab function “cumsum” of a random signal). 
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2.6.4 Effort to Compress Complexity 

A similar complexity method based on the lossless compression algorithm known as Non-

sequential Recursive Pair Substitution (NSRPS) [103] is the Effort to compress (ETC) complexity, 

proposed by Nagaraj, et al. [88]. Similar to the LZC measure, the given sequence has to be first 

converted to a symbolic sequence. So, let a binary sequence 𝑆 =  {010100110110}, the algorithm 

can be described as follows: 

• Define the pair of symbols with the maximum occurrence and replace all its non-

overlapping occurrences with a new symbol, at each iteration. This procedure is 

repeated and is dependent on NSRPS which estimates the entropy for each operation 

that the algorithm obtains, providing a new sequence 𝑆𝑛𝑒𝑤𝑁
, 𝑁 = 1 …  number of 

iterations, until it reaches a constant sequence.  

• Now, the input sequence 𝑆 is first converted into 𝑆𝑛𝑒𝑤1
=  {22021210} considering 

that the pair "01" has maximum occurrences compared to pairs "00", "10" and "11".  

• In the next iteration, 𝑆𝑛𝑒𝑤1
 is converted into 𝑆𝑛𝑒𝑤2

=  {220330} considering that the 

pair "21" has maximum occurrences.  

• The algorithm continues in this way until there is no pair left to replace and the 

converted sequence becomes a constant sequence.  

In this example, the algorithm converts the given sequence 𝑆 as: 𝑆 = {010100110110} →

𝑆𝑛𝑒𝑤1
= {22021210} →  𝑆𝑛𝑒𝑤2

= {220330} →  𝑆𝑛𝑒𝑤3
= {40330} → 𝑆𝑛𝑒𝑤4

=

{5330} →  𝑆𝑛𝑒𝑤5
= {630} →  𝑆𝑛𝑒𝑤6

= {70} →  𝑆𝑛𝑒𝑤7
=  {8}. 

So, according to Nagaraj, et al. [88], the ETC complexity measure is defined as: 

𝑁 → 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑁𝑆𝑃𝑅𝑆 𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 𝑓𝑜𝑟 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 → 𝑧𝑒𝑟𝑜 

More specifically, 𝑁 is the number of iterations, of NSPRS algorithm, required for the given 

sequence to be transformed to a constant sequence with zero entropy. In this example, 𝑁 is 7 and 

the normalized measure is computed as: 
𝑁

𝐿−1
, 0 ≤ 𝑁 − 1 ≤ 1, with 𝐿=length of the sequence. In 

this work, the normalized measure was used. 

In order to examine the implementation of the nonlinear methods through various signal 

lengths, first the SampEn, LZC and ETC complexity were applied in a random (generated from 

Matlab using the function “randn”) signal with different length (Figure 2.19). For short signals, both 

LZC and ETC give results that are not meaningful for the estimation of complexity, while in SampEn 

the values for lengths below 128 are not determined. Only values for length higher than 500 

samples provide reasonable estimate of the complexity of the signal.  



Complexity of Flow Motion 

40 

As shown from Figure 2.21 there is no particular reason for choosing one of the nonlinear methods 

for analysis over the others as both entropy and complexity becomes consistent when the signal 

has more than 1000 samples. However, this need to be tested in complex physiological signals in 

order to estimate the performance of these measures in various lengths. From this test, useful 

information on the decision of the minimum length of the signal used for a sufficient nonlinear 

analysis was obtained. 

 

Figure 2.21 Effect of the length of a random signal on SampEn (diamond markers), LZC (circle 

markers)  and ETC complexity (square markers). SampEn provides a meaningful estimation of the 

entropy for a signals > 128 samples. LZC and ETC complexity do not give any reasonable values of 

complexity for signals < 500 samples. 

2.7 Multiscale Analysis 

Entropy and complexity methods are used to analyse signals on a single scale, however, when 

applying these methods in physiological complex systems it is important to take into account the 

multiple time scales of the underlying processes modulating the signal. To examine if a signal is 

consistent across multiple spatial and temporal scales and does not change with different sampling 

frequencies, it is a necessity to measure the entropy and the complexity of the time series in 

multiple time scales. Here, three methods for scaling a physiological time series will be described. 

1. Costa, et al. [46], proposed the Multiscale Entropy (MSE) technique for analysing biological 

signals using the coarse-graining method that resamples the original signal by reducing the 

scale of the time series and then determining the sample entropy for each scale step. Thus, 
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coarse graining is a method, which alters the sampling frequency of the signal by a scale 

factor, 𝜏, which defines the number of the sampling levels. So, for a time series {𝑥1, … , 𝑥𝑁}, 

the coarse-grained time series, 𝑦𝜏, will be: 

𝑦𝑖
𝜏 =

1

𝜏
∑ 𝑥𝑗

𝑖𝜏
𝑖=(𝑖−1)𝜏+1 , 1 ≤ 𝑖 ≤ 𝛮 𝜏⁄ .                                   (2.28)  

 

Figure 2.22 A skin BF signal coarse-grained at multiple scale lengths. a) The original signal. b) 

The signal scaled down by two times. c) The signal scaled down six times. d) the signal scaled 

down to ten times. 

More specifically, this method decreases the scale of the signal by grouping the data points 

into a non-overlapping segment of length  𝜏  and then the average is calculated for each 

segment. For a scale factor one, the time series 𝑦1 is the original signal. So, the length of each 

time series {𝑦𝜏} is the equal to the length of the original signal divided by the scale factor, 𝜏. 

A straightforward way to illustrate the coarse-graining procedure is shown in Figure 2.22, 

using a skin BF signal coarse-grained at multiple scale lengths. Figure 2.23 also provides a 

more detailed description by showing the average of the data points from an illustrative part 

of the sine wave correlated with noise signal. The features of the signal have been expanded 

in many scales, although the information of the signal has remained. 
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Figure 2.23 Schematic illustration of the coarse-graining method showing the averaging of 

the data point from a part of a sine wave with correlated white Gaussian noise. a) The original 

signal. b) The signal scaled down by two times. c) The signal scaled down six times. d) The 

signal scales down to ten times. 

2. The multiscale entropy that Costa, et al. [46] introduced, reduces the time scale of the signal 

using a simple average which is a weak low-pass filter and does not take into account that 

physiological time series contain information in high frequencies which means that this 

method may cause distortion of the signal. To avoid this drawback, Semmlow and Griffel [31] 

reported an alternative method for coarse graining the signal by using a low-pass 

Butterworth filter instead of the average of the data points. So, the algorithm of this 

procedure starts by defining the cut-off frequency of the low-pass Butterworth filter which 

is 1 (1 + 𝜏) ⁄ , where 𝜏 is the scale factor and then the low-pass Butterworth filter is applied. 

In this way the filter takes as an input the ratio of the cut-off frequency by the half of the 

sampling frequency. Then the filtered signal is downsampled by discarding the frequencies 

by 1 + 𝜏 and therefore reducing the number of the data points of the signal by 1 + 𝜏.  
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3. The coarse-graining method that Semmlow and Griffel [31] introduced can also be computed 

using the Matlab function “resample”, which applies and antialiasing finite impulse response 

(FIR) low pass filter to the time series and compensates for the delay introduced by the filter. 

So, for a time series x,  the signal will be resampled as: 𝑦𝜏 = 𝑥 (1: 𝜏: 𝑒𝑛𝑑), where 𝜏 is the 

scale factor, and the low pass filter is applied for each coarse-grained time series. 

In this work, the approach proposed by Costa, et al. [46] was considered, as pre-processing 

techniques (see chapter 3) are applied to the signals before applying the multiscale analysis and 

therefore, further attenuation to the signal will be redundant. 

2.8 Summary 

In this chapter, a review of the background literature has been presented. Different types of 

biomedical signals and an overview of signal processing techniques were first introduced. In 

physiology, a brief description of the human circulation, especially skin microcirculation, was 

reviewed, highlighting the cardiovascular diseases. The assessment methods for measuring the 

microcirculation, where also described, with an emphasis in the LDF and WLS techniques. These 

measurements from the human skin are specified to provide an overview of both LDF and WLS 

equipment. In this thesis, signal processing techniques to analyse the characteristics of blood flux 

and oxygenation signals in frequency domain will be presented. Also, the use of nonlinear 

complexity-based and multiscale-based methods to estimate and quantify symbolic sequences 

converted from the time series of blood flux and oxygenation, will be considered and these 

techniques have also been introduced. In the following chapters, they will be applied to LDF and 

oxygenated haemoglobin signals.
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Chapter 3: Time-Frequency Domain Analysis 

In this chapter the research methodology is described and an overview of the inclusion criteria 

for the selection of the volunteers given. A description of the methodology of the signal analysis in 

time and frequency domain is provided. 

3.1 Research Methodology 

The data in this chapter were obtained from a group of 15 healthy young male volunteers, whose 

age was 29.2 ± 8.1 (mean ± SD), and were obtained from a previous study [54]. The main aim was 

to investigate the blood flux (BF) and oxygenation (OXY) signals in time and frequency domain using 

a combined laser Doppler flowmetry and white light spectroscopy method to provide a benchmark 

for later work. 

3.1.1 Ethics Approval 

The ethical aspects of the study were approved by the Research Ethics Committee of University 

of Southampton and Southampton General Hospital (REC Number: SOMSEC091.10; RHMMED0992). 

The study was performed according to the principles outlined in the Declaration of Helsinki.  

3.1.2 Study Protocol and Subject Recruitment 

The study was an open study of healthy individuals. All participants were asked to refrain from 

caffeine including drinks for at least two hours before the measurement and to avoid exercise on 

the day of the measurements. All studies were obtained in a temperature controlled quiet room at 

23.0-23.5℃ and all volunteers were acclimatized for at least 20 minutes before the measurements 

were taken.  

All participants were asked to stay still and avoid talking during the measurements in order to 

avoid movement artefacts in the signals recorded. The signals were recorded using the combined 

Doppler flowmetry (LD) and white light reflectance probe (Moor CP7-1000 blunt needle probe, 

Moor Instruments Ltd, Axminster, UK) with an LD  fibre separation of 0.5 mm and SO2 separation 

of 1 mm, using a single point 785 nm, 1 mW low power red laser light source (moorVMS-LDF2, Moor 

Instruments Ltd, UK) and a 400-700 nm, <6 mW white light source (moorVMS-OXY, Moor 

Instruments Ltd, UK), for measuring both the blood flux and the oxygenated blood perfusion, at a 

sampling rate of 40 Hz.  
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Each volunteer was sitting comfortably with the arm at heart level and the probes were attached 

to the forearm for the recording of the signals. A local physiological perturbation of blood flow was 

performed in this study. The participants had one or more perturbations performed including post-

occlusive reactive hyperaemia (PORH) initiated by a pressure cuff around the forearm, inspiratory 

breath holds and local skin warming by placing the probe on the surface of the skin and raising the 

skin temperature to 33℃ and during local thermal hyperaemia (LTH) at 43℃. Also, measurements 

were taken at the foot of every volunteer at ambient temperature with no further heating applied. 

The skin temperature was controlled using a Moor VHP1 skin heating block with moorVMS-HEAT 

skin heater to warm the skin between 20-45℃. Skin temperature was measured by a miniaturised 

negative temperature coefficient thermistor built into the heating block controlling skin warming 

with a precision of ±0.1℃ and resolution of 0.1℃. The heating block and probe were placed on the 

ventral surface of the non-dominant forearm using a double-sided sticky O-ring, approximately 10 

cm from the wrist and avoiding visible veins. 

The measurement protocol for the local warming consisted of a period of 20 minutes resting 

skin temperature then the local skin temperature was raised to 33℃ and after a period of 20 

minutes the skin temperature was raised to 43℃ and retained at this temperature for 25 minutes. 

In the work considered here, only the latter LTH stimulus is considered. 

The main exclusion criteria to satisfy the study were the following: 

• Participant does not have a history of Cardiovascular Disease 

• Participant is not a smoker 

• Participant does not have diabetes 

• Participant is not in an on-going pregnancy 

• Participant does not take any medication that can affect the blood flow 

All volunteers were asked to read carefully and sign an informed consent form for participating 

in this study. 

3.2 Data Analysis 

The BF and OXY recordings were obtained before and in two haemodynamic steady states at 

33℃ and at 43℃. Figure 3.1 illustrates the BF, OXY and the temperature outputs of the combined 

LDF/OXY probe recorded and the selection of the 10 minutes segments at 33℃ and at 43℃. These 

segments were selected so as to minimise any transitional effects arising during warming and to be 

free of movement artefacts. Data were exported to Matlab (R2016b, Mathworks, UK) for pre-

processing and analysis. The parameters obtained were BF in perfusion units (PU), oxygenated 

haemoglobin (oxyHb), deoxygenated haemoglobin (deoxyHb), total haemoglobin (totalHb = oxyHb 
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+ deoxyHb) in arbitrary units (AU) and tissue oxygen saturation (SO2). SO2 (%) is derived from the 

relationship SO2 = (oxyHb/totalHb) * 100% [104].  

 

Figure 3.1 Selection of the 10 minutes segments (dashed lines) for the data analysis at 33℃ and 

43℃. The signal and temperature plots were obtained from one individual (h0_02). 

 Here, oxyHb output was elected as the prime OXY signal for the complexity analysis as 

suggested by previous studies [40]. The truncated data could then be analysed and calculations 

made for power spectral density and wavelet analysis to better understand the behaviour of the 

microvascular blood flow and oxygenation using the spectral and the time-localized and frequency 

domain analysis. The time domain characteristics of the BF and OXY signals as well as the statistical 

differences between the haemodynamic steady states are summarised in [54]. 

3.2.1 Pre-processing 

Before estimating the power spectral density, it is necessary to perform some pre-processing of 

the raw data. To reduce any bias from measurement noise or frequency content outside from the 

range of interest, the segments were filtered using a low pass finite impulse response (FIR) filter 

with 2Hz cut-off frequency, to attenuate high frequencies beyond the known range of 

microvascular oscillation and allow the frequencies of interest with a range from 0.0095 to 1.6Hz, 

to pass [36, 39]. FIR filter was chosen for designing and implementation convenience as well as for 

producing inherently stable oscillatory outputs. The data were then detrended by removing the 

mean and reducing overall variation and a stationarity test was performed on the processed data 
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to examine whether the data have a consistent variance over time. This pre-processing ensures that 

the analysis of the signals is not biased by noise or components outside the range of interest. 

3.2.2 Power Spectral Density 

The power spectrum was obtained via Fourier transformation as it gives greater flexibility in 

setting parameters, such as window function and overlap, such that the spectrum is reflective of 

the content of interest. The most common method for calculating PSD is the Welch’s method, which 

performs an FFT on each segment and computes the squared magnitude (power spectra). In this 

study the Hanning window function was used, with a 200 second length and 50% overlap between 

windows. The 200 seconds window length is adequate because the lowest frequency of interest is 

0.0095Hz, which is equal to 105 seconds thus it contains 1.9 cycles. This is sufficient to describe the 

frequency content of the signal at the lowest frequency of interest. The 600 seconds recording 

covers at least five cycles, in total, of the lowest frequency and is adequate to describe the 

frequency content of the physiological signals [26]. 

The power spectral density was estimated within the range from 0.0095 to 1.6 Hz in which the 

periodic activities that regulate the blood flow occur. These periodic activities have been studied 

by many research groups [36, 105-107] and comprise the low frequency (LF) oscillations: 

endothelial activity (0.0095-0.02 Hz), neurogenic activity (0.02-0.06 Hz), oscillations arising from 

local vasomotor myogenic activity (0.06-0.15 Hz) and the high frequency (HF) bands: respiratory 

activity (0.15-0.4 Hz) and oscillatory haemodynamic effects of the heart beat (0.4-1.6 Hz). Here, the 

PSD is evaluated for each volunteer in two haemodynamic steady states at 33oC and 43oC, 

respectively.  

3.2.3 Time-localised Frequency Domain Analysis 

The Wavelet transform can be employed to obtain a time-localised frequency domain analysis 

to examine how the signal content changes over time. Morlet wavelet has been used as a mother 

function as it has been adopted in previous studies from other researchers [36, 74, 108-110]. Based 

on equation (2.12) of chapter 2, Matlab function “cwt” was used to undertake the wavelet analysis 

with the Morlet wavelet defined as: 

𝛹(𝑡) =
1

√𝜋 ∙ 𝑓𝑏

∙ 𝑒𝑖2𝜋𝑓𝑐𝑡 ∙ 𝑒−𝑡2 𝑓𝑏⁄                                                      (3.1) 

where, 𝑓𝑏  is the bandwidth and 𝑓𝑐  is the centre frequency. 𝑓𝑐  was set at 1.5 because, as 

described by Goupillaud, et al. [111], when a constant known as 𝜎, which is proportional to 𝑓𝑐  from 

the equation 𝜎 = 2𝜋𝑓𝑐 , is small then some terms in the Morlet wavelet can be simplified. The 



Chapter 3: Time-Frequency Domain Analysis 

49 

parameter 𝑓𝑏 was set 2 because it has been shown to be an appropriate choice by other researchers 

[36, 39, 112].  

3.2.4 Statistical analysis 

Statistical analysis was performed in IBM SPSS statistics 22 (IBM United Kingdom) and Microsoft 

Excel 2010 (Microsoft Corporation, US). Data were tested for normal distribution using the 

D'Agostino & Pearson omnibus normality test [113]. Data are presented as either mean ± standard 

mean error (SEM) for normally distributed data or median with interquartile range (IQR) for non-

normally distributed data. Normally distributed data were compared using a Student t-test and 

non-normally distributed data using a Mann-Whitney U-test. In all cases a value of 𝑝 < 0.05 was 

taken to indicate statistical significance. 

3.3 Results 

3.3.1 Results of the Power Spectral Density 

Figure 3.2 shows the mean of the total PSD of both BF and oxyHb signals of all healthy volunteers 

at 33℃ and 43℃. It is noticeable that for BF signals the mean power spectrum increases with local 

warming. As shown in Table 3.1, in which at 33℃ the mean value and the standard error of the 

mean (SEM) are 4.47 ± 1.19 and at 43℃ is 263.27 ± 43.14 for the BF signals although, no change 

was found for absolute total power between 33℃ and 43oC for the oxyHb signals. In Table 3.2 the 

values of the power spectral density for each frequency band in terms of the mean ± SEM for 

comparing the power spectrum between 33 ℃  and 43 ℃  for both BF and oxyHb signals, are 

presented. The PSD is significantly higher at 43℃ for all the frequency bands in BF signals (p< 0.05). 

For oxyHb signals the absolute PSD showed significantly lower values at 43 ℃  only in the LF 

neurogenic band, however, at the HF bands the PSD at 43℃ increases having a significant difference 

between the two haemodynamic steady states (p<0.05), with a remarkable increase in the cardiac 

band during LTH for both signals. 

Table 3.1 Total absolute PSD at 33℃ and at 43℃ respectively and the p-value for comparing the 

PSD of BF and oxyHb signals at 33℃ and at 43℃, for n=15 volunteers. Data are presented as mean 

± SEM. 

PSD 33℃ 43℃ p-value 

BF signals 4.47 ± 1.19 263.27 ± 43.14 <0.05 

oxyHb signals 0.36 ± 0.06 0.39 ± 0.10 0.713 
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Figure 3.2 The mean PSD of the blood flux signals (top plots) and oxygenated haemoglobin (bottom 

plots) from all 15 healthy volunteers for all frequency bands at 33℃ (solid line) and 43℃ (dotted 

line). Individual spectra are shown as blue plots and red plots for all 15 volunteers at 33℃ and 43℃, 

respectively. PSD is plotted in a log axis as 10 ∙ log10 PSD over frequency. 

Table 3.2 Absolute PSD for both BF and oxyHb signals at 33℃ and at 43℃ respectively for each 

frequency band, for n=15 volunteers. Data are presented as mean ± SEM. 

 BF signals  OxyHb signals 

 33℃ 43℃  33℃ 43℃ 

Endothelial 0.74 ± 0.17 16.11 ± 3.41*  0.14 ± 0.03 0.14 ± 0.05 

Neurogenic 1.06 ± 0.27 31.33 ± 6.82*  0.15 ± 0.03 0.08 ± 0.03* 

Myogenic 1.11 ± 0.35 33.35 ± 7.94*  0.07 ± 0.02 0.04 ± 0.01 

Respiratory 0.53 ± 0.22 16.60 ± 2.07*  4.5 ∙ 10-3 ± 0.9 ∙ 10-3 1.2 ∙ 10-2 ± 2.5 ∙ 10-3* 

Cardiac 1.03 ± 0.28 165.88 ± 28.27*  1.2 ∙ 10-3 ± 0.3 ∙ 10-3 0.11 ± 0.03* 

*Significant difference from 33℃, 𝑝 < 0.05. 
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Figure 3.3 PSD contributions of the blood flux signals (left plots) and oxygenated haemoglobin 

(right plots) across five frequency bands recorded at the skin forearm from all 15 healthy 

volunteers at 33℃ in blue and 43℃ in red. Data are presented as median and IQR, *𝑝 < 0.05. 

The normalized PSD contribution calculating relative to total spectral power (0 – 1), between 

33℃ and 43℃ for both BF and oxyHb signals group is shown in Figure 3.3 and Table 3.3. There was 

shown a significant decline in the relative LF endothelial, neurogenic and myogenic bands during 

LTH for the BF signals. However, during thermally induced vasodilation at 43℃, the HF activity of 

the heart beat showed a substantial increase, from 0.23 ± 0.02 at 33℃ to 0.62 ± 0.02 at 43℃ (mean 

± SEM, p<0.05). Similarly, the PSD contribution of the HF respiratory and cardiac bands, increased 

substantially during LTH for the oxyHb signals. The LF neurogenic band showed a significant 

decrease at 43℃  (p < 0.05), although no other significant change was found in the LF bands 

between the two haemodynamic steady states for the oxyHb signals.  

 



Complexity of Flow Motion 

52 

Table 3.3 Normalised PSD contribution for both BF and oxyHb signals at 33 ℃  and at 43 ℃ 

respectively across five frequency bands, for n=15 volunteers. Data are presented as mean ± SEM. 

 BF signals  OxyHb signals 

 33℃ 43℃  33℃ 43℃ 

Endothelial 0.19 ± 0.02 0.08 ± 0.01*  0.44 ± 0.04 0.36 ± 0.04 

Neurogenic 0.25 ± 0.02 0.12 ± 0.01*  0.38 ± 0.02 0.21 ± 0.02* 

Myogenic 0.22 ± 0.02 0.12 ± 0.01*  0.17 ± 0.02 0.11 ± 0.01 

Respiratory 0.11 ± 0.02 0.08 ± 0.01  1.6 ∙ 10-2 ± 3.5 ∙ 10-3 4.5 ∙ 10-2 ± 7.3 ∙ 10-3* 

Cardiac 0.23 ± 0.02 0.62 ± 0.02*  4.2 ∙ 10-3 ± 0.7 ∙ 10-3 0.27 ± 0.03* 

*Significant difference from 33℃, 𝑝 < 0.05. 

3.3.2 Results of the Wavelet Transform 

The plots in Figure 3.4 show the wavelet transform and the averaged scalograms of the blood 

flux signal at 33℃ and 43℃ from a representative healthy volunteer (h0_02). The frequency range 

considered is the same as that in the PSD of section 3.2.1. The variation of average wavelet 

transforms against time shows the variation of the frequency components over time but is not 

directly comparable with the PSD. For this reason, the average of the Wavelet Transform over time 

can be plotted as the average scalogram as illustrated at the lower plots of Figure 3.4. Note that in 

the figures the values of the absolute wavelet transform are significantly higher during heating to 

43℃. The short-time FFT can be used to produce a similar PSD over time to the absolute WT but 

would be unreliable at low frequency here due to the low number of cycles in the endothelial band. 

In Figure 3.5 the WT is illustrated and the average scalogram of oxygenated haemoglobin signals 

between the two haemodynamic states. Similar to PSD values for oxyHb signals absolute wavelet 

transform indexes of the endothelial, neurogenic and myogenic band, are greater at 33℃.  Although, 

at the following bands the absolute WT during LTH shows a remarkable increase particularly in the 

cardiac activity.  
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Figure 3.4 Difference of the periodic oscillation of blood BF using Wavelet Transform, obtained from 

one healthy individual at 33℃  and 43℃  (top plots) and the averaged scalograms showing the 

difference of the periodic oscillation of blood flux signals at 33℃ and 43℃ (bottom plots). 

 

 

Figure 3.5 The periodic activity of oxyHb signals using Wavelet Transform, obtained from one 

healthy individual showing the differences at 33 ℃  and 43 ℃  (top plots) and the averaged 

scalograms showing the difference for each frequency band (bottom plots). 
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3.4 Discussion 

The results of this work provide insight about the content of the frequency and time-localized 

frequency content of the blood flux and oxygenated haemoglobin signals in two haemodynamic 

steady states at 33℃ and 43℃. In the frequency domain, using Welch’s PSD, there is a significant 

difference in the PSD bands for the BF signals at different temperatures. More specifically, the PSD 

of blood flux signals for all five frequency bands showed a significant change, in response to 

vasodilation caused by local heating. The HF cardiac band showed a remarkable increase at 43℃, 

in the PSD contribution, which is due to the temperature-induced vasodilated microvascular system 

[40]. Moreover, in the time domain, across the frequency bands in Figure 3.4 are suggestive of 

change in the contribution of endothelial, neurogenic, myogenic and cardiac oscillations during LTH 

for the BF signals. More specifically the contribution of these oscillations during heating increased 

by three times compared to the oscillations at 33℃ especially in the cardiac band. The findings of 

this study have shown the association of the local warming to the increase of the vasodilation and 

the impact in the spectral power for all frequency bands. As reported in other available literature 

[4, 8, 104], this may be due to the high metabolic demand of the tissue during LTH which causes 

the vasodilation by increasing BF and hence the oxygen delivery which exceeds the amount of 

oxygen required by the tissue. 

In terms of the oxygenated haemoglobin signals the PSD analysis showed a similar trend of the 

signals during LTH in the cardiac band. Although, the total power failed to show any significant 

difference between the haemodynamic steady states. The increase of the spectra in the heart rate 

is consistent with strong modulation as a result of the direction of the generation of the heart 

function during local warming. This may also be because of the arteriovenous shunting of the blood 

in the external dermal layers [53]. The time domain analysis across the frequency bands in Figure 

3.5, suggests enhanced cardiac frequency during vasodilation due to increase LTH. Despite the 

heartbeat being weak in the oxyHb signals at 33℃, it became visible during warming. In particular, 

the cardiac peak was absent in the oxyHb signal at 33℃, but during vasodilation it was clearly 

evident. This may indicate that the thermally induced vasodilation improves the delivery of the 

heartbeat wave to the circulatory system, so that it is also evident in the vasculature [54]. The 

measurements of oxyHb reflect the amount of light absorbed by the molecules of oxygenated 

haemoglobin, hence, the increase in oxyHb signals results from a higher number of these molecules 

present in the sampled volume. From a physiological perspective, the overall amount of 

haemoglobin is higher during thermally induced vasodilation thus, the vessels dilate and allow more 

blood to pass through the microvasculature. According to Kuliga [54], this pronounced increase of 

the heartbeat during LTH may be an early indicator of vascular stiffness however, more studies 
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need to be conducted to examine the vessel stiffness and its relationship with the microvascular 

response in local heating, in order to support this hypothesis.  

In a similar study, Kuliga et al [104] using FFT demonstrated that tissue oxygenation signals 

oscillated over similar frequency ranges to those seen in BF signals (~0.0095-1.6 Hz), with relative 

contributions from both low and high frequency PSD bands. These data suggest that the low 

frequency oscillatory activities associated with the regulation of microvascular perfusion and tissue 

oxygenation may be modulated in a manner of lower variability of the oxyHb signals during LTH. 

The reduction of the relative spectra contribution and the wavelets in the lower frequency bands 

in oxyHb signals is also, consistent with recent studies using wavelets [114] and FFT [115] during 

warming of the skin. The decrease of the neurogenic activity during LTH is consistent with a 

reduction in sympathetic activity to reduce the vascular tone. Another finding is that the amplitude 

for the wavelets in the endothelial band was found to be substantially lower during local warming. 

The endothelium plays an important role in the control of the relaxation of smooth-muscles by 

releasing vasodilators such as endothelium-dependent nitric oxide (NO) [116]. However, the 

changes of the flow motion in lower frequencies during LTH have yet to be fully clarified.   

In this study, the value to indicate statistical significance between the two haemodynamic 

steady states was 0.05, as the sampling size isn’t large enough to detect any existing differences 

and thus, in order to minimise the probability of false negative, known in statistics as the type II 

error, the significance level, α, is increased [117]. According to Streiner [118], one of the 

disadvantages when correcting for multiple comparisons testing, is that the probability of type II 

error is increased and thus the chance of having no statistical significant difference is also increased. 

They also report that the decision whether to correct for multiplicity or not can be arguable and all 

types of error need to be taken into consideration before applying it. 

3.5 Conclusion 

The study presented in this chapter investigates the blood flux and oxygenated haemoglobin 

signal in the frequency and time-localized frequency domain during LTH. The methods evaluated in 

this chapter were able to detect the differences of the frequency content of both BF and oxyHb 

signal at 33℃ and 43℃. The PSD contribution of the cardiac rhythm of both BF and oxyHb signals 

showed a significant increase during local warming, whereas, the low frequency bands of BF signals 

showed a significant decline during LTH. However, the spectra for the oxyHb signals did not show a 

significant change in the low frequency endothelial and myogenic bands during local warming 

which suggests that the flow motion during LTH in the lower frequencies need to be further 

investigated. The low frequencies in the wavelets of the oxyHb signals at 33℃ appeared to be 
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higher and the cardiac rhythm was absent, however the heart beat activity became visible during 

warming-induced vasodilation. Overall, the frequency domain along with the time-localized and 

frequency domain analysis has been shown to offer significant information about the frequency 

characteristics of the microvascular system when the skin vasculature reaches maximal dilation 

perfusion. The next step will be to investigate the information content of the microvascular 

perfusion to identify more characteristic features describing the complexity of the flow motion. In 

the following chapter nonlinear complexity techniques will be applied in BF and oxyHb signals. 
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Chapter 4: Complexity and Multiscale Analysis of 

Microvascular Blood Flow and Oxygenation Signals 

Between Two Haemodynamic Steady States 

In the previous Chapter the time-frequency analysis of LDF and Oxy signals was considered. Here, 

the feasibility of the using nonlinear complexity methods as a tool to identify altered microvascular 

function often associated with pathological conditions is investigated. The efficacy of multiscale 

nonlinear complexity methods was evaluated, to account for the multiple time-scales of processes 

modulating microvascular network perfusion. Conventional and multiscale variants of sample 

entropy (SampEn) were used to quantify signal regularity and Lempel and Ziv complexity (LZC) and 

effort to compress (ETC) complexity to determine the randomness. Finally, a thorough discussion 

of the outcomes of these analyses and the limitations of the data uses are presented. 

4.1 Introduction 

The maintenance of an adequate blood flow through a microvascular network, sufficient to 

meet the metabolic demands of the tissue, is dependent on local endothelial,  metabolic, myogenic 

and neural vaso-mechanisms that determine vascular tone and flow patterns within the network 

[119]. Recently, Frisbee et al. [120] have shown attenuation of these flow patterns using chaotic 

network attractor analysis in an animal model of cardio-metabolic disease. They have argued that 

the consequent loss of physiological information content may contribute to disease risk [76, 121]. 

Time and frequency domain analysis and the contribution of spectral properties in frequency 

domains are the techniques most frequently applied to biosignals [26-28], including those derived 

from  blood flow through the superficial dermal microvasculature [4, 36, 40]. The frequency and 

power of local oscillations that contribute to the total blood flow motion have been studied by 

many research groups [36, 105, 106].  It has been widely argued that time  frequency  analysis of 

the low frequency periodic oscillations in microvascular blood flux (BF) signals obtained using for 

example laser Doppler fluximetry (LDF) can provide non-invasive, mechanistic information on 

microvascular control [36, 122].  

The regularity and the randomness of physiological signals  has been explored using nonlinear 

methods such as entropy and complexity techniques, respectively, well suited for the analysis of 

short length signals such as ECG and respiratory flow signals [4, 75, 123-125]. Lempel-Ziv (LZ) 

complexity analysis has been applied to skin microvascular BF signals in humans [40] and in animal 
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models, [4, 126] in differing haemodynamic states. These studies have demonstrated clear 

differences in LZC between haemodynamic states. However, the relationship between the 

nonlinear dynamics of the BF signal and their impact on microvascular function remain to be 

clarified and the potential for complexity analysis as a diagnostic tool remain to be determined.  

Conventional entropy and complexity methods have the drawback that they can only study the 

behaviour at one scale. To overcome this potential disadvantage, Costa, et al. [46] introduced an 

improved multiscale entropy algorithm to estimate entropy over multiple scales. Such multiscale 

analyses have been shown to be effective in understanding physiological signals in general [46, 123, 

127]. Costa, et al. [76], applied the multiscale entropy in the cardiac interbeat interval to measure 

the regularity of the cardiac properties of young, elderly and subjects with heart failure in both 

waking and sleeping periods. They found good discrimination between these periods for all groups 

and reported that the multiscale entropy analysis is a valid method for quantifying the complexity 

of the biological signals across multiple spatial and temporal scales. Using multiscale LZ complexity, 

Kalev, et al. [128] were able to demonstrate a 86% classification accuracy by accounting for the 

different frequencies of information content in the EEG. Papaioannou, et al. [129], showed that the 

assessment of wavelet transform and multiscale complexity techniques on the temperature signals 

in patients with systematic inflammatory response syndrome, sepsis and septic shock, can be used 

to classify the early presence of a pathology.  

In this chapter, conventional LZC is used to estimate and quantify symbolic binary sequences 

converted from BF signals at rest with the local skin temperature clamp at 33C and during 

vasodilation induced through local thermal hyperaemia (LTH) at 43℃. LZ complexity is a method of 

quantifying the information present in a signal by estimating the number of production processes 

contained in the data. Here the encoding process, the epoch size and the type of the LZ complexity 

are introduced and applied in the BF signals on both haemodynamic steady states to investigate 

the changes on the signals and better understand this method using different parameters.  

Although, the main aim of this chapter is to investigate the information content of BF and OXY 

signals derived from the microvasculature in two stable haemodynamic steady states at 33℃ and 

at 43℃ using the combined LDF and WLS probe as described in Chapter 3. First, the changes in 

entropy and complexity of the microcirculatory dynamics are explored using conventional sample 

entropy (SampEn), LZC and effort to compress (ETC) complexity methods. To understand the effect 

of scale on these nonlinear metrics and their efficacy in classifying these haemodynamic steady 

states the multiscale sample entropy (MSE), multiscale Lempel and Ziv (MLZC) complexity and 

multiscale effort to compress (METC) methods are then evaluated. To the best of our knowledge, 
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this study is the first to conduct the multiscale analysis of the simultaneously recorded blood flux 

and oxygenated haemoglobin signals of healthy subjects during skin local heating.  

The hypothesis tested in this chapter was whether the complexity-based and multiscale-based 

analysis of blood flux and tissue oxygenation signals derived from the skin of healthy individuals 

under two imposed haemodynamic steady states will enable the characterisation of the 

flexibility/responsiveness of a microvascular network and thus has potential for clinical application 

in the prognosis and the diagnosis of pathophysiological conditions. 

4.2 Analysis procedure 

The data in this chapter were obtained from a group of 15 healthy young male volunteers, age 

was 29.2 ± 8.1 (mean ± SD), obtained from a previous study [54], and are described in more detail 

in chapter 3. 

4.2.1 Epoch Size 

Before calculating the LZ complexity, long binary sequences are usually divided into epochs. 

• One way to do that is by dividing the sequence into epochs with the same epoch size and 

then calculating the complexity for each epoch [4-6, 130]. Here, the 24000 samples (600 

seconds) signal, 𝑥,  of each volunteer is divided into 15 epochs of 1600 samples (40 

seconds) length for each epoch, which is a sufficient epoch for calculating the complexity 

as described in chapter 2.  

• Another way to divide the binary sequence is by using a time delay with a sliding window 

with a delay for each window [91, 95, 96, 102]. Here, the 24000 samples (600 seconds) 

signal, 𝑥, is divided into 15 epochs so the sliding window is 𝑤 = 1600 samples (40 seconds) 

and the delay is 𝑙 = 40 samples (1 second). First, the complexity is calculated for the epoch 

with initial conditions: [𝑥(1), 𝑥(𝑤)]  and then, will be calculated for the row vectors: 

[𝑥((𝑖 ⋅ 𝑙) + 1), 𝑥((𝑖 ⋅ 𝑙) + 1 + 𝑤)], where  𝑖 = 1,2, … 𝑛, 𝑛 = 600 - 40. Now, each sliding 

window will have size 𝑤 and delay 𝑙. 

In this work, both methods are used on the LZC yielding different information about the 

complexity of the signal, however only the first approach has been implemented in SampEn and 

ETC complexity methods as the second approach does not provide a sufficient number of samples 

for analysis using entropy method as mentioned in chapter 2 (section 2.5). 
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4.2.2 Multiscale Analysis Procedure 

The multiscale analysis was applied in the BF and oxyHb time series, in order to get information 

in multiple scales, in other words at different sampling time constants.  At the coarsest-grain of 24 

scales, the shortest times series has 1000 samples, which is sufficient for analysis and is consistent 

with other literature [46, 78, 123]. Then, the SampEn, the LZC and the ETC complexity were 

calculated for each coarse-grained sequence as a function of the scale factor, 𝜏. These procedures 

were then called multiscale entropy (MSE), multiscale Lempel and Ziv complexity (MLZC) and 

multiscale effort to compress complexity (METC). 

4.3 Statistical and Classification Analysis 

Statistical analysis was performed in IBM SPSS statistics 22 (IBM United Kingdom) and Microsoft 

Excel 2010 (Microsoft Corporation, US). Data were tested for the normal distribution using 

D'Agostino & Pearson omnibus normality test [113]. Data are presented as either mean ± standard 

mean error (SEM) for normally distributed data or median with interquartile range (IQR) for non-

normally distributed data. Normally distributed data were compared using a Student t-test and 

non-normally distributed data using a Mann-Whitney U-test. In all cases a value of 𝑝 < 0.05 was 

taken to indicate statistical significance.  

Linear discriminant analysis (LDA) with leave-one-out cross-validation [131, 132] was applied to 

the complexity measures of both BF and oxyHb signals, to determine the classification accuracy 

between the two haemodynamic steady states. The LDA method was applied to transform the 

features from a higher dimensional space into a space with lower dimensions, which in this way the 

ratio of the distance between the means of the classes in the projected space and the scatter within 

each class is maximized and thereby the classes are maximally separated [132].The accuracy is 

assessed using the LOO cross-validation in which here 30 runs took place, and in each run the 

classifier trained the set apart from one sample which was presented as the test set. 

4.4 Results  

4.4.1 Results for LZC of blood flux signals at 33℃ and 43℃  

Here, the LZ complexity was estimated in two haemodynamic steady states at 33℃ and at 43℃, 

for both exhaustive and the primitive complexity, using epochs of length 40 seconds and 1 second 

delay for each window as described above. The results, obtained from a representative volunteer  
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Figure 4.1 Example of detrended blood flux signals at (a) 33℃ and (d) 43℃. The corresponding 

Lempel and Ziv complexity with the exhaustive (b) and (e) and primitive (c) and (f)) type, using a 40 

second moving window with a 1 second delay, at 33℃ (a-c) and at 43℃ (d-f). Plots are obtained 

from one volunteer (h0_02). 
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(h0_02), are presented in Figure 4.1a and 4.1d, showing a significant increase in blood flux signals 

during LTH. 

The purpose of this investigation is to examine both the effect of the complexity type, exhaustive 

or primitive, along with LTH on the flow motion. The values of the complexity are higher at 33℃ 

(Figure 4.1b and 4.1c) compared to the ones at 43℃ (Figure 4.1e and 4.1f). The primitive type 

(Figure 4.1c and 4.1f) shows higher values of complexity than the exhaustive ones (Figure 4.1b and 

4.1e), as it is expected from the literature in (see chapter 2, section 2.5). Thus, this makes the 

primitive values of LZC more random than when using the exhaustive type. The range for the 

primitive LZC is wider than the exhaustive and hence, they are seen to be more overlaps of the LZC 

values between the haemodynamic steady states than when using the exhaustive type. Therefore, 

in this study, the exhaustive type provides a more effective characterization of the blood flux data. 

Additionally, the LZC using the sliding window was applied on the skin microvascular blood flow 

signals in two haemodynamic steady states as a possible usefulness of the sliding window technique 

to identify change of signals and as an attempt to capture the features in the LDF recordings. This 

study, did not show any significant change in the LZC that correspond to the features of the skin 

blood flux in each haemodynamic steady state.  

To investigate the use of the exhaustive and primitive complexity measures on a bigger data set, 

LZC of the BF signals recorded for all 15 volunteers at 33℃ and 43℃, was calculated by dividing the 

signal into 15 epochs of 40-second length for each epoch. Figure 4.2a shows the exhaustive and 

Figure 4.2b the primitive complexity for all individuals at both temperatures and the mean LZC with 

error bands calculated with the SEM. A reduction in mean complexity is clearly visible using both 

complexity types, as skin temperature clamps from 33℃ to 43℃. Table 4.1 gives summary statistics 

for the LZ complexity at both temperatures for all epochs. Overall complexity falls from 0.32 ± 0.04, 

at 33℃ to 0.27 ± 0.03, at 43℃ (mean ± SD) for the exhaustive type and from 0.81 ± 0.12, at 33℃ to 

0.68 ± 0.11, at 43℃ (mean ± SD) with the primitive type (p < 0.05).  

To further investigate complexity changes in LDF with LTH a 20-minute segment covering the 

skin heating from 33℃ to 43℃, as illustrated in Figure 4.3a, from a representative volunteer (h0_02) 

is considered. Here, 40-second lengths of the LDF are transformed using the delta encoding and 

then LZC is evaluated. Epochs are separated by 1-second delay showing the time-varying complexity 

of the signal for exhaustive, in Figure 4.3b, and primitive in Figure 4.3c. Note that the range for the 

primitive LZC is wider than the exhaustive and hence, there are shown more overlaps of the LZC 

values between the haemodynamic steady states than when using the exhaustive type. The region 
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contained between the purple dashed lines shows where the skin temperature is increased from 

33℃ to 43℃. The decrease in complexity identified in Figure 4.3 can be clearly seen as the local 

skin temperature increases to 43℃. Thus, the sliding window technique shows the changes in the 

LZC with time during increased local warming and therefore, might be suitable for determining 

where imposed stressors affect the flow of blood in the microvasculature, which is one of the aims 

of this research. 

 

Figure 4.2 LZC for all 15 volunteers, using a 15-epoch division of 40 seconds for each epoch, at 33℃ 

(blue plots) and 43℃ (red plots) respectively for both exhaustive (a) and primitive (b) type. Averaged 

LZC with error bars, for exhaustive and primitive type, at 33℃ (blue bold plot) and 43℃ (red bold 

plot).  

Table 4.1 Mean, SD, SEM of the LZC at 33℃ and at 43℃ respectively and the p-value for comparing 

the complexity at 33℃ and at 43℃, for both exhaustive and primitive type (n=15).  

Temperature 33℃ 43℃ 
p-values 

 Mean SD SEM Mean SD SEM 

Exhaustive type 0.32 0.04 0.01 0.27 0.03 0.01 <0.05 

Primitive type 0.81 0.12 0.03 0.68 0.11 0.03 <0.05 
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Figure 4.3 Illustration of a blood flux signal (a) and the corresponding LZC with the exhaustive (b) 

and primitive type (c), using a 40 second moving window with a 1 second delay, of a 20 minutes 

segment from 33℃ (blue signal) to 43℃ (red signal). The region between the purple dashed lines 

indicates the end of the 33℃ and the beginning of the heating at 43℃. Plots are obtained from one 

volunteer (h0_02). 

4.4.2 Results for Complexity-based and Multiscale-based Analysis at 33℃ and 43℃ 

Here, the nonlinearity of the BF and oxyHb signals at the two haemodynamic steady states of 

33℃ and 43℃ was computed for all methods (sample entropy, LZC and ETC complexity) by dividing 

the signals into 15 epochs for the 15 individuals as shown in Figure 4.4 and 4.5, respectively. Both 

signals presented lower values of entropy and complexity during LTH as compared with those at 

33℃. Table 4.2 gives summary statistics for all complexity methods applied in BF and oxyHb signals 
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at both temperatures over the 15 epochs. Overall the SampEn index (mean value across the 15 

epochs for each participant) showed a decrease in both BF and oxyHb signals with LTH.  

 

Figure 4.4 Changes in regularity and complexity of the blood flux signals for all 15 volunteers, in 

two haemodynamic steady states at 33℃ (blue) and at 43℃ (red). a) Sample Entropy, b) Lempel 

and Ziv complexity, c) Effort to compress complexity. Values are presented as means ± SEM.  

Likewise, the LZC index showed a reduction in the complexity during local heating, in the BF 

signals, between the two haemodynamic steady states. The oxyHb signals showed a similar 

although more significant drop in LZ complexity (p < 0.05). Similar responses to the local heating 

were seen in the ETC complexity for BF and oxyHb signals showing a more substantial decline in the 

complexity at 43℃ (p < 0.05, for BF signals and p < 0.05, for oxyHb signals). 
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Figure 4.5 Values of the regularity and the complexity of the oxygenated haemoglobin signals for all 

15 volunteers, in two haemodynamic steady states at 33℃ (blue) and at 43℃ (red). a) Sample 

Entropy, b) Lempel and Ziv complexity, c) Effort to compress complexity. Values are presented as 

means ± SEM.   

Table 4.2 SampEn, LZC and ETC complexity methods at 33℃ and at 43℃ respectively for both BF 

and oxyHb signals (n=15). Data are presented as mean ± SEM. 

 BF signals  OxyHb signals 

 33℃ 43℃  33℃ 43℃ 

SampEn 0.130 ± 0.004 0.115 ± 0.016*  0.125 ± 0.006 0.108 ± 0.005* 

LZC 0.322 ± 0.010 0.272 ± 0.007*  0.336 ± 0.010 0.233 ± 0.007* 

ETC 0.085 ± 0.002 0.072 ± 0.002*  0.090 ± 0.002 0.061 ± 0.002* 

*Significant difference from 33℃, 𝑝 < 0.05. 

Multiscale analysis of both BF and oxyHb signals in the two haemodynamic steady states across 

all 15 participants are shown in Figure 4.6 and 4.7 respectively. The multiscale analysis of these 

signals showed a relatively compatible variability over the 24 scales at both temperatures. The BF 
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and oxyHb parameters measured under the two haemodynamic steady conditions are summarized 

in Table 4.4. The results showed lower variability of the MSE of the BF and oxyHb signals during 

local heating compared with the signals at 33℃ (p<0.05, for BF signals and p < 0.05, for oxyHb 

signals). 

Similarly, the MLZC and METC complexity values appeared less variable and had lower 

complexity of both BF and oxyHb signals at 43℃, showing a considerable drop for both signals 

during LTH. Figure 4.8 shows the boxplot of the entropy and complexity and the multiscale analysis 

for both BF and oxyHb signals showing the separation of the signals during LTH. It is shown that 

greater discrimination occurs in the oxyHb signals using the multiscale analysis (p < 0.05).  

 

Figure 4.6 Average multiscale analysis for 15 blood flux signals in two haemodynamic steady states 

at 33℃  (blue) and at 43 ℃  (red). a) Multiscale Sample Entropy, b) Multiscale Lempel and Ziv 

complexity, c) Multiscale Effort to compress complexity. Values are presented as means ± SEM for 

n=15 healthy volunteers. 
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Figure 4.7 Average multiscale analysis for 15 oxygenated haemoglobin signals in two 

haemodynamic steady states at 33℃ (blue) and at 43℃ (red). a) Multiscale Sample Entropy, b) 

Lempel and Ziv complexity, c) Multiscale Effort to compress complexity. Values are presented as 

means ± SEM for n=15 healthy volunteers. 

The largest difference of the multiscale analysis methods computed for all participants across 

24 scales for the BF signals between the two haemodynamic steady states, was shown around scale 

factor 19 in the MSE indexes and around scale factor 9 in the MLZC and METC indexes. The weakest 

separation appears in scale 1 which is the traditional single-scale based entropy and complexity 

methods. For the oxyHb signals the strongest separation appears at around scale 9 for all methods. 

However, the smallest difference occurs at scale 4 in the MSE indexes and at scale 24 in both MLZC 

and METC indexes.  
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Table 4.3 MSE, MLZC and METC complexity methods at 33℃ and at 43℃ respectively for both BF 

and oxyHb signals (n=15). Data are presented as mean ± SEM. 

 BF signals  OxyHb signals 

 33℃ 43℃  33℃ 43℃ 

MSE 0.507 ± 0.020 0.401 ± 0.012*  0.483 ± 0.023 0.383 ± 0.011* 

MLZC 0.797 ± 0.043 0.578 ± 0.025*  0.809 ± 0.024 0.561 ± 0.019* 

METC 0.156 ± 0.006 0.125 ± 0.004*  0.164 ± 0.004 0.115 ± 0.004* 

*Significant difference from 33℃, 𝑝 < 0.05. 

 

Figure 4.8 BF and oxyHb signals for all complexity and multiscale analysis expressed as mean 

value across 15 volunteers at 33℃ (blue) and at 43℃ (red). A. Sample entropy and Multiscale 

Sample Entropy, B. LZC and Multiscale LZC, C. ETC complexity and Multiscale ETC complexity (“*” 

indicate 𝑝 < 0.05).  

From Table 4.4 it is interesting to note that all three multiscale measures relating to the oxyHb 

signal indicate a good classification accuracy of the two haemodynamic steady states. The highest 

classification accuracy rates of 90% and 93.3% were reached with the MLZC and METC complexity, 

respectively. By this test it was shown that the characteristics of the multiscale analysis can be used 
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in classification algorithms to separate two different data sets. High accuracy was achieved using 

the multiscale complexity analysis (MLZC, METC), which indicates a classification effectiveness of 

the two haemodynamic steady states using the multiscale complexity measures and therefore, this 

may be valuable in clinical applications. The statistical analysis and classification accuracy for the 

SampEn, LZC and ETC complexity measures are shown in Table B.1 in Appendix B. 

Table 4.4 Statistical analysis and classification accuracy for all multiscale methods of both BF and 

oxyHb signals between the two haemodynamic steady states. 

4.5 Discussion 

The aim of this chapter was to estimate the randomness of the LDF time series in order to 

investigate the changes from the two haemodynamic states that have been previously reported to 

be associated with the mechanisms that influence the blood flow [4]. The LZC, in response to the 

local heating showed a significant reduction, which shows the variability of this technique in 

studying microvascular response to external stressors.  

First, the time series had to be transformed into a binary sequence. Here, the encoding used is 

the delta encoding as it preserved more information about the characteristics of the dynamics of 

the signal. The choice of the epoch size is also important when calculating the LZC. Here, the division 

in 15 epochs with 40 seconds for each epoch was used for computing complexity consistent with 

previous work [4]. Analysis with a moving window of 10 seconds with 1 second delay for every 

window was also considered. The results of this analysis showed that the complexity could be time 

localised such that changes in complexity could be better visualised.  

The type of complexity was also considered. The exhaustive method has shown to be the better 

choice for this work compared to the primitive one. It has been shown that the LZC for both 

exhaustive and primitive type is representative of regions of interest in the corresponding blood 

flux signal at 33℃ and at 43℃. By considering the location of peaks in the LDF signals, the LZC with 

the moving window can detect changes in the signal, similar to that presented by Aboy, et al. [91] 

Methods BF signals oxyHb signals 

 p-value Classification accuracy (%) p-value Classification accuracy (%) 

MSE 0.001 70.00 0.002 86.67 

MLZC 0.001 73.33 <0.001 90.00 

METC 0.001 73.33 <0.001 93.33 



Chapter 4: Complexity and Multiscale Analysis of Microvascular Blood Flow and Oxygenation 

Signals Between Two Haemodynamic Steady States 

71 

and Abasolo, et al. [102] from studies on the detection of intracranial pressure and epileptic seizure 

respectively, has been shown to be feasible.  

The results also showed that LZC at 33oC and at 43oC is more discriminative with the exhaustive 

type of complexity, rather than the primitive type. The range of the values is wider for primitive 

than the exhaustive for the same raw data, which makes the complexity signals with the primitive 

type more variable. This justifies the selection of the exhaustive type of complexity used in this 

work. 

The findings of the complexity analysis showed a decrease in complexity during dilated perfusion 

state at 43oC in the human skin, which is consistent with the study of LZC in the skin of monkeys, as 

addressed by Tigno, et al. [4]. Liao, et al. [126] in an additional study, reported a decrease in the 

complexity of myogenic activity by calculating the multifractal detrended fluctuation analysis, α, in 

healthy rats. These studies demonstrate a diagnostic potential of the complexity analysis in the 

microvascular blood flux signals.  

Further investigation of the complexity of the blood flux signal with the transition from 33℃ to 

43℃ was also examined. The LZC analysis with the moving window was able to detect differences 

in the transition period. It is notable that the exhaustive type was more sensitive in detecting these 

changes. As already described, the complexity decreases during the local heating, although the 

transition between the temperatures may also contain useful information about the randomness 

of the blood flux signal. By developing the LZC with the 30 epochs for the same blood flux signal, 

the decline in complexity at 43℃ is still obvious and possible to identify the changes during the 

transition.  

The question of whether the information content in the BF and oxyHb signals derived from the 

skin microcirculation could be used to discriminate between two different haemodynamic states 

by examining the simultaneously recorded signals from a cohort of healthy male participants was 

also considered. First, the changes in entropy and complexity of the microcirculatory dynamics were 

studied, using conventional sample entropy (SampEn), LZC and effort to compress (ETC) complexity 

methods. The results show a significant decrease in the entropy together with a reduction in the 

complexity during the vasodilated perfusion state at 43℃, with a more substantial decline in the 

complexity measures. They further show that the multiscale analysis has the potential for 

distinguishing the two different haemodynamic states in both BF and oxyHb signals, with a better 

discrimination in the oxyHb signals. 
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Recent studies [109, 133], suggested that a greater variability of the blood flux may indicate a 

more effective microvascular system, whereas a lower variability in microvascular activity 

corresponds to a loss of the system’s ability to adapt to pathophysiological conditions. As far as is 

known, there are no known previous studies to investigate the SampEn and ETC complexity of 

healthy human skin blood flux and oxygenation signals, recorded simultaneously at the same site, 

during local heating. These findings provide strong evidence that the complexity methods, in human 

skin microvascular blood flux and oxygenated haemoglobin signals, showed sensitivity to the effect 

of the heating. Here, lower entropy and complexity indexes with relatively consistent variation 

across the 15 epochs were found when microvascular flow approaches maximal dilation and 

network perfusion during heating. However, Liao, et al. [124] in a similar study investigating the 

sample entropy indexes in response to local heating of the sacral skin blood flow in people at risk 

for pressure ulcers, did not find any significant correlation with the skin vasodilatory function. They 

also reported that the nonlinear analysis is not always a consistent method for assessment of 

vasodilatory function. 

The traditional methods measure for estimating entropy and complexity of a signal in one scale 

only. For this reason, the BF and oxyHb signals were further examined using multiscale analysis, in 

order to evaluate these methods in multiple scales. At low scales, all the multiscale nonlinear 

methods (MSE, MLZC and METC) yield small values of entropy and complexity. As the sampling rate 

decreases, the complexity increases until it reaches and passes the Nyquist frequency of the original 

time series. More specifically, by increasing the scale factor from 𝜏 = 1 to 𝜏 = 12, the sampling 

frequency which is 𝑓𝑠12
= 𝑓𝑠𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

  𝜏⁄ = 3.33 𝐻𝑧 reaches the Nyquist frequency which for the 

signals investigated here is 𝑓𝑁/2 = 2 ∙ 𝑓𝑚𝑎𝑥 = 2 ∙ 1.6 𝐻𝑧 = 3.2 𝐻𝑧. It was observed that for the 

complexity measures there is a rapid increase until the scale factor around 12. At the higher scale 

factors, the complexity either decreases or becomes constant until scale factor around 20. The 

complexity after the scale factor 20 steadily increases. However, the entropy measures did not 

show the same changes through scales as the complexity methods. Humeau, et al. [127], in a recent 

study of the MSE analysis of LDF signals in healthy subjects, showed a similar behaviour of the MSE 

of the BF signal when filtered for the frequencies associated with heart rate (~0.6 - 2Hz). They 

reported that the increase and then decrease of the MSE over the scales may be because these 

signals are non-periodic and therefore the progression of complexity in multiple scales cannot be 

stable. They also suggested that this may be a representative indicator for the BF signals. It is also 

worth noting that during local heating around scale 24, the oxyHb signals become more complex 

(less regular) than those at 33C using the MSE method and approaches that of those at 33C using 

both MLZC and METC complexity measures. This increase in complexity at higher scales may be a 
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useful new index of increased adaptive capacity of the oxyHb signals in larger time scales possibly 

due to compensatory endothelial action. 

The information of the signals during LTH using the multiscale analysis showed a similar decline 

to that when using the traditional methods. Here, it is shown that the multiscale analysis may be 

more valid than the traditional methods as it measures the complex characteristics of the biological 

signals in multiple spatial and temporal scales and is consistent with that reported by Kalev, et al. 

[128], examining EEG signals for objective measures of depression. These authors found that 

traditional LZC was unable to account for the high frequency components in the signals resulting in 

a 50% classification accuracy of people with depression and controls in their study. Using multiscale 

LZC, they were able to demonstrate an 86% classification accuracy by accounting for the different 

frequencies of information content in the EEG. Here, 73.3% and 90% classification accuracy of 

haemodynamic state using MLZC for BF and oxyHb, respectively, was presented [134] 

All the nonlinear methods used, were able to distinguish between the two haemodynamic 

steady states. However, it was noticed that the complexity measures (LZC, ETC, MLZC and METC) 

showed a more significant separation than the entropy measures (SampEn and MSE), in both 

conventional and multiscale analysis. Recently, Balasubramanian and Nagaraj [75], estimated the 

SampEn, LZC and ETC complexity in R-R tachograms of healthy young and healthy old people in 

order to find the most efficient measure for a better separation between the two groups, found 

that LZC and ETC complexity were able to discriminate better between the two groups for very 

short lengths.  

From this current study was found that, for the BF signals when using the multiscale analysis, 

there was a large difference between the two haemodynamic steady states, around scale factor 19 

in the entropy indexes and around scale factor 9 in the complexity indexes. The weakest separation 

appears in scale 1 which is the scale studied by traditional entropy and complexity methods. For 

the oxyHb signals the strongest separation appears at around scale 9 for all methods. However, the 

smallest difference occurs at scale 4 in the entropy indexes and at scale 24 in the complexity indexes. 

It is also worth noting that the microvascular oxyHb signals showed better separation than the BF 

signals between the two haemodynamic steady states. This suggests that these measures may be 

valuable in clinical assessment in low perfusion states and in detecting early signs of sepsis. Other 

studies have also shown that pattern recognition methods are suitable for the discrimination 

between groups [131]. Pattern classification methods may be applied in future studies in order to 

classify the tissue perfusion features in different pathophysiological groups. 

Recent studies [120], using chaotic network attractor analysis have shown that a declining 
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adaptability in flow patterns in a microvascular network may be a major indicator of CV and Met 

disease risk. They also suggest that the spatial distribution and temporal behaviour of microvascular 

network perfusion may be more suitable measures with which to understand microvascular disease. 

4.6 Limitations 

This study reveals the analysis of the information content of blood flow and oxygenation time 

series derived from the microvasculature in two haemodynamic steady states at 33℃ and 43℃ 

using both conventional and multiscale complexity methods. A major strength of this study is that 

by using LTH to assess microvascular reactivity and obtain two haemodynamic steady states, the 

nonlinear complexity methods were able to discriminate between the groups showing a better 

separation when using multiscale analysis. This study seeks to explore the feasibility of using 

nonlinear complexity methods as a tool for differentiating between two imposed microvascular 

haemodynamic steady states as a proof of concept for clinical application in the prognosis and the 

diagnosis of pathophysiological conditions. However, this study was conducted only in healthy male 

cohorts as when including women in a study group it is essential to match them for menstrual cycle. 

Therefore, this study was limited to young healthy males in order to reduce inter-individual 

variation as far as possible.   

4.7 Conclusions 

Nonlinear measures have been increasingly used to investigate the dynamics within the 

microcirculation and define different pathophysiological conditions. Here, the study on the Lempel 

and Ziv complexity (LZC) provides information about the choice of the different parameters such as 

epoch size and type of complexity from which the exhaustive type of complexity appears more 

sensitive in analysing the changes of the blood flow signals. Furthermore, the nonlinear properties 

of the BF and oxyHb signals using one entropy measures (sample entropy) and two complexity 

measures (Lempel and Ziv and effort to compress complexity) were studied, in order to identify the 

change of the vasodilation caused by local heating. From this study it is suggested that the 

complexity measures have more sensitivity for identifying changes in the microvascular function 

under an imposed stimulus than the entropy measures. Multiscale analysis, for the first time, has 

been used in BF and oxyHb signals recorded simultaneously at the same site to discriminate 

between two haemodynamic states, showing a more significant discrimination in the oxyHb signals. 

These findings also suggest that the significant attenuation of the network’s flexibility and 

adaptability in face of an imposed stressor assessed using multiscale analysis of entropy and 
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complexity measures, makes this method a promising approach for further analysis of the 

microvascular function. For a better understanding of the nonlinear indexes of the microvascular 

function these methods now need to be extended to cohorts under pathological conditions. In the 

next chapter, these methods are applied to LDF data from a cohort of people with non-alcoholic 

fatty liver disease to examine if features of the disease influence the information in the signals from 

the microvasculature. 
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Chapter 5: Multi-Study Analysis of Microvascular Blood 

flow Variability in NAFLD Groups  

In this chapter, the feasibility of the nonlinear complexity methods as a tool for differentiating 

between groups of individuals at an increased risk of developing cardiovascular disease (CVD) is 

investigated. The microvascular blood flow signals were recorded from the forearm skin of a group 

of sixty volunteers with the non-alcoholic fatty liver disease (NAFLD) grouped for absence or 

presence of type 2 diabetes (T2DM) and use of calcium channel blocker medication using the laser 

Doppler flowmetry (LDF). Both linear and nonlinear analysis have been applied to evaluated the 

signals within the frequency range (0.0095-1.6Hz) using the power spectral density and to quantify 

signal information content using both conventional and multiscale variants of LZC. The relationship 

between the relative power and complexity of the blood flux was also evaluated to investigate the 

changes of the frequency bands with time-scales. Finally, a thorough discussion of the outcomes of 

these analyses and the limitation of the data uses is presented. 

5.1 Introduction 

Microvascular perfusion has received much interest and been investigated in a range of 

physiological and pathophysiological states over the previous decade [1] . Approximately 20% of 

the general population suffer from CVD that is associated with the non-alcoholic fatty liver disease 

(NAFLD) and type 2 diabetes (T2DM) [135-138]. Non-alcoholic fatty liver disease is the 

concentration of fat in the liver without a significant consumption of alcohol or other liver diseases 

[139]. The progression of NAFLD occurs slowly ranging from steatosis to non-alcoholic 

steatohepatitis (NASH) and cirrhosis in the last stage of the disease and in many cases may lead into 

a hepatocellular carcinoma [137, 139]. There has been an emerging interest in investigating the 

microvascular function in NAFLD subjects showing higher complications in the microvasculature of 

people with such diseases [12, 140].  

Recent studies [2, 3], have shown that in many disease states, such as metabolic disease and 

ageing, there appears to be a reduction in adaptive capabilities of the individual and a consequent 

loss of physiological information content. Time and frequency domain analysis have been applied 

on the blood flow signals to characterise the dynamics of the flow patterns. Power spectral analysis 

of local oscillations (0.0095~1.6Hz) that contribute to the total blood flow motion have been 

studied by many research groups [36, 105, 106]. Although, these linear methods alone have been 

insufficient for discriminating between different pathophysiological groups. Therefore, nonlinear 
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methods have been used widely to quantify the randomness of skin microvascular blood flow 

signals and evaluate microvascular impairment and CVD risk factors on vascular health and are well 

suited for the analysis of short length signals [5-8].  

Recent studies have applied frequency and complexity approaches to BF signals derived from 

the skin in humans [104, 141] and in animal models [4, 126], demonstrating clear differences in 

complexity between different groups. Recently [120], from a study of the microvascular perfusion 

in lean and obese Zucker rats with features of metabolic syndrome, it was reported that the arterial 

blood flow bifurcations become lower as the risk for vascular dysfunction increases which means 

that the system is more adaptive in lean rather than the obese rats and that influences the ability 

to provide a more complex flow motion in obese rats. They also reported that, an increase spatial 

heterogeneous perfusion may contribute to the loss of the microvascular network flexibility and 

adaptability with increased cardiovascular risk. These studies demonstrate a diagnostic potential in 

investigating microvascular functionality using nonlinear analysis. 

The aim of this multi-study is to examine the frequency and complexity of microvascular blood 

flow signals of people with non-alcoholic fatty liver disease (NAFLD) with increased risk of CVD. The 

microvascular function was investigated from volunteers with and without T2DM and from a 

smaller group using calcium channel blocker medication. First, the changes in time, frequency and 

complexity of the microcirculatory dynamics, are explored using power spectral density and LZC in 

single and multiple scales in order to understand the effect of scale on these nonlinear metrics and 

their efficacy in classifying between these groups. The spectral content of the LDF signal examined 

in the frequency domain to identify the spectral behaviour of the oscillatory processes influencing 

microvascular blood flow. The multiscale complexity was also assessed to examine if it was 

influenced by the time-scale of the different oscillatory rhythms. A further aim of this chapter is to 

test the hypothesis that the nonlinear methods can be feasible methods for differentiating between 

these groups and thus, can have a strong potential of identifying microvascular dysfunction. 

5.2 Materials 

5.2.1 Study Design 

The data that were used for this study regarding NAFLD patients was a combined from two 

randomized, double blind, placebo-controlled trials, the WELCOME (Wessex Evaluation of Fatty 

Liver and Cardiovascular Markers in NAFLD with OMacor Therapy) and INSYTE (INvestigation of 

SYnbiotic TreatmEnt in NAFLD). Ethics approvals, informed and written consent were obtained 

before participants were enrolled into the clinical trials. Data collected from the WELCOME study 
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included NAFLD severity biomarkers, measures of insulin sensitivity, cardiovascular risk factors, 

measures of microvascular function and liver fat. The inclusion criteria for both studies included 

being older than 18 years and having radiological or biopsy-proven NAFLD. Some of the exclusion 

criteria involved having decompensated acute or chronic liver disease and viral hepatitis. Detailed 

information on different aspects of the studies are available from www.clinicaltrials.gov (WELCOME 

identifier: NCT00760513, INSYTE identifier NCT01680640) [144]. 

5.2.2 Measurements of the Microvascular Function 

The signals were recorded using the laser Doppler flowmetry probe with fibre separation of 1.0 

mm separation (moorCP1T-1000, Moor Instruments Ltd, UK), using a single point 785 nm, 1 mW 

power laser light source, for measuring the blood flux, at a sampling rate of 40 Hz. The calibration 

of the probes was performed using aqueous suspension of polystyrene latex particles whose 

Brownian motion provides a standard reference value. The probe was mounted using double sided 

sticky O-rings on the ventral surface of the non-dominant forearm, approximately 10cm from the 

wrist avoiding visible veins. In the WELCOME study, the baseline BF were recorded 15 minutes 

before post-occlusive reactive hyperaemia (PORH) using a pressure cuff placed around the upper 

arm inflated to 180 mm Hg for 3 minutes. In the INSYTE study, the participants had inspiratory 

breath holds allowing approximately 3 minutes extra recordings before the baseline BF. 

All participants refrained from caffeine containing drinks and food for at least 2 hours and 

strenuous exercise for 24 hours before testing. Studies were performed in a temperature-

controlled room maintained between 22 and 23.5C. All participants were acclimatized for 30 

minutes prior to testing. The mean resting forearm skin temperature measured during baseline 

recording was 29.4  2.1C. Laser Doppler measurements were made with the participants sitting 

comfortably with their arm supported at heart level. 

5.2.3 Clinical Measurements  

CVD risk score 

The CVD risk percentage was assessed using the QRISK2 score which incorporates aspects of the 

traditional cardiovascular risk factors such as age, smoking, diabetes, obesity and hypertension. 

Past medical history such as having angina or myocardial infarction in 1st degree relative <60, stage 

4 or 5 chronic kidney disease, atrial fibrillation, rheumatoid arthritis or blood pressure treatment 

were also incorporated into the final score. Furthermore, ethnicity and postcode were part of the 

algorithm. QRISK2 score can be generated despite one or more missing risk factors and has been 

able to predict the CVD risk reliably [145].    

http://www.clinicaltrials.gov/
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Risk factors for metabolic syndrome  

In this study, metabolic syndrome was defined clinically, based on the presence of 3 or more of 

the following: (1) central obesity (waist circumference: men,  102 cm, women,  88 cm, in U.K.); 

(2) a high triglyceride level (1.7 mmol/L); (3) a low HDL-cholesterol level (men,  1.03 mmol/L; 

women, 1.29 mmol/L); (4) high blood pressure (systolic blood pressure  130 mm Hg or diastolic 

blood pressure  85 mm Hg) or antihypertensive drug treatment; (5) a high fasting plasma glucose 

concentration (  6.1 mmol/L) or drug treatment for T2DM.  

Definition of Hypertension and Diabetes Mellitus (DM)  

Hypertension was defined by systolic blood pressure  130 mm Hg or diastolic blood pressure  

85 mm Hg or on antihypertensive drug treatment such as calcium channel blockers. Diabetes 

mellitus (DM) was defined by fasting glucose levels > 6.1 mmol/L or drug treatment for type 2 

diabetes. Homeostasis model assessment-estimated insulin resistance (HOMA-IR), is used to 

estimate the insulin resistance by multiplying fasting plasma insulin by fasting plasma glucose and 

dividing the constant by 22.5. Values higher than 2 indicate early insulin resistance [146]. 

5.2.4 Subject Selection  

The study was conducted on 60 volunteers with NAFLD  chosen based on the quality of the raw 

signals, from the total of 200 participants from the combined WELCOME and INSYTE trials [144]. 

They were grouped for the absence (DM0) or presence (DM1) of T2DM, and use of calcium channel 

blocker medication (CB) with and without T2DM (5 participants with T2DM). The demographics for 

each group are summarised in Table 5.1. 

Table 5.1 Demographics for DM0 (n=25), DM1 (n=23) and CB (n=12) groups. 

 DM0 DM1 CB 

Age 51.4 ± 12.5 49.5 ± 10.9 59.6 ± 5.6 

Sex 14M/11F 11M/12F 6M/6F 

BMI 33.3 ± 5.5 34.4 ± 5.8 34.6 ± 4.4 

CVD risk (%) 9.7 ± 9.1 16.3 ± 9* 23.9 ± 8.9*,+ 

Systolic BP (mm Hg) 138 ± 17 133 ± 16 141 ± 11 

Diastolic BP (mm Hg) 82 ± 11 77.8 ± 13 83 ± 9 

Hypertension (subjects) 19 (76%) 18 (78%) 12 (100%) 
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Diabetes duration (years) - 7.4 ± 10.2 4.8 ± 3.4 (n=5) 

METS (features) 3.1 ± 0.9 3.7 ± 1.1* 3.8 ± 0.8* 

HOMA-IR  2.9 ± 1.1 6.3 ± 5.2* 3.5 ± 2.2+ 

*Significant difference from DM0, 𝑝 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

5.3 Methodology 

5.3.1 Pre-processing 

The blood flux recordings, performed from the Moor Software were exported to Matlab (R2019a, 

Mathworks, UK). The recordings were cut into 10-minute artefact-free segments at rest. Before 

estimating signal complexity, it is necessary to perform some pre-processing of the raw data. The 

analysis procedure used in this chapter is consistent with the previous chapters. The segments were 

filtered using a low pass finite impulse response (FIR) filter with 2Hz cut-off frequency, to attenuate 

high frequencies beyond the known range of microvascular oscillation and allow the frequencies of 

interest with a range from 0.0095 to 1.6Hz [36, 39]. FIR filter was chosen for designing and 

implementation convenience as well as for producing inherently stable oscillatory outputs. The data 

were then detrended by removing the mean and a stationarity test was performed on the 

processed data to examine whether the data have a consistent variance over time. This pre-

processing ensures that the analysis of the signals is not biased by noise measurement or 

components outside the range of interest.  

5.3.2 Linear Analysis 

Time domain: Blood flux measurements were recorded in arbitrary perfusion units (PU). The blood 

flux was recorded at rest (RF) for over the final 5 minutes before perturbation, following with 3 

minutes arterial occlusion and peak reactive hyperaemia. The dilator capacity was measured as the 

fold change MF/RF, determined as the ratio of mean peak of the PORH divided by the RF. The blood 

flux recordings, performed from the Moor Software were exported to Matlab (R2019a, Mathworks, 

UK). Figure 5.1 illustrates the BF outputs and the selection of the 10 minutes artefact free segments 

marked as grey of three individuals with absence, presence of T2DM and with calcium channel 

blockers medication, respectively.  

Spectral analysis: Power spectral density (PSD) was estimated by Welch’s method of fast Fourier 

transform (FFT) with a Hanning window size of 200 s and 50% overlap between windows over 

continuous 10 min recording periods. The power contribution was evaluated within the frequency 

range (0.0095-1.6 Hz) [36]. Total spectral power was estimated as the sum of absolute power across 
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the five frequency intervals (0.0095-1.6 Hz) plotted in a log axis as 10 ∙ log10 PSD over frequency 

and expressed in dB/Hz. PSD contribution was calculated relative to total spectral power and is 

expressed as a fraction between 0 and 1. 

 

Figure 5.1 Example of raw microvascular blood flow signals and the selection of 10 minutes segment 

(grey area) from skin resting flux (RF) at the forearm at ambient room temperature and during 

PORH indicating maximal flux (MF) in a) individual without T2DM (DM0), b) individual with T2DM 

(DM1) and c) an individual with calcium channel blocker medication (CB). 

Table 5.2 BF measurements at the forearm skin for DM0 (n=25), DM1 (n=23) and CB (n=12) 

groups. Data are presented as mean ± SD 

 DM0 DM1 CB 

BF at rest RF (PU) 11.5 ± 4.3 14.1 ± 5.2 19.6 ± 10.8* 

Maximal BF MF (PU) 55.0 ± 25.4 62.1 ± 21.0 67.2 ± 33.1 

Dilator capacity MF/RF (fold change) 4.8 ± 1.5 4.6 ± 1.3 3.7 ± 0.9*,+ 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

5.3.3 Nonlinear Analysis 

Here, Lempel and Ziv complexity was chosen as a nonlinear complexity method for evaluating 

the changes of the NAFLD data. The selection of the LZC technique was chosen after testing the 

performance of the LZC on the blood flux signals and comparing them with the other entropy and 
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complexity measures which showed a greater sensitivity of the LZC for detecting changes in the 

microvascular function (supplemental material in Appendix C). The LZC was also calculated for each 

coarse-grained sequence, as a function of the scale factor, τ, and was evaluated in multiple scales. 

From previous work [104, 141], it was shown that the LZC measures can be used to discriminate 

between two haemodynamic steady states (resting and that induced by local thermal hyperaemia) 

and are thus a good candidate for the study presented here.  

5.3.4 Statistical and Classification Analysis 

Statistical analysis was performed using IBM SPSS Statistics 25 (IBM United Kingdom Limited, 

UK). Data were tested for normal distribution using D'Agostino & Pearson omnibus normality test 

and presented as either mean ± SD for normally distributed data or median with interquartile range 

(IQR) for non-normally distributed data. Normally distributed data were compared using a Student 

t-test and non-normally distributed data using a Mann-Whitney test. Spearman’s rho correlations 

are presented for monotonic nonlinear correlation analysis of baseline data.  

Mutual information (MI) was also computed in R statistical programming environment using the 

the Bioconductor package “minet” (Mutual Information NETwork inference, [147]) to measure the 

non-monotonic and nonlinear dependence among data [148]. The p-values for the MI were 

computed following a Monte-Carlo procedure based on 5000 permutations for each pair of 

variables [149]. A high MI between two variables indicates that the one variable is regularly 

associated with the other whereas, a MI of zero, means that the joint distribution between the 

variables holds no more information and the variables are considered independent. Similar to 

chapter 3, due to the small sampling size of the data, the probability of false negatives between the 

groups was minimised by setting the value of significance level, α, to 0.05 and therefore no multiple 

correction testing is applied [118]. Discriminant analysis with leave-one-out cross-validation (LOO) 

[150] was applied on both LZC and MLZC of the BF signals, to determine the classification accuracy 

between groups. 

5.4 Results  

There was a significant difference (P < 0.05) between CVD risk of the CB group and the other 

two groups and between DM0 and DM1, showing an increase in subjects with diabetes and 

hypertension than in DM0 subjects. Hypertension measures as well as the blood pressure measured 

using a standard sphygmomanometer before the test and after acclimatization, shows 

hypertension in all groups but no significant difference between them. Homeostatic model 

assessment of insulin resistance (HOMA-IR) data suggests that most subjects were insulin resistant 
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and subjects in the DM1 group were more insulin resistant than the subjects in DM0 and CB group. 

The features of metabolic syndrome (METS), indicate that most subjects have more than 3 features, 

however, DM1 and CB group had significantly more features of METS than the subjects without 

diabetes.  

5.4.1 Time Domain Analysis 

LDF provides arbitrary perfusion units of microvascular perfusion in the time domain and is 

frequently used with a vasoreactivity test, such as the PORH shown in Figure 5.1, to investigate 

dilator capacity and processes controlling local vascular tone. It is known that the LDF measures the 

concentration and velocity of the moving red blood cells and the penetration depth of the tissue 

depends on the laser power and wavelength which can exhibit significant spatial variation. Here, 

the signal in Figure 5.1a and 5.1b appears to have a lower mean value than that in Figure 5.1c 

derived from the CB group, which shows larger frequency variations. The resting blood flux (RF), 

determined as the mean BF measured before perturbation, and the fold change MF/RF, are shown 

in Table 5.2. The DM0 group was shown to have significantly lower RF than the CB group (p < 0.05), 

although there was no significant difference in resting flux between DM1 and CB. Dilator capacity 

is shown to be significantly reduced in CB group when compared with both DM0 (p = 0.013) and 

DM1 (p = 0.044).  

5.4.2 Frequency Domain Analysis 

All BF signals recorded from the 60 individuals exhibited multiple oscillatory components. In 

Figure 5.2 the PSD of resting BF signals across five bands for each group showed multiple oscillatory 

components. The individual PSD do not show any obvious tendencies in the frequency bands for 

each group. Although, as illustrated in Table 5.3, the average absolute PSD show some differences 

in the power for each band and the distributions. Here, the total absolute power shows a significant 

increase in the group with T2DM compared to the group without T2DM (p = 0.040) and a significant 

greater power in the CB group when compared to the DM0 group (p = 0.010). PSD values in the 

neurogenic (p = 0.034) and respiratory (p = 0.049) bands are significantly attenuated in CB groups 

compared to the DM1. DM0 was significantly attenuated in the LF bands (endothelial (p = 0.049), 

neurogenic (p = 0.002) and myogenic (p = 0.034)), when compared with the DM1 group. Greater 

power is present in the cardiac band for the CB group compared to both DM0 and DM1 (p < 0.05). 

There was no significant difference between the CB and both DM0 and DM1 group in the myogenic 

band. There were found no significant differences between groups with and without T2DM in the 

HF respiratory and cardiac bands.  
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Figure 5.2 Power spectral density for each individual (dotted lines) and for the mean (solid lines) of 

each group DM0 (n=25) in blue, DM1 (n=23) in grey and CB (n=12) in maroon. PSD is plotted in a 

log axis as 10 ∙ log10 PSD over frequency. 

Table 5.3 Absolute PSD contributions of resting BF signal across five frequency bands and total 

absolute power recorded at the skin forearm for DM0 (n=25), DM1 (n=23) and CB (n=12) groups. 

Data are presented as mean ± SD 

 DM0 DM1 CB 

Endothelial 0.73 ± 1.30 1.01 ± 0.96* 0.96 ± 0.90 

Neurogenic 0.92 ± 1.42 1.91 ± 1.53* 0.79 ± 0.80+ 

Myogenic 1.15 ± 2.56 2.13 ± 3.87* 0.62 ± 0.51 

Respiratory 0.26 ± 0.22 0.84 ± 2.17 0.64± 0.42*,+ 

Cardiac 1.04 ± 0.78 2.05 ± 3.23 3.87 ± 2.61*,+ 

Total PSD 4.11 ± 5.70 7.94 ± 10.08* 6.87 ± 3.94* 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

The normalized PSD contribution calculating relative to total spectral power (0 – 1), of the CB 

group in the HF cardiac band, shown in Figure 5.3 and Table 5.4, increased significantly, showing 

values of 0.58 ±0.18 over DM0 with values of 0.25 ± 0.13 and DM1 with values of 0.34 ± 0.14 (p < 

0.05 for both groups). Similarly, in the myogenic band the power of CB group showed a significant 

decrease compared to DM0 (p < 0.05) and DM1 (p < 0.05). Neurogenic power also decreased 
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substantially in the CB group compared with DM0 (p < 0.05) and DM1 (p < 0.05). There was found 

a significant increase in the neurogenic band in the group with T2DM when compared with the 

group without T2DM. The HF cardiac activity was also shown to be significant lower in the DM1 

group when compared with DM0 group. No other differences were found between DM0 and DM1 

group. While, frequency domain analysis may provide more detailed information of the rhythmic 

oscillatory variations within the different groups, although it still does not present a definite and 

reliable tool to discriminate between the groups.  

 

Figure 5.3 PSD contributions of resting BF signal across five frequency bands recorded at the skin 

forearm for DM0 n=25, DM1 n=23 and CB n=12. Data are presentes as median and IQR, *𝑝 < 0.05. 

Table 5.4 Normalized PSD contributions of resting BF signal across five frequency bands recorded 

at the skin forearm for DM0 (n=25), DM1 (n=23) and CB (n=12) groups. Data are presented as 

mean ± SD 

 DM0 DM1 CB 

Endothelial 0.15 ± 0.11 0.16 ± 0.11 0.12 ± 0.07 

Neurogenic 0.22 ± 0.11 0.30 ± 0.12* 0.11 ± 0.07*,+ 

Myogenic 0.20 ± 0.13 0.21 ± 0.10 0.09 ± 0.07*,+ 

Respiratory 0.09 ± 0.06 0.07 ± 0.07 0.10 ± 0.06 

Cardiac 0.34 ± 0.14 0.25 ± 0.13* 0.58 ± 0.18*,+ 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 
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5.4.3 Complexity Analysis 

LZC was estimated for resting BF in all participants and showed relative consistency over the 15 

epochs in all groups. Figure 5.4 shows that the BF signal appeared significantly less complex in the 

CB group than both DM0 and DM1 group. However, there was no difference found in the 

complexity in the absence or presence of T2DM alone. As shown in Table 5.5, the BF LZ-complexity 

index, fell from 0.315  0.006 in the absence of T2DM to 0.305  0.009 with T2DM and 0.270 ± 

0.012 with calcium channel blocker use. 

 

Figure 5.4 LZ complexity along the 15 epochs of resting BF signals of DM0 (n=25), DM1 (n=23) and 

CB (n=12) groups. Data are mean± SEM. 

Table 5.5 LZ complexity for DM0 (n=25), DM1(n=23) and CB (n=12) groups. Data are mean± SEM. 

 DM0 DM1 CB 

LZ complexity 0.315 ± 0.006 0.305 ± 0.009 0.270 ± 0.012*,+ 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

Figure 5.5 shows the MLZC computed for all participants across 24 scales at different dominant 

frequencies of each scale corresponding to BF signal sampling rates of 40 Hz at scale τ = 1 to 1.67 

Hz at scale τ = 24 where the vertical dotted line indicates the scale 12 (3.33 Hz) which is considered 

to be close to the Nyquist frequency of the blood flow signals (𝑓𝑁/2 = 3.2 Hz). Therefore, in order 

to keep the useful information of the signals and provide more meaningful analysis, LZC will be 

estimated up to scale 12.   
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Figure 5.5 Average MLZC at different sampling frequencies corresponding to 24 scales of the resting 

BF signals measures in forearm skin. The vertical dotted line indicates the scale 12 corresponding 

to 3.33 Hz. Data are resented as mean ± SEM for DM0 (n=25), DM1 (n=23) and CB (n=12). 

 

Figure 5.6 LZ complexity across 12 scales of the resting BF signals measures in forearm skin. Data 

are resented as mean ± SEM for DM0 (n=25), DM1 (n=23) and CB (n=12). *𝑝 < 0.05. 
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Table 5.6 MLZC for the 12 scales for DM0 (n=25), DM1 (n=23) and CB (n=12) groups. Data are 

mean± SEM. Highest separability between DM0 - CB and DM1 - CB, is indicated in bold. 

MLZC DM0 DM1 CB 

Scale 1 0.287 ± 0.006 0.277 ± 0.009 0.238 ± 0.011*,+ 

Scale 2 0.423 ± 0.010 0.409 ± 0.017 0.345 ± 0.021*,+ 

Scale 3 0.501 ± 0.015 0.488 ± 0.022 0.405 ± 0.029*,+ 

Scale 4 0.552 ± 0.018 0.540 ± 0.027 0.441 ±  0.033*,+ 

Scale 5 0.582 ± 0.020 0.576 ± 0.029 0.466 ± 0.035*,+ 

Scale 6 0.598 ± 0.021 0.601 ± 0.031 0.486 ± 0.036*,+ 

Scale 7 0.604 ± 0.021 0.614 ± 0.034 0.487 ± 0.039*,+ 

Scale 8 0.613 ± 0.023 0.635 ± 0.034 0.508 ± 0.038*,+ 

Scale 9 0.634 ± 0.022 0.655 ± 0.036 0.511 ± 0.039*,+ 

Scale 10 0.652 ± 0.021 0.678 ± 0.034 0.530 ± 0.038*,+ 

Scale 11 0.661 ± 0.021 0.698 ± 0.035 0.552 ± 0.035*,+ 

Scale 12 0.678 ± 0.021 0.707 ± 0.034 0.559 ± 0.035*,+ 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

In figure 5.6 is shown LZC from scale 1 (40 Hz) to scale 12 (3.33 Hz), where the CB group was 

significantly lower than both DM0 and DM1 at all scales. As shown in Table 5.6, the largest 

difference in the average complexity values of the 12-scale analysis, between the DM0 and CB 

groups was found in scale 9 (4.44 Hz) with values of 0.634 ± 0.022 in DM0 and 0.511 ± 0.039 (p < 

0.05) in CB group. While the greatest separation between the DM1 and CB groups occurs in scale 

12 (3.33 Hz) with values of 0.707 ± 0.034 in DM1 and 0.559 ± 0.035 (p = 0.015) in CB group. The 

lower difference between CB and both DM0 (p < 0.05) and DM1 (p = 0.030) was found at scale one 

which is the traditional single-scale based LZ complexity. There was found no significant difference 

in the complexity between subjects with and without diabetes across the 12 scales. 

5.4.4 Classification Analysis 

The 15 epochs of the LZC and the 12 scales of the MLZC were used as features against which to 

discriminate the different groups. Table 5.7 shows linear discriminant analysis with leave-one-out 

cross-validation applied for the LZC (left table) across 15 features (epochs) and MLZC (right table) 
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across 12 features (scales). The LDA classifier was able to correctly classify 30 out of 37 DM0 and 

CB subjects with the LZC features, giving 81.1% separability, while with MLZC features, the 

classification accuracy between these groups was 89.2% achieving the highest classification 

accuracy between the groups. The 12 features of the MLZC between DM1 and CB group, achieved 

74.3% classification accuracy, whereas the LZC features were able to classify only 25 out of 35 

subjects achieving the lowest separability between groups (71.4%). 

Table 5.7 Confusion matrices and classification accuracy of the LDA classifier for LZC across 15 

epochs and MLZC method across 12 scales for the three test groups. 

5.4.5 Association between Frequency Bands and MLZC 

To understand how the spectral components of the BF signal influence its complexity, the 

correlations between the relative PSD contribution across the frequency bands of the BF signal and 

MLZC was examined, using the Spearman’s rho correlation coefficient and mutual information. 

Figure 5.7a shows that the Spearman’s rho correlation for the DM0 group, in the myogenic activity 

was negatively correlated with MLZC showing a stronger correlation up to scale 10 (4Hz sampling 

rate) and scales 15 (2.67Hz) and 16 (2.5Hz). In the respiratory band there was a positive strong 

correlation at scales 1 (40Hz), 2 (20Hz), 5 (8Hz) and 7 (5.7Hz) and for scale higher than 12 there was 

a positive strong correlation at scales 17 (2.35Hz), 19 (2.1Hz), 20 (2Hz) and 22 (1.82Hz). Power in 

the respiratory band for the DM1 group was strong positively correlated with MLZC up to scale 17 

(2.35Hz), whereas the cardiac activity was strong negatively correlated from scale 10 (4Hz) up to 

scale 22 (1.82Hz). No significant correlation was found for the CB group with power in the frequency 

bands and MLZC.  

LZC  MLZC 

 DM0 CB Classification accuracy (%)   DM0 CB Classification accuracy (%) 

DM0 22 4 
81.1 % 

 DM0 25 4 
89.2 % 

CB 3 8  CB 0 8 

 DM1 CB    DM1 CB  

DM1 18 5 
71.4 % 

 DM1 18 4 
74.3 % 

CB 5 7  CB 5 8 
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Figure 5.7 a) Spearman’s rho correlation and b) mutual information between all frequency bands 

and the LZ complexity across 12 scales for DM0 (n=25), DM1 (n=23) and CB (n=12) groups. The 

vertical dotted line indicates the scale 12 corresponding to 3.33 Hz. *𝑝 < 0.05. 

Although, Spearman’s rho correlation distinguishes between positive and negative correlations, 

the mutual information does not, though it measures the significant dependence between variables, 

by knowing how much information is shared about one variable knowing the state of the other 

variable, and vice versa In Figure 5.7b, MI showed a significantly high association in the respiratory 

band with LZC of the DM0 group at scales 7 (5.71 Hz) and 8 (5 Hz). The myogenic activity was 

associated at scale 3 (13.3 Hz), 16 (2.5 Hz) and 20 (2 Hz) whereas, the endothelial only at scale 10 

(4 Hz). There was also a significant association with neurogenic activity and MLZC at scale 10 (4 Hz). 

There was no mutual information found for DM1 between the frequency bands and MLZC. In the 

CB group, MI showed a high association between the cardiac activity and LZC only at scales 21 (1.91 

Hz) and 22 (1.82 Hz).  
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5.5 Discussion  

5.5.1 Microvascular Function Measures 

The parameters of the microvascular function measured with the vasoreactivity test were 

investigated between the groups studied here, in order to show their efficacy in discriminating 

between the three groups. The results shown here, were able to show significant increase in blood 

flow at rest in the group with the use calcium channel blockers when compared to the DM0 group 

although, they failed in discriminating between people with T2DM and calcium channel blockers. 

The dilator capacity was able to show significant changes between groups, showing a substantial 

decrease in the CB group due to vasodilation with the use of the antihypertensive treatment. This 

is also consistent with studies investigating the risk factors for cardiovascular disease and the 

impact in the microvascular function, suggesting that risk factors yield diminished dilator capacity 

of the blood vessels with presence of CVD [151, 152].  

Even though, the results have shown differences between groups, these parameters alone show 

insufficient information which can be used to discriminate between groups and their significance 

still remains to be explained. Recent studies [9], have shown that common reactive test have shown 

to be reliable test, although they lack of reproducibility and their measures in time domain are still 

not fully elucidated. They also suggest that blood flow signals after being challenged, are complex 

and therefore more complex processing tools can be sufficient in predicting microvascular 

impairment [153]. Frisbee, et al. [120], in a recent study have also reported that markers of the 

microvascular perfusion may not always show useful information in understanding peripheral 

vascular disease risk and thus, more methods that determine the changes in the vasoreactivity 

remain to be established. 

5.5.2 Powers Spectral Density Measures 

As the total blood flow is modulated by local rhythmic oscillatory fluctuations that reflect the 

activity of the local vaso-control mechanisms within the frequency range (0.0095-1.6Hz) [39], 

frequency domain analysis was assessed in order to provide more detailed information about the 

changes in frequency and power of the oscillatory bands within the different groups. The frequency 

domain analysis has also been extensively applied in BF signals using FFT and wavelet analysis [36]. 

Even though wavelet analysis estimates the frequency content of the BF signals and the occurrence 

of changes in time, the outcome of this analysis however is often difficult to interpret and associate 

with microvascular activity [154]. In this study, the frequency domain analysis assessed using the 

Welch’s PSD method to estimate the power in blood flow signals from groups at increase CVD risk. 
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The absolute power in the LDF signal over the frequency range of interest has been calculated to 

find the relative contribution of a frequency band and its impact on the overall flow motion.  

This current study has shown that from the absolute PSD for each frequency band, it can be 

observed that the most significant differences between the group with the use of calcium blockers 

and people with and without diabetes occur in the HF respiratory and cardiac bands, showing a 

substantial increase in the power of the cardiac band in the CB group. Whereas a significant 

difference between DM1 and DM0 occur at LF bands. Examining the absolute total power in the 

group with T2DM and use of calcium channel blocker showed a significant increase when compared 

with the DM0 group. However, there was no difference in the total absolute power between the 

people with T2DM and calcium channel blockers. This increase in power of the BF signals in 

individual with increase CVD risk denotes increase in the signal fluctuation which can be interpreted 

as enhanced physiological activity in these groups. The values of the normalised PSD contributions 

of the five frequency bands, showed an increase in the power of BF signals of the neurogenic band 

and a decrease in the power of the cardiac bands on the T2DM group compared to the DM0 groups. 

It was also shown that with T2DM, the endothelial band contribution increased, although not 

significantly. With calcium channel blocker use, the distribution of the normalised power over the 

five frequency bands changed significantly. There was a significant decrease in the LF neurogenic 

and myogenic bands and a significant increase in the normalised power of the cardiac band when 

compared to both DM0 and DM1 groups. 

A recent study by Hsiu, et al. [17], investigating the LDF signals in the foot and hand between 

diabetic, prediabetic and healthy humans, showed an increased normalised power of the cardiac 

band in the diabetic subjects and a diminished normalised power in the LF bands of the BF signals 

from the foot when compared to healthy subjects. Although, they found no difference in the 

frequency bands of the BF signals from the upper extremity, suggesting that the microvascular 

blood flow at the measurements in the hand may be a less impaired. However, this study is 

contradictory with the study by Tigno, et al. [4] investigating the power spectra energy and 

complexity of BF signals from the forearm of nondiabetic, prediabetic and diabetic monkeys during 

increased local heating. They found a significant increase in the myogenic band and a decline in the 

cardiac band in the T2DM compared to the nondiabetic subjects. Even though this study was 

obtained in monkeys and the corresponding human myogenic band is still uncertain, they suggest 

that the microvascular BF of the diabetic groups is modulated by lower frequency mechanisms. 

Here, most of the power in the LDF signals from the calcium channel blocker treatment group 

lay in the heart beat rather than the LF bands indicating higher pulse wave reflection [155]. 

Whereas, the relative power in the LF bands alone revealed an overall decrease which was 
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prominent in the myogenic band. As it was reported in a recent study on a different set of NAFLD 

volunteers [156], the reduction of the myogenic band in this group is expected due to the use of 

calcium channel blockers. However, Ticcinelli, et al. [157], recently investigated HRV, respiratory 

and LDF signals simultaneously from young, aged and aged treated hypertensive volunteers using 

wavelet power on the BF signals and found an increase in the myogenic activity in the aged treated 

hypertensive group, suggesting the ability of the system to adjust in the face of a pathological 

challenge. They also reported a decrease in the coupling within the myogenic band in the aged 

treated hypertensive group suggesting that antihypertensive treatment do not improve the 

microvascular blood flow. Therefore, more measures need to be recorded simultaneously for 

extracting paraments in time domain that can be used to understand the oscillatory fluctuations of 

the blood flux and their clinical applicability. In this current study, the investigation of the power 

spectral density of the microvascular blood flow reveal more functional information about the 

microvascular blood flow dynamics however, this is still not a definite method to describe the 

oscillatory activity of these signals and is insufficient to reliably distinguish between the groups and 

provide consistent interpretation of microvascular function [40].  

5.5.3 Complexity Measures 

To investigate the nonlinear complex dynamics of the skin blood flow signals from the NAFLD 

individuals, LZ complexity analysis has been found to be a useful tool in estimating the signal 

variability between different groups [141, 156]. Even though, the power spectral density 

contribution of the BF signals can provide useful information about the frequency components 

modulating the total BF, however, they cannot estimate the variability of the fluctuation in the BF 

signals over multiple time scales. Here, the information content was investigated, to assess the 

variability in flow motion activity in vascular beds at risk of CVD in multiple time scales and improve 

discrimination between groups.  

There is no known evidence about the complexity of the blood flow in people with fatty liver 

disease. However, as reported from Farrell, et al. [12], there is a statistically significant reduction of 

the microvascular blood flow in fatty livers when compared with healthy livers. West [29], in a study 

about the fractal physiology that takes into consideration the complexity of the human body, 

suggested that the loss of the complexity can be a characteristic of disease. Another study [4], 

performing LZ complexity on LDF signals from monkeys (non-diabetic, pre-diabetic and diabetic) 

demonstrated a lower complexity on the diabetic monkeys than on the non and pre-diabetic ones. 

Additionally, Frisbee, et al. [120] in a study applied in lean and obese Zucker rats using network 

attractors to indicate the CVD risk, reported a reduction of the arterial bifurcation as the risk for 

vascular dysfunction increases which means that the system is more adaptive in lean rather than 
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the obese rats and that influences the ability to provide a more complex signal in obese rats. In this 

study, was shown that LZC was lower in the group with T2DM than in the group without, although 

this was not significant. However, the group with calcium channel blocker showed a statistically 

significant reduction in complexity when compared with both DM0 and DM1 groups. This reduction 

in the complexity in groups at CVD risk, suggests the loss of the system flexibility and adaptability 

in the face of a pathophysiological condition [156]. 

Previously [128, 141, 156], was found that traditional LZ complexity was unable to account the 

complexity for the high frequency components of the signals showing a low separation between 

groups and therefore the multiscale analysis was applied to overcome this problem. In a previous 

application of MLZC to BF and oxygenation signals recorded in forearm skin clamped at 33C and 

during local thermal hyperaemia at 43C [141], was found that classification accuracy between 

these two haemodynamic states of up to 90% could be achieved. It was also observed that as the 

scales increase and the sampling rate decreases, LZC of the BF signals increases up to a sampling 

rate close to Nyquist frequency (3.2 Hz) and then either increases or becomes constant, suggesting 

that this progression of the complexity in multiple time scale is indicative of the signal stationarity. 

Here, a more progressive increase in the complexity of the DM1 group than the DM0 and CB group 

was observed, until scale 12 at sampling rate 3.3 Hz (Figure 5.5). After this sampling frequency, BF 

signals for all groups are poorly sampled and therefore the periodicity is lost and thus, complexity 

is further increased.  

Many studies have used multiscale analysis to investigate the relation of the temporal structures 

of the signals and for extending the accuracy of the complexity measures [76, 131], whereas others 

have used scaling to explore the dependencies with different oscillatory activities of the signals [123, 

128, 158]. Here, increasing the scales above 24 which is close to the that corresponding to the heart 

rate of the BF time series, is possible that the signal will contains more information. Although, in 

order to reach higher scales, longer recordings are required however, as shown from previous 

studies [123, 141], there is a limit on the number of samples required for sufficient accuracy in the 

estimation of complexity.  

In this study, there were observed different scales at which the maximum separation between 

groups occurred with DM0-CB at scale τ = 9 and DM1-CB at τ = 12 whereas, the weakest separation 

appeared at scale 1 which is the scale studied by the traditional LZC. This is in accordance with a 

recent study by Ibanez-Molina, et al. [158], using multiscale LZC on EEG from healthy people at eyes 

closed and open, showing that traditional LZC was not able to differentiate between these two 

groups. They reported that LZC was able to appear differences in their variations of the frequency 

oscillations between these conditions only in multiple time scales of the signals.  



Complexity of Flow Motion 

96 

Linear discriminant analysis classifiers are good for dimensionality reduction, they are easy in 

terms of implementation and can be very quickly trained. The LDA technique has been broadly used 

from face and optical character recognition [159-162] to clinical applications [128, 131, 134] and 

therefore has been a very promising tool for discriminating different pathophysiological groups. 

Here, the LDA classifier was examined in order to separate the groups DM0- CB and DM1-CB based 

on the complexity analysis in 15 epochs and the multiscale complexity in 12 scales. Overall, the LDA 

using the 12 features of the multiscale complexity exhibits better performance however, that was 

significantly better for the groups DM0 and CB with a classification accuracy 89.2%. In this current 

study, by increasing the number of the DM1 and CB groups, a better separability between these 

groups was achieved using the 12 features of MLZC (74.3%), than using the 24 features as reported 

in a previous similar study (68%) [156]. From this test was shown that the characteristics of the 

multiscale analysis can be used in classification algorithms to separate between different data sets. 

5.5.4 Association between Multi-Study Analysis 

Microvascular blood flow signals are modulated by five frequency bands which appear to vary 

with increase CVD risk. From the literature, it is known that heart rate variability contribute to 

complexity of the BF signal [163] and cardiac rhythm is modulated by respiratory oscillation [164]. 

The coupling of the two HF components offers a possible partial explanation as how the MLZC for 

each group is associated with the HF bands and why LZC progressively increases with scale. Previous 

studies [76], reported that the irregularity is lower as the respiratory modulation of the heart rate 

is higher in amplitude indicating the high association of complexity with the frequency bands. 

Therefore, at larger time scales where the sampling frequency decreases and lower frequencies are 

associated with the variability of the microvascular perfusion, the times series are likely to be more 

complex than the time series at shorter time scales. Here, respiratory and cardiac activity of DM1 

group showed strong but opposite correlation at higher time scales. The contribution of the cardiac 

modulated by respiratory activity seems to determine the cause of why LZC increases with time 

scales. The strong negative correlation of cardiac activity with LZC at higher scales result to higher 

complexity in DM1 group compared to CB group which is highly significant in larger time scales.  

Here, the respiratory activity for the DM0 group shown a high positive correlation in many scales 

and myogenic activity showed to be negatively correlated with LZC over multiple time scale for the 

DM0 group, which is consistent with its low periodicity in multiple time scales. Furthermore, there 

was no significant association with frequency bands and MLZC in CB group. This absence of 

significant associations in CB group may be a useful indicator of a diminished flow motion variability 

at increased CVD risk, although, the reasons behind it remain to be fully elucidated. In a previous 

similar study [156], the association between the frequency bands and the complexity was evaluated 
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in the entire dataset of participants with NAFLD, showing higher but opposite association between 

the HF bands and complexity at shorter time scales although, no significant correlation was found 

with LF components and complexity until the longest scales.  

Even though, both Spearman’s rho and MI measure the nonlinear association between groups, 

the results of these metrics did not always show similar association between the spectral power 

across the frequency bands and MLZC. After testing the data for normality, it was shown that the 

datasets are not normally distributed and therefore both Spearman’s and MI were used as a metric 

of the nonlinear correlation between the variables, however MI revealed a relationship between 

variables to a degree of independence. Here, MI showed that the respiratory was highly associated 

with the complexity of the DM0. The myogenic band was closely related to the complexity for the 

DM0 group particularly at higher scales. Furthermore, CB group showed a strong association 

between the HF cardiac band and LZC in higher scales, which may be related with its periodic nature. 

Although, there was no other significant association between frequency bands an MLZC was 

diminished for both DM1 and CB groups. As mentioned before this may an indicator of 

microvascular dysfunction in these groups.  

Many researches have used the mutual information to estimate the association between or pair 

of variables in terms of the information of the joint distribution of expression values that variables 

hold [148, 149, 165-167]. Recently Zhuang, et al. [168], used the mutual information to compare 

the information content between the variables of the kinematics from two monkeys and their 

frequency bands, showing a high performance of connectivity in the higher frequency bands using 

this metric. Other studies [169], also suggest that the mutual information can be an effective tool 

for selecting the most characterizing feature of continuous and discrete datasets in order to reduce 

the classification error between clusters of classifiers such as linear discriminant analysis and 

support vector machine. In this study, the MI was applied in the NAFLD datasets to show the 

nonlinear dependencies between MLZC and frequency bands, although further work will need to 

be done in future studies in order to use this technique as a potential tool for feature selection in 

machine learning that can classify between different groups. 

5.6 Limitations 

The current work reveals novel understanding of the relationship between time, frequency, and 

complexity analysis of time series derived from the microvasculature in the presence of increasing 

CVD risk although, there are also a number of limitations associated with this study. The calcium 

channel blocker group contained people with and without T2DM and was of small size, n = 12. The 

group with T2DM were being treated which will have impacted upon the recorded BF 
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measurements. Though, it was shown that differences could be detected between these groups 

through a systematic analysis of the recorded time series. It has been previously reported that WT 

analysis may provide more useful information of the LF components and their variation over time 

[36]. The FFT, unlike the WT, cannot easily be time-localized so it was unable to explore this here. 

It is reasonable to assume from the data presented here that the range and limits of the frequency 

bands will differ between individuals and pathophysiological conditions.  

5.7 Conclusions 

In this multi-study analysis of time, frequency, complexity-based and multiscale-based methods, 

it was investigated whether these methods could be used to analyze skin BF measurements to 

discriminate between different groups of individuals at increased risk of CVD. The combination of 

time, frequency and complexity analysis yields deeper understanding of the loss of system flexibility 

which may prevent the microvascular networks from adapting to an imposed stressor and some of 

the parameters that influence this. Examining the information content of the BF signal revealed a 

clear and significant difference in LZ complexity between the groups with and without calcium 

channel blockers and that this becomes more pronounced at certain time scales. Use of calcium 

channel blockers for the treatment of hypertension, showed a substantial decrease in the dilator 

capacity of the blood vessels and a diminished LF activity estimated using the power spectral 

density, whereas, the HF cardiac activity showed a significant increase. Moreover, by examining the 

association of the individual spectral bands with the different time scales in MSLZ, the findings 

provide strong evidence that particularly in the nondiabetic group, the influence of these 

modulators on information content in the BF signal is strongly associated with the time scale, 

although this connectivity was not always visible with increased CVD risk. The results further show 

that multiscale analysis has strong potential for discriminating between these different groups. 

These findings suggest that the significant attenuation of the network’s flexibility and adaptability 

with increasing CVD risk make these methods a promising approach for further analysis of 

microvascular function. Nonlinear measures offer promise in discriminating more effectively 

between these different mechanistic influences on network functionality and flexibility and now 

need to be extended to cohorts under further pathological conditions.
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Chapter 6: Attractor Reconstruction Analysis for Blood 

Flow Signals 

In this chapter, a mathematical approach is employed to reconstruct the microvascular blood 

flow (BF) signals as a form of an attractor. Attractor reconstruction analysis has been previously 

used to determine changes in the shape and variability of quasi periodic signals, such as arterial 

blood pressure and electroencephalogram signals, achieving a two-dimensional attractor and 

providing features such as density and symmetry. LD BF signals are quasi periodic and quasi-

stationary so, the attractor reconstruction method was investigated to test whether this method 

could be applied in signals derived from the microvascular perfusion. The basis and the 

implementation of attractor reconstruction analysis of the microvascular blood flux signals is first 

described. The efficacy of the attractor reconstruction method as a potential method of identifying 

changes in the microvascular function is then evaluated in the groups of people considered 

previously in this thesis, in order to characterise the changes of a range of blood flow dynamics. 

Finally, a discussion of the strengths and limitations of this method is presented. 

6.1 Introduction to the attractor reconstruction 

Microvascular blood flux signals have been quantified using both linear and nonlinear 

approaches. Previously, the time-dependent behaviour of microvascular blood flux [156] and tissue 

oxygenation [40, 141], was investigated using time series, power spectral density and complexity 

showing differences in both frequency composition and information content of the signals between 

various groups (as mentioned above). As mentioned in the previous chapters, time and frequency 

analysis have provided only limited interpretation of the microvascular function. It is known that 

the existence of nonlinearity in microvascular systems contain complex irregularities in the signals 

that can be more rigorously quantified using complexity analysis [45]. Previous studies [170, 171] 

have shown that “complex systems are neither completely regular nor completely random” and 

only few complexity measures can obtain valid values for both random and regular systems. A 

formal way of characterising the nature of a biological time series is by reconstructing the signals 

forming an attractor and studying the dynamics of the corresponding phase space trajectories so 

that the changes of the signals can be a related to the changes in the reconstructed attractor [31, 

33, 172]. 

Attractor reconstruction was first introduced by Takens [173] establishing the delay embedding 

theorem also known as Taken’s theorem, and later developed by Sauer, et al. [34] putting this 
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method on a mathematical basis. They showed that providing any time delay 𝜏 and a dimension 

𝑑 ≥ 2, then almost all delayed reconstruction states will be preserved from the original time series. 

Casdagli, et al. [174], also reported that the past and future characteristics of the time series hold 

information about the values that can be used to determine the time series in present time. 

Attractor reconstruction has been previously applied to various physiological data including blood 

pressure [172, 175, 176], plethysmographic [177], electroencephalographic (EEG) [178] and blood 

flow signals [44, 179-181]. The main reason of this progress is that the “strange” attractors 

reconstructed from the times series, using a suitable time delay and embedding dimension, contain 

properties that can be used to define the dynamics of the system and provide a visual 

representation of the system’s stability [33]. 

The properties of the reconstructed attractor have been broadly quantified using nonlinear 

approaches, such as the Lyapunov exponent and correlation dimension [38, 44, 124, 163, 178, 179, 

182-186]. These approaches examine how phase space trajectories changes into chaotic or stable 

systems over time and measure the shape of the attractor in phase space, respectively. However, 

these methods do not provide a visual representation of the time series shape and variability, are 

noise sensitive and usually are very much dependent on the parameters chosen for accurate 

estimation [31, 33, 187]. Recently, a new approach was introduced by Aston, et al. [172], attractor 

reconstruction (AR) method, which quantifies the changes in the morphology and variability of a 

quasi-periodic signal without affecting the signal information providing a two-dimensional colour 

scaled representation of the signal producing features like density and symmetry. These authors 

have applied AR analysis to arterial blood pressure (ABP) [172, 175, 188, 189], photoplethysmogram 

(PPG) [189] and electrocardiogram (ECG) signals [190], captured from animals and humans in a 

range of conditions and have shown to identify changes in the shape and variability of the 

cardiovascular waveform. 

The main aim of this chapter is to test the hypothesis that the attractor reconstruction method 

can be used in the characterisation of the flexibility of the microvascular network. The changes of 

the microcirculatory dynamics using AR method are explored, to understand the applicability of this 

mathematical approach and its efficacy in discriminating between different groups.  

6.2 Methodology 

6.2.1 Conventional Methods for Attractor Reconstruction and Quantification  

6.2.1.1 Phase space reconstruction 
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The space phase construction of a nonlinear signal has been previously applied to describe the 

multidimensional dynamics contained within that system [31, 33, 187]. The mathematical 

technique for the construction of an attractor relies on delayed space embedding and the basis is 

the delayed embedding theorem by Takens [173]. The phase space of a time series with 𝑁 data, 

𝑥𝑛 , 𝑛 = 1, 2, … 𝑁, is constructed in m-dimensions with 𝜏 time delay, as follows [31, 33]: 

𝑦𝑖 = 𝑥𝑖 , 𝑥𝑖+𝜏 , … , 𝑥𝑖+(𝑚−2)𝜏 , 𝑥𝑖+(𝑚−1)𝜏 , where 𝑖 = 1, 2, … , 𝑀 and 𝛭 = 𝑁 − (𝑚 − 1)𝜏               (6.1)       

with 𝑀 being less than 𝑁 but covers the same properties of the original time series.  

The appropriate choice of the parameters for the attractor reconstruction have concerned many 

studies over the last few decades. According to Takens [173], in theory the time delay, 𝜏 , is 

irrational, however, in reality it can be ideally estimated. Sauer, et al. [34] in a paper entitled 

“Embedology”, suggested that time delay should be lower than the period of the signal, so that 

values of 𝜏 that are contained within one period will be correlated. A good choice for the estimation 

of the time delay is either the autocorrelation function (ACF) or the average mutual information 

function (AMIF). Both these approaches estimate the relationship of a time series with its delayed 

version. The important difference between these approaches is that ACF measure the linear 

correlation however, AMIF estimate the information loss of the delayed time series knowing the 

original one which indicates that AMIF is a nonlinear function. Both these functions have their 

maximum values when time delay is zero however, for ACF the delay, 𝜏, is estimated when the 

correlation with its neighbouring values falls to zero and for AMIF the ideal 𝜏 is evaluated when the 

information between present and future values reaches its first relative minimum. An alternative 

technique for estimating time delay,  𝜏  as well as embedding dimension,  𝑚 , introduced by 

Rosenstein, et al. [191], is by calculating the average displacement between data points of the 

attractor of the system using the following formula: 𝑆𝑚(𝜏) =
1

𝑀
∑ √∑ (𝑥𝑖+𝑗∙𝜏 − 𝑥𝑖)2𝑚−1

𝑗=0
𝑀
𝑖=1 , where 

𝑥𝑖 is the data set and 𝛭 = 𝑁 − (𝑚 − 1)𝜏. The average displacement, 𝑆𝑚(𝜏), of the points of the 

attractor is plotted against the time delay and τ is observed when at the first decrease of less than 

40% of its initial point occurs before it reaches a plateau. Although, as stated by the authors, the 

selection of the time delay can be often arbitrary as there may be unknown error such that the 

effect of noise in the system influences estimation of the correct optimal time delay. 

The embedded parameters for a time series reconstruction have been also widely investigated 

[173, 192, 193]. Takens [173], from the embedding theorem, suggested that assuming an attractor 

with fractal dimensions 𝐷, then the embedding dimension for attractor reconstruction should be 

𝑚 ≥ 2𝐷 + 1. Although, this theorem suggests that 𝜏 is arbitrarily chosen and in order to define 𝑚, 

one has to already know the attractor dimension 𝐷, which is not always the case. A well-known 
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approach investigating the proper time delay and embedding dimension for attractor 

reconstruction presented by Liebert, et al. [193], suggests that the points of a time series between 

present and delayed neighbours, when the embedding dimension is increased may become more 

distant points. This is method has been extensively used previously [193-197], and is known as the 

false nearest neighbour (FNN) and that is because the neighbours that remain near within sufficient 

embedding dimensions, 𝑚, are true and therefore 𝑚 is chosen when the average number of FNN 

is minimized. Another technique for estimating the embedding dimension, proposed by Jackson 

[198], is singular-value decomposition (SVD) which is an optimal algebraic transformation that 

decomposes the matrix into its constituent matrices. SVD has been previously [199, 200] used to 

isolate the signals contained in the delayed signal and estimate the dimensional values.  

The attractor reconstruction has been previously applied to chaotic systems, such as Lorenz 

attractors and logistic maps [192, 201-203], and has been shown to identify the structure of the 

trajectory when plotted in the phase space. When a reconstructed attractor is created using the 

optimal embedding parameters the characteristics in phase space are quantified using 

mathematical approaches, such as largest Lyapunov exponent, correlation dimension or entropy 

[177-179, 184] considered next. 

6.2.1.2 Largest Lyapunov Exponent 

The changes of the phase space trajectories can be used to interpret the changes of the time 

series [33]. A widely used approach to quantify these changes is the Lyapunov exponent (𝝀) which 

is used to determine the average divergence of the nearest neighbours in phase space trajectories 

starting from their initial positions [187, 204, 205]. Mathematically, after reconstructing the phase 

space,  𝑦𝑖  of 𝑖 = 1,2, … , 𝑀  points where, 𝛭 = 𝑁 − (𝑚 − 1)𝜏 ,  from the time series 𝑥𝑛 , 𝑛 =

1,2, … 𝑁  in an m -dimensions with 𝜏  time delay, define the initial distance from 𝑦𝑖 and its 𝑗𝑡ℎ  

nearest neighbour 𝑦𝑗 , 𝑑𝑖𝑠𝑡𝑗(0)=𝑚𝑖𝑛
𝑦𝑗

‖𝑦𝑖 − 𝑦𝑗‖, where, ‖… ‖ denotes the Euclidean distance and 

|i − j| >  mean period of the time series. Then the distance between 𝑦𝑖  and 𝑦𝑗  with 𝑘 -steps is 

𝑑𝑖𝑠𝑡𝑗(𝑖) = ‖𝑦𝑖+𝑘 − 𝑦𝑗+𝑘‖. Τhe Lyapunov exponent can be then determined as [33, 204, 205]:  

𝜆(𝑖) =
1

𝑘 ∙ 𝛥𝑡

1

(𝑀 − 𝑘)
∑ 𝑙𝑛

𝑑𝑖𝑠𝑡𝑗(𝑖)

𝑑𝑖𝑠𝑡𝑗(0)

𝑀−𝑘

𝑗=1

 ,                                                   (6.2) 

 and 𝑑𝑖𝑠𝑡𝑗(𝑖) is then approximately related with 𝜆 as, 𝑑𝑖𝑠𝑡𝑗(𝑖) = 𝐶𝑗𝑒𝜆(𝑘∙𝛥𝑡), where Cj is the initial 

separation and Δt  is the sampling period of the signal. The largest Lyapunov exponent is then 

calculated using the least-square fit of the mean ln distj(i) over all j as 𝜆(𝑖) =
1

𝛥𝑡
〈𝑙𝑛 𝑑𝑖𝑠𝑡𝑗(𝑖)〉, by 

estimating the slope of the linear parts. 
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The nature of the system can then be interpreted from the linear plot of the natural logarithm 

of the divergence over the data points of the system. A positive value of 𝜆  indicates that the 

trajectories in phase space diverge and therefore the system is more likely to be chaotic. On the 

contrary, an exponential convergence in the system and therefore a negative 𝜆 indicates that the 

system is more stable. If the plot does not show any linear parts, then the system may be dominated 

by noise and its determination inaccurate. 

 

 

Figure 6.1 An estimation of the Lyapunov exponent based on the linear fit for a) a logistic map and 

b) a baseline blood flow signal at room temperature. The slope for the logistic map shows a 

divergence whereas the slope for the blood flow signal shows a convergence. 

An interpretive example of the estimation of the Lyapunov exponent based on the slope of the 

natural logarithm of the divergence for a n = 100 data point logistic map xn = rxn(1 − xn) with 

growth parameter r = 4 is shown in Figure 6.1a and the convergence for a 40-second blood flow 

signal at room temperature (n = 1600 data point) is shown in Figure 6.1b. As expected, the logistic 

map appeared to show an exponential divergence indicating the system to be more chaotic, 

whereas for the blood flow signal there was an exponential convergence indicating more regularity 

in the system. However, the range of the linear fit is arbitrarily chosen and from Figure 1a one can 
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see that the range of the linear fit is not very close to the data points and therefore a shorter range 

should be chosen to accurately determine the nature of the system.  

Although, according to the literature [31, 33], a large range makes it difficult to determine 

accurately the Lyapunov exponent and small range shows a great similarity with their neighbour 

points before diverging, indicating a major limitation of this technique. 

6.2.1.3 Correlation Dimension 

Previously, the Lyapunov exponent has been described as an approach to quantify the similar 

changes in the trajectories of nonlinear systems. Here, a different approach, introduced by 

Grassberger and Procaccia [201], which characterises the shape of the phase space attractors, is 

discussed. Before measuring the correlation dimension, it is first necessary to calculate the 

correlation integral [31, 33, 201].The correlation integral measures the number of points that are 

correlated within a radius 𝑟 around the points of the reconstructed attractor 𝑦𝑖 of 𝑖 = 1,2, … , 𝑀 

points, from the time series 𝑥𝑛 , 𝑛 = 1,2, … 𝑁 in an 𝑚-dimension with time delay 𝜏, and is defined 

as follows [201]: 

𝐶(𝑟, 𝑚) =
1

𝑀(𝑀 − 1)
∑ ∑ 𝛩(𝑟 − ‖𝑥𝑖 − 𝑥𝑗‖)

𝑀

𝑗=𝑖+1

,

𝑀

𝑖=1

       𝑀 = 𝑁 − (𝑚 − 1)𝜏              (6.3) 

where, 𝛩 is a unit step discontinuous function whose values are zero for negative arguments 

and 1 for positive, 𝑥 > 0 . The distance ‖𝑥𝑖 − 𝑥𝑗‖ denotes the Euclidean distance between the 

neighbour points.  

Grassberger and Procaccia [201] showed that the correlation dimension can be defined from 

the slope of the natural logarithm of the correlation integral, 𝐶(𝑟, 𝑚), against the natural logarithm 

of the radius, 𝑟, as: 

𝐷𝑐 = 𝑙𝑖𝑚
𝑟→∞

𝑙𝑖𝑚
𝑀→∞

𝑑 𝑙𝑛 𝐶(𝑟, 𝑚)

𝑑 𝑙𝑛 𝑟
 .                                                              (6.4) 

The correlation dimension estimates the dimensionality of the reconstructed attractor 

investigating the self-similar properties of the system indicating that an attractor is chaotic when 

its fractal structure remains unchanged in multiple length scales.  

6.2.2 Surrogate Data Analysis Test for Nonlinearity  

In chapters 4 and 5, it has been mentioned that complex signals are not always the product of 

nonlinear systems, although if a signal appeared to be complicated then there is a good chance that 

it comes from a nonlinear system. Therefore, before applying any analysis on the data, it is 
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necessary to test them for nonlinearity. A simple though robust method introduced by Theiler, et 

al. [206], to check the nonlinearity of a time series is the surrogate data analysis. In this method the 

surrogate data are produced by randomising the phase of the original data, creating new data with 

the same means, variance, ACF and spectral power as the original, although the phase relations are 

different. The surrogate data are then compared with the original. If  the original signal shows 

different results from the surrogate one, it contains nonlinearity, otherwise the original signal is 

linear [206, 207]. 

The procedure to produce the surrogate representation of a signal is described below as follows: 

• The time series 𝑥(𝑡)  is first, transformed into the frequency domain using the Fourier 

transform, achieving a value of 𝐹(𝑓) = ℱ{𝑥(𝑡)} = ∫ 𝑥(𝑡) ∙ 𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡
∞

−∞
.  

• At this point the magnitude 𝐴(𝑓) = ‖𝐹(𝑥)‖ and the phase 𝜃 of the signal still remains the 

same. Then, all the information of the phase for frequencies higher than the half of 

sampling frequency, is removed and the values of the low-frequency phase are used in 

random order to generate a new phase 𝜃′(𝑓).  

• Next, a new Fourier transform 𝐹′(𝑓) is constructed by multiplying the magnitude with the 

Euler’s complex for the new phase,  𝐹′(𝑓) = 𝐴(𝑓) ∙ 𝑒−𝑖|𝜃(𝑓)+𝜃′(𝑓)|. 

• The surrogate signal 𝑦(𝑡) is achieved by taking the inverse Fourier transform (ℱ−1 ) of 

𝐹′(𝑓) such as, 𝑦(𝑡) = ℱ−1{𝐹′(𝑓) ∙ 𝑒𝑖𝜃′(𝑓)}. 

The surrogate data analysis investigates whether the physiological data contain nonlinear 

features by comparing the nonlinear properties between the original blood flow signals and their 

surrogates. If a significant difference is observed in the index of the complexity measures, that will 

indicate that the blood flow signals are significantly different from being completely random data 

[208]. 

6.2.3 Symmetric Projection Attractor Reconstruction (SPAR) Analysis  

The embedding theorem for the attractor reconstruction of continuous time series, has been 

widely applied to many types of physiological data such as heart rate [38], plethysmography [177], 

EEG [178] and blood flow signals [44, 179]. Even though this theory provides a visual representation 

of the multidimensional dynamics of a time series, a two-dimensional attractor has been used 

extensively to characterize the dynamic changes of biomedical signals [172, 175, 188, 189]. 

Attractor reconstruction (AR) analysis was first introduced by Aston, et al. [188], to determine the 

changes in the variability of heart rate in arterial blood pressure and ECG signals. The main aim of 
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this analysis is to perform and assess the variability of a quasi-periodic signal as a form of an 

attractor. The steps of the AR analysis are summarized below. 

6.2.3.1 Attractor Reconstruction and Baseline Variation Removal 

First, the signals are reconstructed using the embedding theorem [173] in three-dimensional 

space. With the time delay, 𝜏, and embedding dimension 𝑚 = 3, if the time series is 𝑥(𝑡) of a 40-

second blood flow signal, as shown in Figure 6.2a, the two additional variables will be:  

𝑦(𝑡) = 𝑥(𝑡 − 𝜏) and 𝑧(𝑡) = 𝑥(𝑡 − 2𝜏).                                                  (6.5) 

As illustrated in Figure 6.2b and 6.2c, the reconstructed phase space of the signal can be now 

plotted in the (𝑥, 𝑦, 𝑧) axis. Note that the past, present and future points in phase space correspond 

to the delayed time series. 

Laser Doppler flowmetry data measures define the variation in blood flow in the body which 

occurs per unit time. As mentioned in Chapter 2, LDF signals consist of rhythmic oscillations which 

contribute to the total blood flow motion. In long recordings these oscillations are indistinguishable 

and the only information that is clearly seen is an often aperiodic signal which is drifting after few 

cycles due to variation in temperature. This indicates that blood flow signals fluctuate overtime and 

therefore are non-stationary. The removal of the baseline drift or variation has been prominent in 

many studies especially on ECG and PPG measurements [209-211]. 

A different technique for the removal of the baseline variation of the time series has been 

previously suggested [172], which projects the attractor in two-dimensional phase space, referred  

as phase plane perpendicular to the vector (1, 1, 1), indicating that (𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)) → (𝑥(𝑡) +

𝑐, 𝑦(𝑡) + 𝑐, 𝑧(𝑡) + 𝑐) = (𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)) + 𝑐(1,1,1) for some 𝑐 𝜖 ℛ. In this way the reconstructed 

attractor is shifted by eliminating the vertical wander as well as the maxima and minima of the 

magnitude of the time series. The line with the direction of the vector (1, 1, 1), which passes 

through the original attractor is referred as the central axis. From the central axis a unit vector is 

defined as, 𝑣1 = (1, 1, 1)𝑇 √3⁄  and the remaining two vectors are formed orthogonally from  𝑣1 

and defined as, 𝑣2 = (1, 1, −2)𝑇 √6⁄  and 𝑣3 = (1, −1, 0)𝑇 √2⁄ , where 𝑇  is denoted as the 

transpose of the matrix. Then, defining the matrix 𝑋 as X = (x, y, z)T and a matrix 𝑀 = (𝑣1, 𝑣2, 𝑣3), 

then a new matrix is formed as U = MT X, where 𝑈 = (𝑢, 𝑣, 𝑤)𝑇  and therefore the three new 

variables 𝑢, 𝑣 and 𝑤 will be:  

𝑢 = 𝑣1
𝑇  𝑋 =

1

√3
(𝑥 + 𝑦 + 𝑧) , 𝑣 = 𝑣2

𝑇  𝑋 =
1

√6
(𝑥 + 𝑦 − 2𝑧) and 𝑤 = 𝑣3

𝑇  𝑋 =
1

√2
 (𝑥 − 𝑦).          (6.6) 
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The 𝑢, 𝑣 and 𝑤 trajectories derived from a 40-second blood flow signal can be seen in Figure 

6.2d. It can be observed that the u variable illustrates the low-frequency variation of the signal, 

whereas the v and w variables are more stable than the original blood flow signal. 

The name of this analysis has changed from the authors to Symmetric Projection Attractor 

Reconstruction (SPAR) analysis (M. Nandi, personal communication). Here, this term will be used 

as it reflects to the perpendicular projection of the reconstruction attractor described above. 

6.2.3.2 Time Delay Selection 

A simple way for estimating the periodicity of a time series is by using the Fourier transform and 

finding the more dominant frequencies. Although, the peaks in the frequencies from physiological 

signals often can be very wide and that makes it difficult to identify the exact largest frequency (~0.6-

1.6Hz) [212]. 

As mentioned above, a well-known approach for the estimation of the time delay is either the ACF 

or the AMIF, that were defined before. Here ACF for a time series 𝑥𝑛 , 𝑛 = 1,2, … 𝑁, with x̅ being the 

mean of the time series, then the time delay,  𝜏 , will be defined as: 𝐴𝐶𝐹(𝜏) =
1

𝑁
∑ (𝑥𝑛 −𝑁−𝜏

𝑛=1

 𝑥̅) (𝑥𝑛+𝜏 −  𝑥̅) . And the AMIF with probabilities 𝑝(𝑥𝑛)  can be expressed as: 𝐴𝑀𝐼𝐹(𝜏) =

∑ ∑ 𝑝(𝑥𝑛 , 𝑥𝑛+𝜏) 𝑙𝑜𝑔2(
𝑝(𝑥𝑛,𝑥𝑛+𝜏)

𝑝(𝑥𝑛)∙𝑝(𝑥𝑛+𝜏)
)𝑥𝑛+𝜏𝜖𝑋𝑥𝑛𝜖𝑋 . ACF describes the correlation of signal with its 

delayed self, whereas AMIF describes the information of the neighbouring values within the signal. 

In this study, AMIF is used where the first local minimum of the function is considered to be the 

average time delay, 𝜏, and the highest local maximum is the average period, 𝑇, of the signal. 

From previous studies [172], it has been shown that for any periodic signal, in order to achieve 

an attractor as stable as possible, the ideal time delay will be either 𝜏 = 𝑇 3⁄  or 𝜏 = 2 𝑇 3⁄ . Blood 

flow signals consist of multiple frequency components (0.0095~1.6Hz) [36, 39], therefore, if the 

blood flow signal is dominated by the high frequency heart rate component (~0.6-1.6Hz), then 

assumingly that one cycle length oscillates around 1 second, the time delay will be 𝜏 = 1 3⁄ ~0.33 

seconds. The two-dimensional plane (𝑣, 𝑤) in Figure 6.2f will be defined as periodic, with period T 

when a symmetric equilateral triangular shape is observed. 
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Figure 6.2. a) A 40-second skin blood flow signal from a healthy volunteer at baseline. b) The 

three-dimensional reconstructed attractor for the first 20-second of the BF signal to show the past, 

present and future points of the signal. c) The three-dimensional reconstructed attractor for 40-

seconds of the BF signal. d) The 𝑢, 𝑣 and 𝑤 variables derived from the three-dimensional attractor 

shown in Figure 2c projected perpendicular to the vector (1, 1, 1) . e) The projection of the 

reconstructed attractor plotted on (𝑢, 𝑣, 𝑤)  variables. f) The attractor shown in Figure 6.2e 

projected onto the (𝑣, 𝑤) plane. g) The density produced from the attractor in Figure 2f. h) 3-D 

representation of density and the (𝑣, 𝑤) plane and the selection of maximal density. 
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6.2.3.3 Density generation and attractor measures 

To better understand the morphology of the attractor referring to the shape and variability of 

the time series, the density, 𝐷(𝜏) is generated providing information based on the thickness or 

thinness of the attractor indicating the most frequent or infrequent overlap of the region. The 

density, 𝐷(𝜏), is obtained from the square grid of boxes in the plane (𝑣, 𝑤) as shown in Figure 2g, 

with time delay, 𝜏 . Then the data are rotated in 2π 3⁄  and 4π 3⁄  to achieve 𝐷2(𝜏)  and D3(τ) , 

respectively. The average density function will then be: 𝐷𝑠(𝜏) =  (𝐷(𝜏) + 𝐷2(𝜏) + 𝐷3(𝜏)) 3⁄ . Here, 

it is also noted that 𝐷𝑠(𝜏)  consists of the average of the three sides of the density 𝐷(𝜏)  and 

therefore, if the attractor is symmetric then, 𝐷𝑠(𝜏) = 𝐷(𝜏). 

The density was calculated using a probability density estimate dependent on a normal kernel 

smoothing function [213]. The function of the kernel density estimation is expressed as: 𝑓(𝑥) =

1

𝑛ℎ
∑ 𝛫 (

𝑥−𝑋𝑖

ℎ
)𝑛

𝑖=1 , where 𝑛 is the number of data points of time series 𝑥 , 𝑋𝑖  is a matrix of equal 

spaced points, 𝛫 is the kernel smoothing function and ℎ is the bandwidth of the kernel smoothing 

window optimised using the least-square cross validation approach with Gaussian kernels explained 

in [213]. Then, the density was generated on square grid of boxes and the volume of the density is 

normalised to one. An illustrative example of the density generated from the attractor in the (𝑣, 𝑤) 

plane from a sine wave signal,  𝑥(𝑡) = 1 + (1 2⁄ ) ∗ (1 + 𝑠𝑖𝑛(2𝜋𝑡)) , with 𝜏 = 0.3𝑠 , is shown in 

Figure 6.3. Note that the sine wave shape of the signal, here, corresponds to the counterintuitive 

circular shape of the attractor. Here, the maximum density, D(τ), will be considered as an attractor 

measure (Figure 6.2h). 

               

Figure 6.3  a) Sine wave signal and the corresponding density of the attractor in the (𝑣, 𝑤) plane. 

The morphology of the signal may change over time corresponding to variations of the shape 

and symmetry of the attractor and thus, it is essential to obtain a measure of quality and reliability 

of the attractor [172]. First, the radius of the circular orbit centred at (0, 0) is calculated using the 

formula 𝑟 =
√3ℎ

2√2
, where here ℎ denotes the amplitude of the signal (Figure 4). The polar angles,  𝜃 

of the attractor over a radius are also calculated so the 𝑠𝑒𝑐 𝜃 will be the division of the bottom side 

of the equilateral triangle from the centre over the adjoining side and will be defined as the mean 

of these angles. Then, the mean difference between these angles is defined as angular spread, 𝜃𝑠 =
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[𝜃2 − 𝜃1,  𝜃3 − 𝜃2]̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ where a value close to 0 indicate that the attractor is close to being symmetric. 

As shown previously in [189], in a study in ABP and PPG signals, the values of 𝜃𝑠  greater than 

0.425rad ≈ 24.4°, indicate an unreliable attractor. In blood flow signals, the angular spread did not 

reach the limit of that suggested in the literature, as the BF signals differ from ABP or PPG signals 

thus, the values for the estimation of the angular spread, to define a reliable attractor were chosen 

when 𝜃𝑠 values were close to 0. 

Additionally, the angle of rotation, 𝜃𝑟, is defined to capture the fluctuating motion of the signal 

which corresponds to a clockwise rotation of the equilateral triangle in the (𝑣, 𝑤) plane as indicated 

in Figure 6.4. As suggested in [172], applying the equation (6.6) in a signal 𝑥(𝑡), then, the edge of 

the triangle in the (𝑣, 𝑤)  plane, for 𝜏 = 1 3⁄ , is 𝑤 = −
ℎ

2√2
, 𝑣 𝜖 ⌊−

√3ℎ

2√2
,

√3ℎ

2√2
 ⌋ and therefore, the 

optimal angle of rotation is defined by the maximum value of the signal amplitude ℎ and is given 

from the base of the triangle as 𝑤 = −
ℎ

2√2
∙ 𝑠𝑒𝑐 𝜃𝑟, 𝜃𝑟  𝜖 (0, 𝜋 2⁄ ]. The fact that the triangular shape 

of the signal results in the triangular shape of the attractor is not deliberate. As it is explained in 

[172], considering that the time delay is 𝜏 = 𝑇 3⁄ , 𝑇 being the cycle of a periodic signal, then the 

resulting attractor will be an almost three-fold symmetric attractor in the (𝑣, 𝑤) plane. 

             

 

 

 

 

 

 

Figure 6.4 An illustration of an equilateral triangle in the (𝑣, 𝑤) plane derived from linear periodic 

signal (left plots) indicating the radius and the polar angles and a clockwise rotated triangle 

derived from quadratic periodic signal with angle of rotation, 𝜃𝑟  (right). Figures reproduced from 

[172] (Open access journal). 
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6.3 Pre-processing and Analysis Procedure 

BF signals are quasi periodic and quasi-stationary signals to which the attractor reconstruction 

analysis method can be applied. However, before performing this analysis, the data were filtered 

with a low pass finite impulse response (FIR) filter with 2 Hz cut-off frequency, to attenuate high 

frequencies beyond the known range of microvascular oscillation, 0.0095 - 1.6Hz [36].  

In this study, the blood flow signals were divided into windows of 40 seconds each to provide 

sufficient cycles per window and sufficient data points. First, the SPAR method was tested on a 65-

minutes blood flow signal of one healthy individual at resting skin temperature (20 minutes), then 

the heating block clamped at 33℃ (20 minutes), during transition from 33℃ to 43℃ (~50 seconds) 

and at 43℃ (~25 minutes). Then, to better interpret the two haemodynamic steady states, the BF 

signals recorded from entire dataset (n=15) where cut into 10-minute artefact-free segments at 

both 33℃ and 43℃ and SPAR was applied in each 40-second window. Similarly, the SPAR method 

was applied on each 40-second window of 10-minute blood flow recordings at rest from all 60 

participants with NAFLD grouped with (DM1) and without T2DM (DM0), and use of calcium channel 

blocker medication (CB) with and without T2DM (nine with T2DM).  

6.4 Statistical Analysis 

Statistical analysis was performed using IBM SPSS Statistics 25 (IBM United Kingdom Limited, 

UK). Data were tested for normal distribution using D'Agostino & Pearson omnibus normality test 

and presented as either mean ± standard mean error (SEM) for normally distributed data or median 

with interquartile range (IQR) for non-normally distributed data. Normally distributed data were 

compared using a Student t-test and non-normally distributed data using a Mann-Whitney test. In 

all cases a value of 𝑝 < 0.05  was taken to indicate statistical significance. Spearman’s rho 

correlations are presented for monotonic nonlinear correlation analysis of baseline data. The 

kurtosis was also computed for each segment of the signals using Matlab’s Statistic and Machine 

Learning Toolbox (R2019a, Mathworks, UK), to characterize the shape and symmetry of the 

segment’s distribution. High values of kurtosis indicate that the data values are more peaked 

whereas, lower values indicate that there are less outliers in the data [214].  

6.5 Classification Analysis 

A binary support vector machine (SVM) classifier with leave-one-out (LOO) cross-validation was 

applied on the 15 non-overlapping epochs of 40-second recordings from the participants in each 

study to determine the classification accuracy between the groups. Previously, the linear 
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discriminant analysis has been used, for the data classification, however this method performs 

linear classification and its performance may reduce when applied in big data set. The SVM method, 

applied here, defines boundaries that maximise the distance between the closest to the boundary 

points of the two classes, also known as support vectors which are more indicative of potential 

errors [150]. The accuracy is assessed using the LOO cross-validation in which here 30 runs are used, 

and in each run the classifier trained the set apart from one sample which was presented as the 

test set. The resulting classification accuracy is the average of the runs.  

From the confusion matrix of the SVM classifier for two classes under consideration, the 

sensitivity and specificity were also calculated. They are referred as the true positive of the SPAR 

features derived from the signals identified as features of one class and as a true negative rate of 

the SPAR features derived from the signals that are being identifies as features from the other class, 

respectively. The features of the SPAR analysis for BF signals at all studies were selected from the 

density, the shape and morphology of the attractors, however the feature selection might differ in 

each study due to the risk of selecting “bad” features, as explained in [215]. These features were 

then combined with the complexity measures, defined in the previous chapters and tested whether 

this combination will provide a better classification accuracy between the groups.  

6.6 Results  

The results from the surrogate analysis on the healthy group in two haemodynamic states 

showed a significant difference in the nonlinear index of largest Lyapunov exponent (LLE) and 

correlation dimension (CD) indicating that the blood flow signals contain nonlinear properties. It 

can be also noted that the estimates of LLE showed a significant decrease in the nonlinear 

properties of BF signals during LTH, being from positive at 43℃,  to negative values at 43℃, whereas 

CD showed an increase during local warming. 

The maximum density derived from the SPAR analysis showed a significant reduction in the 

blood flow signals (p < 0.05) during vasodilation due to LTH. Additionally, the study of individuals 

with NAFLD showed a significant decrease in the density measures of SPAR of the blood flux signals 

as the CVD risk increases becoming highly significant in the calcium channel blocker group.  

6.6.1 SPAR Analysis of BF Signals between two Haemodynamic Steady States 

The largest Lyapunov exponent and correlation dimension have been extensively used to 

characterise the nonlinear properties of the microvascular function [124, 179]. These techniques 

have been successfully used to validate data as nonlinear signals through surrogate analysis 

showing significant differences between the original and surrogate signals at 43℃  for LLE and CD, 
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as shown in Table 6.1. The estimates of LLE for the original blood flow signals show a substantial 

decrease during local warming with values from positive, 0.338 ± 0.196 at 33℃ to negative values, 

-0.807± 0.106 at 43℃, mean ± SEM, indicating a more periodic attractor during LTH. Although, the 

nonlinear index of CD is not consistent with that from nonlinear methods used previously, as it 

shows a significant increase from 2.804 ± 0.019 (at 33℃) to 2.957 ± 0.046 (at 43℃), mean ± SEM.  

Table 6.1 Estimates of largest Lyapunov exponent (LLE) and correlation dimension (CD) of 10-minute 

blood flow signals at 33℃ and at 43℃ (n=15), and their significant difference between the original 

and 20 surrogate signals. Values are presented as mean ± SEM. 

*Significant difference from 33℃, 𝑝 < 0.05. 

Even though LLE and CD can be used to provide information about the nonlinear dynamics of a 

time series, the main aim of this study is to use the measures from the reconstructed attractor and 

provide information regarding the changes of the microvascular dynamics. Figure 6.5 shows the BF 

signal variability recorded from one individual, randomly selecting a window during a steady state 

at 33℃, during transition and during a steady state at 43℃, that illustrate the changes in different 

haemodynamic states. The windows of the blood flow signals in Figure 6.5a shows the segments 

from the signal in Figure 6.5b corresponding to the attractors in Figure 6.5c. The window of the BF 

signal at 33 ℃  is shown to be dense with many overlaps. The window at the transition time 

illustrates the BF signal during the last 40 seconds of the transition, showing the increase of the 

signal amplitude and therefore the attractor becomes wider and less dense. Similarly, the window 

at 43℃ shows the BF signal at 43℃ corresponding to larger attractor as the amplitude of the signals 

is increased. Here, the attractor was blurred, indicating a lower density. Note that the numbers in 

the colour bar for each attractor change indicating the change in density.  

Table 6.2 illustrates the statistical analysis for all features of SPAR analysis and the classification 

accuracy of the SVM classifier to classify the blood flow signals from the overall dataset (n=15) 

between the two haemodynamic states using all the features of SPAR analysis. The time delay 

appeared to be approximately a third of a heart rate cycle in both haemodynamic states. The 

maximum density measure showed a significant decrease for signals at 43℃, from 0.116 (0.111) at 

33℃ to 4.5 ∙ 10-4 (5 ∙ 10-4) at 43℃, median (IQR).The angular spread values for both signal where 

close to 0 indicating a symmetric attractor at both temperatures. The angle of rotation also 

 33℃ p-value  43℃ p-value 

 Original Surrogate   Original Surrogate  

LLE 0.338 ± 0.196 5.073 ± 0.024 <0.05  -0.807± 0.106* 2.535 ± 0.116* <0.05 

CD 2.804 ± 0.019 2.883 ± 0.001 0.028  2.957 ± 0.046* 2.972 ± 0.006* 0.075 
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exhibited significant differences between the states (p < 0.05), indicating that there was more 

fluctuation in the signals at 33℃. The radius of the attractor is proportional to the amplitude of the 

blood flow signal and therefore, it showed a significant increase during local warming (p < 0.05).  

Additionally, kurtosis of the distribution for the signals at 33℃ was substantially higher compared 

to the ones at 43℃ with values of 3.180 (0.730) at 33℃ and 2.498 (0.233) at 43℃, (median(IQR)) 

(p < 0.05), indicating that the signals during increased local warming become more stable. 

 

Figure 6.5  a) Windows of 40 seconds derived from the blood flow signal at 33 ℃, during transition 

time and at 43 ℃. b) A blood flow signal of one healthy volunteer at 33℃ and during local warming 

at 43℃. Lines indicate the end of each window. c) The reconstructed attractors for each of these 

windows. Angle of rotation for window at 33℃: 42.58°, during transition time: 16.76° and at 43℃: 

8.23°. 

The maximum density, the angle of rotation and the radius were chosen as SPAR features against 

which to discriminate the two haemodynamic states (Table 6.2). The binary support vector machine 

classifier with leave one out cross-validation applied on the 15 recordings  15 subjects in the two 

groups (n=450), for the SPAR features was able to achieve a 96.7% classification accuracy between 

the states with a high specificity (100%) and a high sensitivity (99.1%). Although, the application of 

the combined SPAR analysis with complexity measures achieved a slightly higher separability 

between the states (99.6%). 
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Table 6.2 Statistical analysis of the SPAR analysis measures and classification accuracy for the 

SPAR and combined with complexity measures for blood flow signals between the two 

haemodynamic states. 

*Significant difference from 33℃, 𝑝 < 0.05. 

6.6.2 SPAR Analysis of BF Signals in NAFLD Group 

The 10-minute resting skin blood flow signal segments recorded from the forearm in all 60 

participants with NAFLD with T2DM (DM1), without T2DM (DM0), and with and without T2DM and 

using calcium channel blocker medication (CB), exhibited differences in the SPAR features in all 

groups. The time and frequency domain characteristics (shown in Chapter 5) as well as complexity 

values and SPAR measures shown here, for all 60 NAFLD participants showed a great association 

with each other. There was a high negative correlation between the resting BF and the maximum 

density of the SPAR measures in all three groups with r=-0.815, p < 0.05 in DM0, r=-0.848, p < 0.05 

in DM1 and r=-0.806, p < 0.05 in the CB group.  

There was, also a high positive correlation between the radius of the attractors and the resting 

BF more significantly at DM1, r=0.607, p=0.002. LZ complexity was positive correlated with the 

maximum density in DM0 (r=0.418, p=0.038) and DM1 (r=0.791, p < 0.05). Maximum density was 

highly negative correlated with the total power of the blood flow signals in all groups, however, 

there was no significant association with the power spectral in five bands. The angle of rotation was 

highly negative associated with the cardiac activity at DM0 (r=-0.402, p=0.047) and DM1 (r=-0.783, 

p < 0.05) although this association is lost in the CB group. The kurtosis of the distribution of the 

segments for the DM0 group was significantly higher compared to the other two the DM0 group 

was significantly higher compared to the other two groups showing a value of 3.049 (1.77) for the 

SPAR measures Median (IQR)  SVM Classification measures 

 33℃ 43℃ 
 SPAR measures 

(n=450) 
Combined 

measures (n=450) 

τ(sec) 0.310 (0.025) 0.314 (0.008)  

Accuracy: 96.9% 

Sensitivity: 100%   

Specificity: 93.3%    

Accuracy: 99.6% 

Sensitivity: 99.1%   

Specificity: 100%    

max. D(τ) 0.116 (0.111) 4.5 ∙ 10-4 (5 ∙ 10-4)*  

θs (rad) 0.087 (0.006) 0.083 (0.007)  

θr (rad) 1.042 (0.500) 0.613 (0.082)*  

𝑟 (𝑎. 𝑢. ) 3.548 (1.460) 35.626 (21.675)*  
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DM0 group, 3.146 (0.86) for the DM1 group and 2.764 (0.68) for the CB group (median(IQR)) (p < 

0.05), indicating that the signals derived from CB group are more stationary.  

 

Figure 6.6  Examples of 40 seconds blood flow signals recorded from the skin at the forearm at 

ambient temperature and the shape and density of the reconstructed attractors in a) an individual 

from the DM0 group b) an individual from the DM1 group and a) an individual from the CB group. 

Angle of rotation for groups DM0: 35.22°, for DM1: 24.98° and for CB: 7.89°. 

In Figure 6.6 it is shown how the signal variability changes in an individual from the DM0 group, 

an individual from the DM1 group, and an individual from the CB group without T2DM. Figure 6.6a 

and 6.6b shows the low amplitude of the signal for the DM0 group which is directly proportional to 

the small size of the attractor. In Figure 6.6c it is illustrated the high amplitude of the signal 

combined which corresponds to a larger attractor with significantly lower density. Again, note that 

the numbers in the colorbar for each attractor change indicating the change in density. 

Table 6.3 illustrates the statistical analysis for all measures of SPAR analysis of the blood flow 

signals between the groups of people with (DM1) and without T2DM (DM0), and use of calcium 

channel blocker medication (CB) with and without T2DM (nine with T2DM). The maximum density 

measure showed a significant decrease for signals in the CB group 0.022 (0.037) whereas the 

highest density was shown in the DM0 group 0.097 (0.095), (median (IQR)). The angular spread 

values showed symmetric and reliable attractors at all groups, although it was slightly higher in 

DM1 and CB groups. The angle of rotation also exhibited significantly lower values for the CB group 
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when compared with both DM0 and DM1 groups (p < 0.05).The radius of the attractor was 

increased with the calcium channel blocker more significantly with the DM0 group (p=0.038). 

Table 6.3 Statistical analysis of the SPAR measures for skin blood flow signals for the groups DM0 

(n=25), DM1 (n=23), CB (n=12). 

*Significant difference from DM0, 𝑃 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

The SPAR features were tested using a support vector machine classifier to discriminate the 

against the DM0 – CB for 15 recordings  37 subjects in the two groups (n=555) and DM1 – CB 

groups for 15 recordings  35 subjects in the two groups (n=525). The features selected against 

DM0 – CB as well as for DM1 – CB were the maximum density, the angle of rotation and the radius, 

as they show statistical significance between these groups. Table 6.4 shows that the SVM classifier 

comparing the DM0 and CB groups achieved a classification accuracy of 85.8% giving a high 

specificity although poor sensitivity indicating that there was a fairly small percentage (38.3%) of 

the SPAR features derived from the BF signal of the DM0 being identified as not having the features 

of the DM0 group. A higher separability was achieve using the combined SPAR analysis and LZ 

complexity measures between the DM0 and CB returning 91.2% classification accuracy. The SVM 

classifier achieved 83.2% classification accuracy between the DM1 and CB groups using the SPAR 

measures and 88.6% using the combined measures. 

Table 6.4 SVM classification accuracy for the SPAR and combined with complexity measures 

between the groups DM0 – CB and DM1 – CB. 

SPAR measures Median (IQR) 

 DM0 DM1 CB 

τ(sec) 0.289 (0.042)  0.259 (0.056)*  0.315 (0.075)+  

max. D(τ) 0.097 (0.095)  0.073 (0.103)  0.022 (0.037)*,+  

θs (rad) 0.085 (0.021)  0.095 (0.033)  0.093 (0.045)  

θr (rad) 0.699 (0.276) 0.793 (0.624) 0.625 (0.065)*,+ 

𝑟(𝑎. 𝑢. ) 4.122 (2.449) 4.748 (3.661) 6.594 (2.809)* 

 SPAR measures  Combined measures 

 
DM0 – CB 
(n=555) 

DM1 – CB   
(n=525) 

 DM0 – CB   
(n=555) 

DM1 – CB     
(n=525) 

Accuracy 85.8% 83.2%  91.2% 88.6% 

Sensitivity/Specificity 61.7% / 97.3% 71.7% / 89.3%  80.5% / 96% 71.7% / 89.9% 
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6.7 Discussion  

This chapter investigates the application of the attractor reconstruction analysis of blood flow 

signals derived from the skin microcirculation. The main purpose of this chapter is to demonstrate 

the feasibility of the SPAR analysis in identifying changes in the morphology and variability of 

physiological data under differing conditions. The blood flow signals were first tested for 

nonlinearity using the surrogate data analysis showing a significant difference in the nonlinear index 

of LLE and CD, indicating that the blood flow signals contain nonlinear properties.  

Furthermore, the results show that the amplitude of the signal is highly associated with the size 

and density of the attractor and therefore, a larger attractor is observed during the dynamic 

increase in amplitude of the signal. The findings examining the association in time and frequency 

domain dynamics of the blood flow signal, the SPAR and complexity measures provide strong 

evidence that the linear characteristics of the skin blood flow signals are strongly related with the 

nonlinear dynamics of the system. In this study, kurtosis was also used to characterise the shape 

and stationarity of the signals [216, 217]. This method showed that the signals becomes more 

stationary during vasodilation due to increased local warming or CB treatment.  

6.7.1 Analysis of the Blood Flow Morphology of the Entire Signal 

The aim of the attractor reconstruction analysis was to quantify the changes of the blood flow 

signal morphology and variability and its response during a dynamic changing state using data from 

various pathophysiological conditions. The attractor reconstruction has been extensively applied to 

microvascular perfusion signals [44, 179]. Parthimos, et al. [179], in a similar study investigating the 

nonlinear analysis of the blood flow signals from the forearm and foot of normal and diabetic with 

and without neuropathy volunteers used two-dimensional attractor reconstruction and measures 

of LLE and CD. They showed that these measures and the attractors provide useful evidence of 

nonlinearity in healthy individuals and in individuals with diabetes but without neuropathy groups.  

In this study, LLE and CD provided information about the nonlinear dynamics of the BF signals, 

however the main aim is to use the measures from the reconstructed attractor and provide 

information regarding the changes of the microvascular dynamics. The SPAR analysis was then used 

to determine the changes in the variability of blood flow signals providing a visual representation 

of the multidimensional dynamics of the data in the form of an attractor.  

From the study of the healthy group under two haemodynamic conditions, the attractors were 

generated from the entire signal obtained from one individual, under thermoneutral conditions, 

during the transition and at higher skin temperature. It was observed that the attractors generated 
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from the blood flow signal at 33℃ and during transition time appeared more defined with more 

overlaps. The attractor during the dynamic changing state showed a larger attractor than the 

attractor of the BF signal at 33 ℃  as it represents the amplitude of the signal. This finding is 

consistent with the recent studies [172, 175], using attractor reconstruction analysis in arterial 

blood pressure signals, suggesting that the size of the attractor is related with the signal amplitude.  

The study of the NAFLD group illustrated the changes of the signal variability in an individual 

from the DM0 group, an individual from the DM1 group, and an individual from the CB group 

without T2DM. The low amplitude of the signal in the DM0 group was directly proportional to the 

small size of the attractor. It was also shown that the signal of the channel calcium blocker 

medication individual was less variable with a higher amplitude, corresponded to a significantly 

larger attractor with a lower density. Although, Nandi, et al. [175] in a recent study, suggested that 

the high variability of the arterial blood pressure signals from a mouse pre-antihypertensive 

treatment, corresponded to a less dense attractor, whereas post-treatment the signal became less 

variable and more periodic representing a higher density of the attractor.  

As it has been also explained by Aston, et al. [172], when the arterial blood pressure signal 

becomes more periodic, the amplitude of the signal becomes slightly smaller and its trajectories in 

phase space become thinner providing a higher density. However, in blood flow signals, it is shown 

that during vasodilation due to increased local heating or due to a vasodilator drug, the amplitude 

increases showing a highly periodic signal and considering that the volume of the density is 

normalised to one, the attractor becomes wider and larger and therefore the maximum density is 

more probable to decrease. 

In the study from the arterial blood pressure signals [172, 175], it was suggested that the thick 

bands of the attractor corresponded to the downstroke variability which represents the closure of 

the aortic valve and the increase in pressure at diastole [30] whereas, the thin bands represent an 

approximately periodic blood pressure signal. These authors, also stated that the dicrotic notch also 

known as downstroke concavity in the arterial blood pressure signals, corresponded to the 

clockwise attractor rotation. As mentioned in the literature review (see Chapter 2), the 

microvascular blood flow signals represent the concentration of the moving red blood cells and 

their interaction with the vessel walls, generated from the heartbeat and is influenced by periodic 

physiological oscillations [55]. These oscillation properties contribute to the total blood flow signals 

and reflect to the vasomotion and flow motion which can affect the signal variation [39]. Therefore, 

the attractor features representing the signal shape and variability can be interpreted differently 

depending on the physiological signals under investigation. Hence, the association of the blood flow 
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signal changes and the resultant changes in the attractor’s shape and rotation can only be defined 

through systematic analysis. 

6.7.2 Interpretation of SPAR Measures and Classification 

In this study, the application of the symmetric projection attractor reconstruction analysis was 

demonstrated in blood flow signals providing measures and applying classification techniques to 

identify changes in groups with various pathological and physiological states. First, the time delay 

of the signals computed from the AMIF as one third of the period, was approximately one third of 

an average heart rate cycle for all groups and therefore the attractors were able to quantify the 

high-frequency component of the blood flow signals. González, et al. [180], in a recent study 

investigating the attractors of cerebral blood flow signals in human volunteers using nonlinear 

features to detect changes in cerebral blood flow during apnea, reported that the values of time 

delay using the AMIF technique, were able to provide high statistical significance level (p<0.005) 

between baseline and during apnea. 

The study on a healthy cohort at the two haemodynamic steady states at 33℃ and at 43℃, 

showed significant changes in the SPAR measures. The findings demonstrate that the maximum 

density derived from the signals at 43℃ decreases during LTH, showing that as the amplitude of 

the signals increases during vasodilation due to increased local heating, the maximum density 

decreases. The angular spread for both groups appeared close to 0, indicating that in both 

haemodynamic states the attractors were symmetric. Recent studies [189], investigating ABP and 

PPG signals from human volunteers, suggest that the angular spread appeared to identify the 

performance and reliability of the attractor reconstruction method.  

In the NAFLD cohort, the use of the vasodilator medication for the treatment of hypertension, 

showed a significant increase in the resting BF in the CB group against DM0 resulting to a substantial 

decrease in both the maximum density and the LZ complexity, indicating a lower variability of the 

BF signals with calcium channel blocker treatment. Similarly Frisbee, et al. [120], in a recent study 

using chaotic network attractor analysis, have shown a decline in the temporal adaptability and a 

more stable distribution of the flow patterns in a microvascular network of animal models with 

increased cardiovascular disease risk. The angle of rotation exhibited significantly high values for 

the DM1 group (~45°) when compared with CB group (p<0.05). Nandi, et al. [175], suggested that 

the rotation of the attractor in arterial pulse signals may be an indicator of an early stage of a 

disease or even a response to a drug treatment.  

The SVM classifier using the leave one out cross-validation allows each of the individual 

recordings to be tested leaving one for training and thus avoiding slow processing time [218]. The 
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attractor features tested on each of the 15 healthy individuals using the SVM classifier, provided a 

strong classification between the states, however the combined features were able to show 99.6% 

classification accuracy which was significantly higher that the nonlinear methods (73.3%) used 

previously in the same dataset [141]. The SVM classifier comparing the DM0 and CB groups 

achieved a classification accuracy of 85.8% although, the highest separability was achieve using the 

combined SPAR and LZ complexity measures between the DM0 and CB returning 91.2% 

classification accuracy. The SVM classifier achieved 83.2% classification accuracy between the DM1 

and CB groups using the SPAR measures and 88.6% using the combined measures. Here, the criteria 

used to select the optimal feature set was based on hypothesis testing determining the features 

with statistical significance between the groups.  

According to the literature [150], a major issue related to the pattern recognition and high 

dimensional feature space is the so-called “curse of dimensionality” in which the number of data 

exhibit an exponential dependence with the feature dimensions, meaning that the more feature 

dimensions are added to the data the more complex are the computations for predicting certain 

quantities. It is therefore, important to minimise the number of features by selecting the most 

informative and retain a high classification accuracy. The most common technique for finding the 

optimal features is hypothesis testing however, more feature selection methods may be applied in 

future studies in order to find the “best” feature set for classifying pathophysiological groups.  

6.8 Strengths and Limitations 

The present study reveals the analysis of the attractor reconstruction of blood flow signals 

derived from the microvasculature in different pathological and physiological conditions. A major 

strengthen of this study is the use of different pathophysiological groups to quantify the 

microvascular network morphology was able to identify the changes of the features in shape and 

variability of the blood flow signals under different conditions. This study sought to use the 

measures from the reconstructed attractor by its symmetric projection to characterize the dynamic 

changes of microvascular perfusion signals. Additionally, this study examines the changes of the 

microcirculatory dynamics using attractor reconstruction analysis to understand the applicability of 

this mathematical approach in quasi periodic signals and its efficacy to discriminate between 

different groups. This study also, provides an explanation of the SPAR method that may 

complement clinical assessment of microvascular function.  

There are also a number of limitations associated with this study. First, LDF signals consist of 

multiple frequency components (0.0095~1.6Hz) [36, 39], which are taken to reflect the activity of 

the local and systemic vaso-control mechanisms [109]. Therefore, the attractor features such as 
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attractor rotation representing the blood flow signal curvature shape cannot be easily described. 

Hence, more analysis should be done to define the association of the blood flow signal changes and 

the resultant changes in the attractor’s shape and rotation. 

Furthermore, in [172, 175], it is suggested that the only pre-processing analysis that is needed 

to ensure the quality of the attractors is the removal of artefacts. An additional study [189], also 

reported that non-periodic signals can provide inaccurate estimation of the parameters 

reconstructing unreliable attractors which will reduce the performance of SPAR analysis. This study 

also suggested that an attractor quality index based on the values of angular spread, determine the 

reliability of the attractor. In this current study, a pre-processing analysis was used to ensure that 

the high frequency noise is attenuated from the signals then, SPAR was applied in each segments 

of the signals without removing any outliers such as movement artifacts. Moreover, this study does 

not assure that all BF signals were approximately periodic which correspond to reliable attractors 

as recommended in the literature. Finally, the angular spread in this study did not reach the values 

suggested in the literature, as the BF signals differ from blood pressure signals and thus the 

threshold of the angular spread values, to separate between reliable and unreliable attractors, may 

differ in blood flow signals. 

6.9 Conclusions 

In this chapter the symmetric projection attractor reconstruction analysis was applied and the 

measures derived from the attractors were estimated, to better evaluate the changes of the 

microvascular network under a dynamic change in the skin microcirculation. The attractors and the 

SPAR measures combined with the nonlinear indexes were used in cohorts from different 

pathophysiological groups to quantify the microvascular network morphology and were able to 

identify the changes of the features in shape and variability of the blood flow signals under different 

conditions. These findings make the method a promising tool for further analysis of the 

microvascular function and it suggests that the SPAR measures could be used to identify changes 

in the microvascular system. More experiments need to be conducted to investigate changes in 

SPAR measures and evaluating microvascular dysfunction. 
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Chapter 7: Conclusions and Future Work 

7.1 Conclusion 

The work reported here, demonstrates the analysis of the complex flow motion characteristics 

from the human microcirculation in a range of pathophysiological states. Time and frequency 

domain analysis have been used to determine the signal values from the microvascular perfusion 

and their power contribution using the spectral analysis, within the frequency range (0.0095-1.6 

Hz), respectively. These methods may not be sufficient for the investigation of complex dynamics 

of flow motion, and hence complexity analysis methods were used to describe the nonlinear 

characteristics of the LDF time series.  

Here, nonlinear complexity methods were used to quantify the degree of signal regularity by 

evaluating the presence of repeated patterns providing complexity variants such as sample entropy 

(SampEn), Lempel and Ziv complexity (LZC) and effort to compress complexity (ETC). Since biological 

systems operate across multiple spatial and temporal scales, multiscale analysis was applied on 

these complexity measures to better quantify the information expressed by the microvascular 

dynamics over multiple time scales. Finally, the symmetric projection attractor reconstruction 

(SPAR) analysis was used, providing a quantitative characterisation of the microvascular system in 

phase space and a visual representation in the shape and variability of the signal producing a two-

dimensional attractor with features like density and symmetry. 

The major findings of this research can be summarised as: 

• Power spectral density contribution of the BF and OXY signals exhibit different values 

across frequency bands at 33°C and during thermally induced vasodilation achieved by 

local skin warming to 43°C  

• The findings showed a decline in all complexity values (SampEn, LZC and ETC complexity) 

during local warming for both blood flux and oxygenated haemoglobin signals.  

• Multiscale complexity methods were able to better discriminate between 

haemodynamic states than conventional ones over multiple time-scales showing a good 

discrimination in complexity of both BF and oxyHb signals between the two 

haemodynamic steady states. 

• LZC reduces for the groups at an increased cardiovascular disease risk and becomes 

more pronounced at certain time scales, showing that multiscale analysis has strong 

potential for discriminating between these different groups.  
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• The regulatory modulators and the information content in the BF signal from the groups 

at increase CVD risk were shown to change with the time scale. 

• The symmetric projection attractor reconstruction analysis measures were able to 

identify changes in the morphology and variability of physiological data under different 

conditions. 

• The highest separability was achieve using the combined SPAR and LZC measures 

between these groups. 

In conclusion, the findings from this thesis reveal novel understanding of the potential for the 

time series analysis of the information content of the microcirculation. This study has shown that 

differences could be detected between different groups through a systematic analysis of the time 

series. Time and frequency domain analysis alone were inadequate to estimate the complex 

dynamics of the microvascular network during the application of a provocation, such as increased 

local heating and a vasodilator drug. Nonlinear analysis provides a better characterisation of the 

flexibility of the system in a range of pathophysiological conditions. Together these mathematical 

approaches were able to identify changes in the microvascular function. 

7.2 Future work 

Both linear and nonlinear analysis were thoroughly investigated in groups with 

pathophysiological conditions, providing important information about the modulators and the 

irregularities of the microvascular system. However, one of the issues that need to be considered 

in this study, is that there was a relatively small sample size of groups enforcing more extensive 

analysis in larger groups. It is also probable that changes of both linear and nonlinear measures will 

differ between individuals and thus, more studies need to be conducted to evaluate these changes.   

Also, the nonlinear features were used for the data classification indicating the impact that the 

selection of the features holds in providing the optimal classification accuracy between the groups. 

Future studies should therefore, focus on classification techniques and predictive models to 

determine the most likely class associated with a given pattern from the microvascular perfusion 

signals. So far, most decision for helping in the diagnosis of the microvascular dysfunction, are made 

from medical staff or researchers although, often automated decision-making approaches can be 

time-saving and cost-effective. In medical applications, classes are associated to medical conditions 

and patterns can be any given feature representing in the datasets of the microvascular perfusion. 

The most common classification techniques, presented in this thesis, are linear classifiers such as 

linear discriminant analysis (LDA) for quicker and easier classification and support vector machines 
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(SVMs) for embedding the data in a higher dimensional feature space and producing nonlinear lines 

for the classification.  

Although, a major issue related to the pattern recognition and high dimensional feature space is 

that the more feature dimensions are added to the data the more complex are the computations 

for predicting certain quantities. It is therefore, of a paramount importance to minimise the number 

of features by selecting and/or generating the most informative and retain a high-class 

discrimination accuracy. This is usually achieved with a combination of optimization feature 

selection techniques involving separability criteria, such as sequential feature selection algorithms 

for finding the “best” feature set. More machine learning methods that can produce more complex 

boundaries between classes, need to be evaluated such as, adaptive neural networks (ANNs) 

algorithms that learn from the input data and identify the two or more classes often simplifying the 

subjectivity of feature extraction.  

Non-invasive techniques provide useful information to the medical team for enhancing diagnosis 

and intervention. However, the microcirculation is a highly complex system and It is essential to 

develop methods for feature selection and/or generation in order to provide an integrated 

understanding of the impact that the features hold on the ability to predict or define a human 

health and disease. Larger data sets and systematic analysis will help to identify more characteristic 

features describing to the physiology of microcirculation.  
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Appendix A Supplementary Figures  

 

 

 

Figure A.1 An illustrative example of the binary SampEn in multiple scale (MSE) of the LDF signal 

from a healthy volunteer in two haemodynamic steady states (at 33 and 43 oC). a) Selection of time 

delay 𝜏 using the autocorrelation function (autocorr) and the averaged mutual information (AMI). 

b) MSE for 𝑚 = 2 and 𝑟 = 0 and for 𝜏 using the autocorr and the AMI. c) MSE for 𝑚 = 2 and 𝑟 = 0 

and for 𝜏 = 1 and 𝜏 > 1, using the autocorr in every scale. d) MSE for 𝑚 = 2 and 𝑟 = 1 and for 𝜏 =

1 and 𝜏 > 1. e) MSE for 𝑚 = 3 and 𝑟 = 0 and for 𝜏 = 1 and 𝜏 > 1.  f) MSE for 𝑚 = 3 and 𝑟 = 1 

and for 𝜏 = 1  and 𝜏 > 1 . The time delay for 𝜏 > 1  was estimated for every scale using the 

autocorrelation function. 
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Figure A.2 a) SampEn for 𝑚 = 2 and 𝑟 < 1  and for 𝜏 = 1  and 𝜏 > 1 , using the autocorrelation 

function for the selection of time delay 𝜏 in every scale. b) SampEn for 𝑚 = 3 and 𝑟 < 1 and for 

𝜏 = 1 and 𝜏 > 1, using the autocorrelation function. It is shown that there is a good discrimination 

between the two temperatures for both time delays (𝜏 = 1 and 𝜏 > 1) and for different parameters 

𝑚 (𝑚 = 2 and 𝑚 = 3), when using the conventional binary SampEn measure.  
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BINARY SEQUENCE 𝑆(𝑖, 𝑗) 

COMPUTATION OF 

“EIGENVALUE” 𝑘(𝑆) 

VOCABULARY 𝑣(𝑆) 

PRODUCTION 

PROCESS 

“EXHAUSTIVE” PRODUCTION 

HISTORY  

if 𝑆(ℎ𝑖−1 + 1, ℎ𝑖) ↛ 𝑆(1, ℎ𝑖−1), 

then 

𝐻𝑖(𝑆) = 𝑆(ℎ𝑖−1 + 1, ℎ𝑖) 

“PRIMITIVE” PRODUCTION 

HISTORY 

if 𝑘(𝑆(1, ℎ𝑖)) > 𝑆(1, ℎ𝑖−1), 

then 

𝐻𝑖(𝑆) = 𝑆(ℎ𝑖−1 + 1, ℎ𝑖) 

 

COMPLEXITY 𝑐(𝑆) 

𝑐(𝑆) = min {𝑐𝐻(𝑆)} 

COMPLEXITY 𝑐(𝑆) 

𝑐(𝑆) = min {𝑐𝐻(𝑆)} 

Figure A.3 A general diagram for the algorithm to compute the LZC of a sequence S(i, j). 



 

130 

Appendix B Supplementary Data 

Table B.5 Statistical analysis and classification accuracy for all traditional complexity methods of 

both BF and oxyHb signals between the two haemodynamic steady states. 

 

 

 

 

 

 

 

 

 

Methods BF signals oxyHb signals 

 p-value Classification accuracy (%) p-value Classification accuracy (%) 

SampEn 0.007 73.33 0.029 80.00 

LZC 0.003 76.67 <0.001 90.00 

ETC 0.002 76.67 <0.001 93.33 
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Appendix C       Supplementary Figures 

 

Figure C.4 Sample Entropy across 15 epochs and MSE at different frequencies 

 

Figure C.5 LZC across 15 epochs and MLZC at different frequencies 

 

Figure C.6 ETC across 15 epochs and METC at different frequencies  
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Appendix D Supplementary Data 

Table D.6 Estimates of largest Lyapunov exponent (LLE) and correlation dimension (CD) of 10-minute 

blood flow signals from DM0 (n=25), DM1 (n=23) and CB (n=12) groups, and their significant 

difference between the original and 20 surrogate signals. Values are presented as mean ± SEM. 

*Significant difference from 33℃, 𝑝 < 0.05. +Significant difference from DM1, 𝑝 < 0.05. 

 LLE  CD 

 Original Surrogate  Original Surrogate 

DM0 -0.993 ± 0.081 3.975 ± 0.160  2.854 ± 0.042 2.905 ± 0.011 

DM1 -0.757± 0.069 4.103 ± 0.140  2.801 ± 0.056 2.878 ± 0.011 

CB -0.637 ± 0.129*,+ 3.425 ± 0.222  3.091 ± 0.039*,+ 2.931 ± 0.010+ 

DM0 – CB       
p-value 

0.010 0.061 
 

<0.05 0.142 

DM1 – CB       
p-value 

0.049 0.797 
 

<0.05 0.006 
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