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ABSTRACT  

Physiological coherence between organ-specific microvascular hemodynamics is a fundamental 

yet underexplored aspect of human systemic blood flow regulation, particularly in systemic 

vascular diseases such as critical illness. Current critical care monitoring predominantly relies on 

systemic macro-hemodynamic parameters, which fail to capture the heterogeneity and dynamic 

relationships of microvascular perfusion across organs like brain and skeletal muscle. This 

knowledge gap is especially evident regarding the temporal and frequency-specific coherence of 

microvascular signals between these organs, limiting the development of targeted, organ-specific 

therapies. To address this, we developed a novel methodological framework to quantify 

physiological coherence between brain and skeletal muscle microcirculation using high-resolution 

Near-Infrared Spectroscopy (hr-NIRS) and advanced wavelet-based signal processing. This study 

employed continuous, non-invasive monitoring in ICU patients (n=40) and healthy controls 

(n=15), simultaneously acquiring total hemoglobin (HbT) from the frontal cortex and 

brachioradialis, along with systemic blood pressure. Time-frequency and time-phasic relationships 

were characterized using wavelet coherence and semblance analyses, assessing both the strength 

and synchrony of microvascular coupling across cardiac and microvascular frequency bands. Key 

findings include: (i) ICU patients exhibited significantly reduced coherence duration and phase 

synchrony between brain and skeletal muscle microcirculation in the cardiac frequency band 

compared to healthy controls; (ii) ICU non-survivors demonstrated excessive synchronization 

between skeletal muscle microcirculation and systemic blood pressure in the microvascular and 

cardiac frequency bands compared to ICU survivors. These results establish, for the first time, that 

dynamic physiological coherence between brain and skeletal muscle microcirculation is 

significantly altered in critical illness, with distinct patterns associated with patient outcomes. 

Integrating wavelet-based coherence metrics into bedside monitoring offers a promising direction 

for the development of novel biomarkers to guide personalized therapeutic strategies and risk 

stratification in the ICU.  

Keywords: Biomedical Signal Processing, Microvascular Hemodynamics, Wavelet Coherence,                                                          

Semblance, hr-NIRS
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1 CHAPTER 1 - INTRODUCTION 

1.1 General Introduction 

The human body is a complex system exhibiting organ-specific anatomical and functional 

physiology while maintaining homeostasis. Although the body functions as an interconnected 

network of organs, systems, and regulatory mechanisms, many physiological relationships among 

these components remain poorly understood. Among these mechanisms,  the microcirculation 

plays a critical role as the primary interface between the cardiovascular system and the organs of 

the body for oxygen delivery, nutrient exchange, and metabolic waste removal, through the precise 

regulation of blood flow in arterioles, capillaries, and venules1,2. Despite the critical role of the 

microcirculation in maintaining systemic physiological function, the physiological coherence 

between organ-specific microvascular hemodynamics remains poorly characterized, particularly 

in the context of systemic vascular diseases such as critical illness3,4. 

Existing critical care monitoring predominantly relies on systemic and macro-hemodynamic 

parameters such as Mean Arterial Pressure (MAP), cardiac output and ECG (Electrocardiogram)5–

8. These systemic and macro-hemodynamic parameters reflect systemic circulation and do not 

reliably indicate organ-specific microcirculatory status9,10. Current studies correlated perfusion 

status with better ICU outcomes compared to macro-hemodynamics11,12, where peripheral 

perfusion clinical indicators: such as capillary refill time, skin mottling, and body temperature 

gradients are used as resuscitation targets13,14. Also, recent clinical investigations have indicated 

that organ-specific microcirculation measures, such as regional cerebral oxygen saturation (rSO₂) 

and tissue oxygen saturation (StO₂), are significantly associated with patient outcomes15–19. 

However, these studies have focused exclusively on organ-specific microvascular hemodynamics 

and their individual associations with patient outcomes. To date, according to our knowledge, no 

studies have been conducted to evaluate the physiological coherence of microvascular 

hemodynamics between brain and skeletal muscle tissues in critically ill or healthy populations. 

Recent advances in non-invasive monitoring technologies, specifically High-Resolution Near-

Infrared Spectroscopy (hr-NIRS)20–22, have enabled simultaneous monitoring of microcirculation 

dynamics in targeted organs such as the brain and skeletal muscle through continuous, high-

frequency time series data acquisition. Thus, this enables the simultaneous monitoring of 
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microcirculatory dynamics of multiple organs along with systemic blood pressure. These signals 

can be analyzed using advanced biomedical signal processing techniques to assess physiological 

coherence, that is, the degree of synchronized or coordinated behavior of microvascular 

hemodynamics between the brain and skeletal muscle, as well as their coupling with systemic 

blood pressure. 

While the vital role of microcirculation in maintaining systemic physiological function is well 

recognized, the physiological coherence between organ-specific microvascular hemodynamics 

between the brain and skeletal muscle remains insufficiently characterized in terms of both healthy 

state and critical illness. Thus, this thesis aims to advance our understanding of dynamic 

interactions between organ-specific microvascular hemodynamics using hr-NIRS and advanced 

biomedical signal processing techniques by the following objectives: 

I. Evaluating physiological coherence of microvascular hemodynamics between brain and 

skeletal muscle along with systemic blood pressure in ICU patients and Healthy control  

II. Evaluating ICU patients' outcome based on physiological coherence of microvascular 

hemodynamics between brain and skeletal muscle along with systemic blood pressure  

By systematically addressing these objectives, this thesis seeks to bridge the current knowledge 

gap concerning the physiological coherence of microvascular hemodynamics in the brain and 

skeletal muscle, alongside systemic blood pressure, in both healthy states and critical illnesses. 

The anticipated findings aim to offer foundational insights for future research focused on 

developing biomarkers that assess the physiological coherence between organ-specific 

microvascular hemodynamics and systemic circulation. Such advancements could enhance the 

understanding of microvascular function in critical care settings and support the development of 

personalized therapeutic strategies, ultimately leading to improved patient outcomes. 
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1.2 Aims and Hypotheses 

Current literature has extensively characterized organ-specific microvascular hemodynamics in 

healthy individuals and critically ill patients using high-resolution Near-Infrared 

Spectroscopy15,16,18,23. In ICU populations, research has primarily focused on isolated parameters 

such as rSO₂ and StO₂ of skeletal muscle, demonstrating associations with clinical outcomes 

including mortality and organ dysfunction15,17. While some studies have examined temporal 

associations between rSO₂ and StO₂ in ICU settings, these analyses are often limited by low 

temporal resolution and the absence of comparative data from healthy populations15. 

Furthermore, studies have analyzed the correlation between hr-NIRS-derived mean arterial 

pressure (MAP) metrics obtained from brain and skeletal muscle microcirculation monitoring, 

highlighting the technical feasibility and potential clinical relevance of simultaneous 

microvascular hemodynamic monitoring in brain and skeletal muscle24. However, these 

investigations also lack comparative analyses with healthy cohorts.  

Moreover, studies have explored the time-frequency and time-phasic characteristics of 

physiological coherence of microvascular hemodynamics between multiple sites within the brain, 

correlating these dynamic patterns with disease states25–27. Nevertheless, these studies have not 

conducted cross-population comparisons involving healthy individuals. 

Collectively, the current literature emphasizes the heterogeneity of physiological coherence of 

microvascular hemodynamics between multiple sites or regions within the same organ (e.g., 

coherence between different cerebral regions by comprising microvascular hemodynamics signals 

from these multiple regions) and suggests the potential significance of evaluating physiological 

coherence of microvascular hemodynamics between different organs as a holistic marker of 

microvascular function in humans. 

Despite these advances in existing literature, no studies to date have assessed the physiological 

coherence of microvascular hemodynamics between the brain and skeletal muscle, nor their 

relationships with systemic blood pressure, while comparing these dynamics between healthy 

subjects, critically ill ICU patients, and across ICU survivors and non-survivors. This represents a 

significant gap in the current understanding of systemic and organ-specific microvascular 

hemodynamics. Thus, addressing this knowledge gap is critically important because understanding 
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inter-organ microvascular hemodynamic coordination could provide fundamental insights into 

systemic and organ-specific microvascular regulation mechanisms, enable clinicians to identify 

critically ill patients at higher risk of poor outcomes, and potentially guide targeted therapeutic 

interventions to optimize microvascular function. 

Therefore, to address this knowledge gap, the present study proposes a prospective observational 

cohort design to evaluate the physiological coherence of microvascular hemodynamics between 

the brain and skeletal muscle, as well as their relationships with systemic blood pressure, through 

simultaneous microvascular hemodynamics monitoring using hr-NIRS in both critically ill ICU 

patients and healthy cohorts. Accordingly, this study will assess the following two hypotheses. 

HYPOTHESIS # 1.1: The physiological coherence of microvascular hemodynamics between 

the brain and skeletal muscle, and with systemic blood pressure, is significantly altered in ICU 

patients compared to healthy controls. 

 

HYPOTHESIS # 1.2: The ICU non-survivors exhibit significantly altered physiological 

coherence of microvascular hemodynamics between the brain and skeletal muscle, and with 

systemic blood pressure, compared to ICU survivors. 

 

1.3 Thesis Overview 

The following chapters are structured to provide a comprehensive foundation, methodological 

rigor, and critical analysis of the research findings, as outlined below, 

Chapter 2-Literature Review: This chapter provides a comprehensive review of the foundational 

physiology of the circulatory system, with detailed discussions on microcirculation in the brain 

and skeletal muscle, and the pathophysiology of microvascular dysfunction in critical illness. It 

covers the principles and clinical applications of NIRS technology for non-invasive tissue 

oxygenation monitoring and reviews digital signal processing techniques focusing wavelet-based 

time-frequency analysis used to assess dynamic relationships in physiological signals. The 

literature review culminates in a synthesis of current knowledge, identifying the lack of studies on 
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microvascular coherence between brain and skeletal muscle and justifying the thesis’s research 

direction. 

Chapter 3 - Methodology: This chapter details the experimental design, participant recruitment 

(including ICU patients and healthy controls), instrumentation (hr-NIRS setup), data acquisition 

protocols, and preprocessing pipelines. It provides a thorough description of the analytical 

framework, including the implementation of wavelet coherence and semblance analyses for 

quantifying physiological coherence across organ systems. 

Chapter 4 - Results: This chapter is structured around the research hypotheses, presenting 

comparative analyses of physiological coherence metrics between ICU patients and healthy 

controls, and between ICU survivors and non-survivors. This chapter includes statistical analyses, 

visualizations, and tabulated findings to support the interpretation of results. 

Chapter 5 – Discussion: The discussion chapter interprets the results in the context of existing 

literature, emphasizing the novelty and clinical relevance of physiological coherence of 

microvascular hemodynamics between brain and skeletal muscle and their relationships with 

systemic blood pressure as a potential biomarker. The chapter critically evaluates the significance 

of altered physiological coherence in ICU patients, discusses potential mechanisms, and considers 

the clinical relevance of these findings for prognosis and therapeutic decision-making. Limitations 

of the study and methodological considerations are also addressed. 

Chapter 6 – Conclusion: This chapter summarizes the key findings of the thesis, reiterates their 

significance, and highlights how the research advances current knowledge on physiological 

coherence of microvascular hemodynamics between brain and skeletal muscle in health and 

disease. 

Chapter 7 – Future Directions: The final chapter outlines potential directions for future research, 

including the development of novel biomarkers for evaluating inter-organ physiological coherence 

of microvascular hemodynamics, the integration of advanced signal processing techniques and 

microvascular hemodynamics monitoring technologies, and the translation of these findings into 

clinical practice to improve patient outcomes in critical care settings. 
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2 CHAPTER 2 - LITERATURE REVIEW 

2.1 Overview of Circulatory System, Physiology of Microcirculation in the Brain and 

Skeletal Muscle, and Pathophysiology of Microvascular Dysfunction in Critical Illness  

2.1.1 Circulatory system: Overview  

The human circulatory system functions as a sophisticated transport mechanism for the distribution 

of oxygen, nutrients, and immunological mediators while simultaneously removing metabolic 

byproducts1,28,29. This integrated network operates through two interdependent pathways: the 

systemic circulation, which distributes oxygen-rich blood from the heart to peripheral tissues 

before returning deoxygenated blood through venous structures, and the pulmonary circulation, 

which directs deoxygenated blood through pulmonary arteries for alveolar gas exchange before 

oxygenated blood returns via pulmonary veins30–32. 

Blood, the primary transport medium within the circulatory system, comprises four functionally 

distinct components that operate in unison1. Red blood cells (RBCs) containing hemoglobin 

proteins that demonstrate high oxygen-binding characteristics through cooperative binding 

kinetics1,33. White blood cells utilize defensive mechanisms for immune responses against 

infections34. Platelets work as active agents in blood clotting, preventing excessive bleeding. 

Plasma serves as a liquid medium of blood that carries these cells, along with proteins, electrolytes, 

and other essential substances1,35. 

Hemoglobin (Hb) within RBCs binds to oxygen that diffuses across the alveolar membrane into 

capillaries of the lungs, forming Oxyhemoglobin (O2Hb), which is then transported to the tissues. 

Upon reaching the tissues, O2Hb releases oxygen, which diffuses into cells to support metabolic 

processes, and upon releasing oxygen, O2Hb becomes deoxy-hemoglobin  (HHb). After oxygen 

is released, HHb is transported back to the lungs via the venous circulation where it binds with 

oxygen again to reform O2Hb. The mechanism of binding and release of oxygen by hemoglobin 

are influenced by several factors, including pH, temperature, and CO2 levels36. The Bohr effect 

describes how a decrease in pH or an increase in CO2 partial pressure reduces hemoglobin's affinity 

for oxygen, facilitating oxygen release in metabolically active tissues37,38. Conversely, the Haldane 

effect explains how deoxygenated hemoglobin increases CO₂ transport, promoting their removal 

from tissues37,38. 
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In Circulation, the dynamics of blood flow are governed by fluid dynamics principles of pressure, 

resistance, and flow rate. Blood flows from areas of higher pressure to areas of lower pressure, 

driven by the heart's pumping action. Resistance to blood flow is influenced by factors such as 

blood viscosity, vessel length, and vessel diameter. Poiseuille’s law quantitatively describes this 

relationship, stating that flow rate is proportional to the fourth power of the vessel radius and 

inversely proportional to viscosity and vessel length. These factors collectively determine the 

biophysics of blood delivery to tissues throughout the body1,39. 

2.1.2 Microcirculation 

Microcirculation is blood circulation in the smallest vessels in the body (typically less than 300 

m in diameter), which is the location of nutrient and waste exchange within tissues1,2. 

Microcirculation comprises three different types of blood vessels: arterioles, capillaries, and 

venules, which have unique structural and functional characteristics1,40. 

Arterioles, the smallest arteries, receive blood flow and pressure from systemic arteries, and 

regulate blood flow into capillary beds through vasodilation and vasoconstriction of smooth 

muscle surrounding their outer diameter. Capillaries are thin-walled vessels lacking smooth muscle 

that are the terminal exchange site of nutrients, gases, and waste products between blood and 

tissues, they are the direct interface between the circulatory system and organs. Venules, the 

smallest veins, collect deoxygenated blood from capillaries and transport it back to larger veins2,40; 

they are also the predominant site of immune interactions within tissue. 

Microvascular regulation ensures tissue vitality by dynamically adjusting blood flow through 

coordinated physiological systems to match with metabolic demands. Three interconnected 

mechanisms- myogenic, metabolic, and neurohumoral orchestrate this process to meet cellular 

demands while maintaining systemic stability41,42. 

Arteriolar smooth muscle cells intrinsically respond to blood pressure fluctuations through the 

myogenic mechanism. Elevated pressure triggers vasoconstriction to protect delicate capillaries 

from hyper-perfusion damage, while reduced pressure induces vasodilation to sustain nutrient 

delivery42. This self-stabilizing system operates continuously, exemplified by renal blood flow 

regulation where cortical arterioles adjust diameters within seconds to preserve filtration rates 

during blood pressure variations41,42. 



8 

 

Tissues actively modulate local blood flow by releasing vasoactive signals during heightened 

activity. For example, exercising muscles generate CO2 and adenosine, which dilate nearby 

arterioles to amplify oxygen supply41,42. Conversely, oxygen surplus in underutilized regions 

constricts vessels, optimizing resource distribution. This feedback loop proves critical in neural 

tissues, where uninterrupted perfusion prevents energy deficits that could impair brain function41. 

Hormones and autonomic nerves synchronize microvascular behavior with whole-body needs. 

During stress, adrenal epinephrine constricts nonessential vessels via α-adrenergic receptors while 

dilating cardiac and skeletal muscle vasculature through β-receptors42. Chronic conditions like 

hypertension remodel this system, as evidenced by retinal venule narrowing and cerebral capillary 

rarefaction observed in small vessel disease studies41. 

In summary, microcirculation serves as the critical interface for nutrient and waste exchange, with 

its regulation depending on the coordinated action of myogenic, metabolic, and neurohumoral 

mechanisms. Understanding these regulatory pathways is essential for explaining the 

pathophysiology of cardiovascular and metabolic diseases, as well as for developing biomarkers 

and targeted therapeutic strategies to preserve microvascular health43–46. 

                           

2.1.3 Tissue Oxygenation 

Tissue oxygenation is the mechanism of delivering oxygen to tissues, which is essential for cellular 

respiration and energy production29. Oxygen serves as the final electron acceptor in the electron 

transport chain, which is a critical process for Adenosine triphosphate (ATP) production within the 

mitochondria of the cell. Without sufficient oxygen supply, cells cannot produce enough ATP to 

meet their energy demands, leading to cellular dysfunction and potentially cell death. Hypoxia, or 

oxygen deficiency, can result in a range of pathological conditions, including ischemia, 

inflammation, and organ failure47,48. 

Adequate tissue oxygenation is crucial for maintaining optimal cellular function, preventing tissue 

damage, and avoiding ultimate organ failures in the body. As explained, the assessment of tissue 

oxygenation reflects the status of the optimal function of the tissues/organ of interest49, and the 

balance between oxygen delivery by the microcirculation and oxygen metabolism at the tissue 

level. 
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Oxygen delivery to tissues is transported through oxyhemoglobin, the oxygen-bound form of 

hemoglobin. Since hemoglobin is contained exclusively within red blood cells, oxygen distribution 

through the circulatory system depends on the movement of these RBCs within the 

microcirculation. Therefore, the regulation of oxygen distribution is fundamentally achieved as a 

function of the microcirculatory system, which ensures that oxygen is distributed in accordance 

with the metabolic demands of the specific tissues50,51. For example, skeletal muscle, which can 

increase its oxygen consumption by up to 100-fold during exercise52, relies on the precise 

regulation of microvascular blood flow to match oxygen supply with metabolic demand.      

2.1.4 Microcirculation and Tissue Oxygenation in the Brain and Skeletal Muscle 

The brain and skeletal muscle, while both highly dependent on efficient microcirculation for 

optimal functionality, exhibit distinct physiological demands and microvascular mechanisms and 

adaptations2,40,53.  The brain requires a constant and tightly regulated supply of oxygen to maintain 

neuronal activity and prevent damage. In contrast, skeletal muscle needs to adjust its oxygen 

delivery dynamically to meet varying metabolic demands during rest and exercise53,54. 

2.1.5 Microcirculation in the Brain. 

Microcirculation in the brain can be discussed and reviewed based on four distinct features: 

Structural Characteristics, Cerebral Regulation of Blood Flow, Oxygen Delivery and Tissue 

Oxygenation, and Pathophysiology of Microcirculation in the Brain. These aspects are critical for 

understanding how the brain maintains its highly efficient functionalities.  

2.1.5.1 Structural Characteristics: 

The microvascular mechanism of the brain is uniquely designed to maintain a stable internal 

environment. 

Blood-Brain Barrier (BBB): The Blood-Brain Barrier is formed by specialized endothelial cells 

with tight junctions, limiting paracellular permeability. Astrocytic end-feet surrounds the 

capillaries, providing structural support and regulating Blood-Brain Barrier function55,56. 

Pericytes, which is embedded in the capillary basement membrane, contribute to Blood-Brain 

Barrier integrity of and blood flow regulation56. The Blood-Brain Barrier strictly controls the 

passage of molecules into the brain, protecting it from harmful substances and maintaining ionic 

homeostasis57. 
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Capillary Density and Morphology:  Capillary density in the brain is exceptionally high-

averaging 2,500–3,000 capillaries per mm³ ensuring nearly every neuron is closely supplied with 

oxygen and nutrients55,58,59. These capillaries form a dense, interconnected network with 

specialized continuous endothelial cells joined by tight junctions, constituting the blood-brain 

barrier that restricts the passage of plasma proteins and large molecules, thereby maintaining the 

brain’s microenvironment58. Capillary walls are supported by pericytes and encased in a basal 

lamina, with astrocytic end-feet further modulating barrier function and neurovascular 

signaling58,60. 

Cerebral arterioles, branching from pial arteries, possess a single layer of smooth muscle and are 

primarily responsible for regulating microvascular pressure and flow into capillaries58,61. These 

arterioles are tightly integrated into the neurovascular unit, responding to neuronal metabolic 

demand and contributing to functional hyperemia58,60. Capillaries drain into post-capillary venules, 

which lack smooth muscle and gradually merge into larger cortical veins, ultimately emptying into 

dural venous sinuses60,61. Venous components also participate in interstitial fluid and waste 

clearance, interfacing with meningeal lymphatic vessels60. 

This hierarchical and specialized vascular architecture supports precise neurovascular coupling, 

efficient nutrient delivery, and waste removal, all critical for maintaining brain health and 

function58,60,61. 

2.1.5.2 Regulation of Blood Flow: 

Cerebral blood flow is strictly regulated to meet the cerebral metabolic demands. 

Cerebral Autoregulation: Cerebral autoregulation (CA) is a vital neuroprotective mechanism 

that maintains stable cerebral blood flow (CBF) despite fluctuations in systemic blood pressure, 

thereby protecting the brain from hypoperfusion during hypotension and hyperperfusion during 

hypertension62. This mechanism was first described in humans by Lassen63  and is illustrated by 

the triphasic "The Lassen curve" ( refer Figure 2.1 ), which depicts how CBF responds to changes 

in mean arterial pressure (MAP). In the first phase, when MAP falls below the lower limit of 

autoregulation (LLA)  (typically < 60 mmHg), the CA mechanism fails, making CBF pressure-

passive and linearly dependent on MAP, resulting in cerebral hypoperfusion and ischemia64 . The 

second phase is the plateau phase, where CBF remains constant across a MAP range of 

approximately 60–150 mmHg due to effective autoregulation. In the third phase, when MAP 
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exceeds the upper limit of autoregulation (ULA) (typically >150 mmHg), the autoregulatory 

mechanism again fails, causing CBF to increase passively with MAP and potentially leading to 

cerebral hyperperfusion and edema65–67. 

Neurovascular Coupling: Neurovascular coupling refers to the close relationship between 

neuronal activity and local blood flow68,69. Functional hyperemia, the increase in blood flow in 

response to neuronal activity, ensures that active brain regions receive adequate oxygen and 

glucose70. Astrocytes, neurons, and endothelial cells coordinate blood flow by releasing vasoactive 

substances in response to neuronal signals71. 

2.1.5.3 Oxygen Delivery and Tissue Oxygenation 

The brain relies on a high rate of oxygen delivery (Q̇O₂) to support its energy-intensive functions. 

Oxygen Extraction Fraction: The Oxygen Extraction Fraction (OEF) is the proportion of oxygen 

removed from the blood by tissue as blood passes through the capillaries, reflecting the balance 

between oxygen delivery and consumption72. Under normal conditions, the brain maintains an 

OEF of approximately 30% to 40%, extracting approximately one-third of the delivered oxygen 

while leaving the rest in venous return73–75. This moderate extraction efficiency contrasts with its 

disproportionate metabolic demands despite constituting only 2% of body mass, and it 

consumes 20% of systemic oxygen76. This oxygen surplus provides hemodynamic redundancy, 

The Lassen curve of Cerebral Autoregulation: Cerebral Blood Flow (CBF) in arbitrary units 

(A.U.) is plotted against Mean Arterial Pressure (MAP) to demonstrate Cerebral 

Autoregulation (CA). 

Figure 2.1 : The Lassen Curve of Cerebral Autoregulation 
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allowing stable cerebral metabolism despite blood flow fluctuations. The brain receives 15-20% 

of cardiac output76 perfusion over-extraction efficiency compared to organs like the heart (OEF 

>60%)77. This physiology reflects evolutionary optimization for continuous oxygen delivery rather 

than maximal extraction, crucial for maintaining neural function given the lack of oxygen reserves. 

Oxygen Gradients: Oxygen diffuses from capillaries to neurons and glial cells along oxygen 

gradients78. The distance that oxygen must diffuse from the capillary to the cell influences the 

oxygen tension in the tissue. Factors such as blood flow, arterial oxygen content, and diffusion 

distance affect oxygen delivery to the brain78. 

2.1.5.4 Pathophysiology of Cerebral Microcirculation in Critical Illness 

The critical illness causes significant disruptions in cerebral microcirculation, which impact 

oxygen and other nutrient delivery and potentially lead to severe neurological complications 

requiring intensive care unit management46. 

Sepsis-Associated Encephalopathy: Sepsis, a systemic inflammatory response to infection, can 

trigger Sepsis-Associated Encephalopathy. Sepsis-associated encephalopathy is characterized by 

blood-brain barrier dysfunction, neuroinflammation, and impaired cerebral microcirculatory blood 

flow79. These changes can lead to neuronal injury, cognitive impairments, and increased 

mortality80. ICU management involves addressing the underlying infection, controlling 

inflammation, and supporting cerebral perfusion pressure to maintain adequate oxygen delivery81. 

Acute Respiratory Distress Syndrome (ARDS): Acute Respiratory Distress Syndrome is a 

severe form of acute lung injury that can indirectly affect cerebral microcirculation82. Hypoxemia 

and hypercapnia associated with ARDS can impair cerebral autoregulation and increase 

intracranial pressure82,83. Moreover, mechanical ventilation strategies, while life-saving, can have 

adverse effects on cerebral blood flow. ICU care focuses on optimizing oxygenation and 

ventilation while carefully monitoring and managing intracranial pressure and cerebral perfusion83. 

Cardiac Arrest and Resuscitation: Cardiac arrest leads to global cerebral ischemia, causing 

severe microcirculatory damage upon restoration of circulation84. Reperfusion injury is 

characterized by inflammation, oxidative stress, blood-brain barrier disruption, and worsened 

neuronal damage85. Targeted temperature management and precise hemodynamic control are 



13 

 

critical components of ICU care to minimize secondary brain injury and improve neurological 

outcomes following cardiac arrest86. 

Severe Traumatic Brain Injury (TBI): Severe TBI often results in widespread microcirculatory 

dysfunction, including Blood-brain barrier breakdown, edema formation, and impaired cerebral 

blood flow autoregulation87. These irregular microvascular changes contribute to secondary brain 

injury, increasing morbidity and mortality3. ICU management strategies include intracranial 

pressure monitoring and control, cerebral perfusion pressure optimization, and interventions to 

mitigate neuroinflammation88–91. 

2.1.6 Microcirculation in Skeletal Muscle 

Microcirculation in skeletal muscle can be evaluated based on several key aspects: Structural 

Characteristics, Regulation of Blood Flow, Oxygen Delivery and Tissue Oxygenation, and 

Pathophysiology of Microcirculation in Skeletal Muscle. These features collectively determine the 

effectiveness of oxygen and nutrient supply to meet the dynamic metabolic demands of skeletal 

muscle tissue. 

2.1.6.1 Structural Characteristics 

The skeletal muscle microvascular system is a hierarchically organized network of arterioles, 

capillaries, and venules that dynamically regulates oxygen delivery to meet metabolic 

demands. Arterioles, the primary resistance vessels, govern bulk blood flow distribution via 

vasomotor responses to local metabolic signals, neural input, and mechanical 

forces92,93. Capillaries form interconnected modules (CMs) of 10–20 parallel vessels originating 

from terminal arterioles (TAs) and draining into post-capillary venules (PCVs)51,93. These CMs 

are structurally arranged into longitudinal columns termed capillary fascicles (CFs), which align 

with muscle fascicles to optimize spatial coordination between perfusion and contractile 

activity93. CFs exhibit marked heterogeneity in capillary topology, with converging/diverging 

bifurcations creating non-uniform red blood cell hemodynamics93. 

Venules not only drain deoxygenated blood but may participate in flow regulation through 

pressure adjustments, particularly in paired CMs sharing common TAs or PCVs. At rest, >90% of 

capillaries are perfused, with RBC supply modulated by arteriolar tone and capillary-level 

rheological adaptations92,93. During exercise, CFs enhance Q̇O₂ by increasing RBC velocity and 

hematocrit, while reducing flow heterogeneity to match elevated oxidative demands92. The CF’s 
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modular design enables localized flow regulation, allowing skeletal muscle to sustain the increase 

in metabolic demand during activities93.  

2.1.6.2 Regulation of Blood Flow 

Skeletal muscle blood flow is regulated by local metabolic factors, the sympathetic nervous 

system, and the muscle pump. 

Local Metabolic Control: Vasodilation occurs in response to increased metabolic activity in 

skeletal muscle. Factors such as adenosine, potassium, and nitric oxide mediate this vasodilation94. 

Sympathetic Nervous System: The sympathetic nervous system causes vasoconstriction in 

skeletal muscle at rest95. During exercise, functional sympatholysis occurs, where local metabolic 

factors override the sympathetic vasoconstriction, leading to vasodilation and increased blood 

flow94. 

Muscle Pump: The muscle pump refers to the mechanical effect of muscle contraction on blood 

vessels. Contraction compresses vessels, increasing venous return, while relaxation dilates vessels, 

enhancing blood flow96. 

2.1.6.3 Oxygen Delivery and Tissue Oxygenation 

Oxygen delivery to skeletal muscle is influenced by blood flow, capillary recruitment, and 

myoglobin. 

Oxygen Extraction Fraction: The Oxygen Extraction Fraction in skeletal muscle reflects the 

balance between oxygen delivery and consumption (VO₂), governed by microvascular 

hemodynamics and capillary hematocrit dynamics97. At rest, approximately 80% of capillaries 

sustain continuous red blood cells and plasma flow, maintaining a mean capillary PO₂ of ~30 

mmHg despite heterogeneous perfusion97,98. This ensures moderate OEF (~ 30% – 40%) through 

preserved diffusive oxygen conductance (DO₂) via capillary RBC spacing and interstitial PO₂ 

gradients. During exercise, hyperemia elevates RBC flux and velocity, increasing capillary 

hematocrit97. Longitudinal recruitment enhances oxygen delivery by extending the capillary length 

available for exchange by reducing inter-RBC gaps and optimizing transit time97. These 

adaptations maintain OEF efficiency (up to 80–90%) despite elevated VO₂, preventing significant 

declines in microvascular PO₂. 
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In disease states like heart failure and diabetes, impaired capillary hemodynamics reduce the 

proportion of RBC perfused capillaries97,99. This diminishes both QO₂ (impaired perfusion) and 

DO₂, lowering OEF and slowing VO₂ kinetics100.  

Oxygen Gradients: Oxygen diffuses from capillaries to muscle fibers along oxygen 

gradients78,101,102. Myoglobin, an oxygen-binding protein in muscle, facilitates oxygen diffusion 

and storage. Factors such as blood flow, capillary recruitment, and myoglobin content affect 

oxygen delivery to skeletal muscle78,103. 

2.1.6.4 Pathophysiology of Skeletal Muscle Microcirculation in Critical Illness. 

Critical illness causes significant disruption in skeletal muscle microcirculation, compromising its 

ability to function optimally. This disruption causes muscle dysfunction, weakness, and poor 

outcomes, requiring ICU-level interventions. 

Sepsis-Induced Muscle Weakness: Sepsis can cause profound muscle weakness, known as 

sepsis-induced muscle weakness, due to microcirculatory dysfunction, mitochondrial damage, and 

impaired protein synthesis104. Reduced capillary perfusion and increased endothelial dysfunction 

limit oxygen and nutrient delivery to muscle fibers, accelerating muscle wasting64. Early 

mobilization and nutritional support are essential components of ICU care to preserve muscle mass 

and function105,106. 

Multiple Organ Dysfunction Syndrome (MODS): Multiple Organ Dysfunction Syndrome is a 

common complication of critical illness, which causes the simultaneous dysfunction of multiple 

organ systems, including the cardiovascular and respiratory systems, which impacts tissue 

oxygenation107. Microcirculatory dysfunction in skeletal muscle contributes to overall metabolic 

derangement and increased mortality. ICU management focuses on supporting organ function, 

optimizing oxygen delivery, and controlling inflammation108. 

Prolonged Immobilization: Prolonged bed rest and immobilization in the ICU can lead to muscle 

atrophy and reduced microvascular density in skeletal muscle109. This reduced microcirculation 

impairs the delivery of oxygen and nutrients, exacerbating muscle weakness and delaying 

recovery. Early mobilization and rehabilitation programs are crucial for preventing muscle wasting 

and promoting functional recovery110. 
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Critical Illness Polyneuropathy and Myopathy (CIPNM): Critical Illness Polyneuropathy and 

Myopathy are common in critically ill patients and involve nerve and muscle damage, often linked 

to microcirculatory abnormalities111,112. Reduced capillary perfusion and endothelial dysfunction 

contribute to nerve and muscle ischemia, leading to weakness and sensory deficits112. Management 

involves careful glycemic control, minimizing exposure to neuromuscular blocking agents, and 

implementing early rehabilitation strategies111. 

2.1.7 Comparative Overview of Microcirculation Physiology between Brain and Skeletal 

Muscle 

The microvasculature of the brain and skeletal muscle exhibits key structural differences that 

reflect their distinct functional requirements. In the brain, capillaries are continuous, characterized 

by tight junctions that form the blood-brain barrier, strictly regulating the passage of substances 

into the brain. While skeletal muscle capillaries are also continuous, they exhibit a more porous 

endothelial lining to facilitate rapid nutrient delivery and waste removal during activity113. The 

permeability of skeletal muscle capillaries adapts dynamically to metabolic demands, such as 

during exercise 

Capillary density is high in the brain to meet its constant and high metabolic demands, while in 

skeletal muscle, capillary density varies depending on fiber type, with oxidative fibers having a 

richer capillary supply than glycolytic fibers58.  

The regulation of blood flow in the brain and skeletal muscle involves distinct mechanisms tailored 

to their specific needs. The brain relies on strict and precise cerebral autoregulation to maintain 

constant blood flow despite fluctuations in blood pressure, while skeletal muscle blood flow is 

primarily governed by local metabolic control58,94,114. While both tissues respond to metabolic 

signals, the specific factors differ; the brain responds to CO2, H
+, adenosine, and NO, whereas 

skeletal muscle responds to adenosine, potassium, and NO94.  

Cerebral autoregulation is primarily governed by myogenic mechanisms, though the autonomic 

nervous system also contributes to its modulation115,116. The influence of sympathetic and 

parasympathetic innervation on the neurogenic control of cerebral blood flow remains 

incompletely understood in the current literature116. Skeletal muscle microvascular autoregulation 

is primarily regulated by the sympathetic nervous system58,95,117.  
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Functional hyperemia in the brain is mediated by neurovascular coupling, where neuronal activity 

directly triggers localized vasodilation to match oxygen delivery to metabolic demand. In contrast, 

skeletal muscle maintains basal perfusion of ~80% of capillaries at rest via continuous RBC flow, 

even during inactivity97,98. During exercise, muscle hyperemia elevates RBC flux and velocity, 

increasing capillary hematocrit through longitudinal recruitment optimizing oxygen extraction by 

reducing inter-RBC gaps97. This structural reserve allows skeletal muscle to amplify oxygen 

diffusion capacity without relying on neurovascular signaling, unlike the brain.  

Cerebral perfusion pressure (CPP), defined as the difference between MAP and intracranial 

pressure (ICP), is primarily dependent on MAP to sustain adequate cerebral blood flow within the 

narrow range governed by myogenic autoregulation116,118. In contrast, skeletal muscle, the largest 

organ in the body acts as the main effector of systemic vascular resistance (SVR) through the 

influence of the sympathetic nervous system58,95,117. While MAP serves as the key determinant of 

CPP, it is itself regulated primarily by the SVR of skeletal muscle under sympathetic control119. 

Thus, although cerebral and skeletal muscle microvascular hemodynamics appear to be 

independently regulated via distinct autoregulatory mechanisms, the central role of MAP suggests 

a potential underlying interrelationship between brain and skeletal muscle perfusion that has yet 

to be fully explored in current literature. Although a study by Mirsajadi et al. demonstrated a 

moderate correlation between MAPopt values in the brain and skeletal muscle24, it did not evaluate 

the physiological coherence of microvascular hemodynamics between the brain and skeletal 

muscle. 

Microvascular dysfunction in the brain and skeletal muscle significantly impacts critical illness, 

worsening patient outcomes. While current academic literature has focused on organ-specific 

pathology, the interconnection between brain and muscle microvascular dysfunction in critical 

illness remains understudied3,4. Understanding this relationship is crucial for developing a holistic 

approach for ICU care and improving patient outcomes. Addressing this knowledge gap could lead 

to promising approaches for future research and clinical practice in ICU care, such as early 

treatments and disease management strategies to mitigate microvascular damage, preserve organ 

function, and enhance long-term outcomes in critically ill patients. Further investigation into this 

area may reveal new insights for optimizing personalized treatment approaches and patient care in 

intensive care settings. 
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2.2 Near-Infrared Spectroscopy (NIRS) 

Near-Infrared Spectroscopy (NIRS) is a non-invasive monitoring technology that utilizes20–22,24  

specific infrared wave with wavelengths ranging from 650 to 1000 nm to investigate and monitor 

molecular compositions and physiological states. The origin and the evolution of NIRS can be 

traced back to early infrared spectroscopy developments in the 20th century. The 1990s marked a 

turning point with critical technological advancements that enabled the creation of portable 

systems capable of real-time monitoring120,121. The advancements in portable optics and 

computational models have enhanced NIRS technology into playing a significant role in real-time 

monitoring applications across various fields, including biomedical monitoring, agricultural 

monitoring, and material science122–124.  

2.2.1 Basic Principles of NIRS 

The basic operational principles behind NIRS relies on light-matter interactions where near-

infrared photons penetrate biological tissues. These photons released from source of NIRS sensor 

undergo absorption by chromophores and scattering due to cellular structures125,126. The scattered 

light is then captured by the NIRS sensor receiver and analyzed to quantify changes in absorption 

as a function of wavelength in the NIRS spectrum127, which correlate directly with the 

concentrations of specific molecular components in the cellular structures. 

The real time measurement of microcirculation in human tissue is achieved by monitoring the real 

time changes in the concentration of specific chromophores that serve as indicators of 

microvascular hemodynamics. Blood is composed of red blood cells, white blood cells, platelets, 

plasma, and various solutes. Among these components, hemoglobin is a key chromophore found 

exclusively within red blood cells, which exhibit time-dependent variability in human tissues. 

Thus, this variability makes hemoglobin a valuable marker for assessing microcirculatory 

function128,129. Based on oxygen-binding status, hemoglobin exists in two key chromophore states: 

O2Hb and HHb. These chromophores exhibit distinct optical absorption characteristics within the 

NIRS spectrum126,130. By quantifying time-dependent changes in the concentrations of O2Hb and 

HHb, it is possible to infer the dynamic regulation of red blood cell distribution within the 

microvasculature129. Consequently, NIRS-based monitoring of these chromophores provides a 

non-invasive method for assessing total hemoglobin [02Hb+HHb] concentration, fluctuations 

reflecting real-time changes in microvascular activity127. 
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As 02Hb and HHb are the key chromophores of interest to measure microcirculation in the tissue, 

NIRS utilize an optical window of wavelengths between 700nm  -1000nm 126,130. This range is 

particularly significant as it balances tissue penetration capabilities allowing penetration depths of 

up to 5 cm and minimizes water absorption interference20.  

Apart from the absorption properties of the chromophore of interest, several parameters influence 

the accuracy and reliability of NIRS measurements20. The composition of the organ of interest, 

characterized by its layered structures/tissues, could alter photon path lengths and scattering 

properties. The Differential length factor (DPF) is employed to correct for these scattering effects, 

facilitating more accurate quantification of chromophore concentrations.  

To quantitatively interpret the attenuated raw light intensities of NIRS spectrum by distinct 

absorption characteristics of O2Hb and HHb, mathematical modeling is applied. The Beer–

Lambert Law131,132 provides the theoretical foundation for converting measured light attenuation 

into meaningful estimates of concentration changes of 02Hb and HHb over time. This relationship 

is mathematically expressed as,  

A = log (
I

Io
) = εcl ----- (1) 

where 𝐴 represents attenuation of intensity of transmitted light 𝐼𝑜 to intensity of detected light 𝐼 as 

a logarithmic ratio, 𝜀 denotes molar extinction coefficient, 𝑐 denotes concentration, and 𝑙 indicates 

direct path length between source and detector. However, human biological tissues present 

limitations due to scattering effects that distort linearity; thus, modified models are often necessary. 

To address these limitations, the Modified Beer-Lambert Law133 incorporates adjustments for 

wavelength-dependent scattering and DPF, 

A = εcl ⋅ DPF + G ----- (2) 

where 𝐺 accounts for scattering coefficient of the tissue and source detector configurations of the 

sensor. This modified equation enhances accuracy in the oxygenation monitoring by providing a 

more reliable framework for interpreting NIRS data. 

Based on the explained theoretical foundation, different types of NIRS devices are developed 

utilizing distinct approaches to measure oxygenation and interpret the complex characteristics of 

absorption and scattering within human tissues20,22. 
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Continuous Wave (CW) NIRS: Continuous Wave NIRS employs constant intensity light for 

measuring attenuation changes in tissue. This method is characterized by its low cost and portable 

systems that facilitate real-time monitoring; however, it faces limitations regarding semi-

quantitative results due to unknown scattering coefficients134 . 

Time-Resolved Spectroscopy (TRS) NIRS: Time-Resolved Spectroscopy utilizes photon time 

of flight measurements to compute absolute absorption and scattering coefficients. This technique 

allows for depth resolved analysis of brain tissue oxygenation, enhancing its clinical utility in 

neuroimaging applications134. 

Spatially Resolved Spectroscopy (SRS) NIRS: Spatially Resolved Spectroscopy NIRS utilizes 

the fundamental CW NIRS principle with a single light source and multiple source-detectors to 

obtain multiple source-detector distances. Based on the spatial distribution of the attenuated light, 

SRS NIRS calculated the relative concentrations of chromophores: O2Hb and HHb. SRS NIRS is 

one of the widely used NIRS device systems as it provides high-time resolution with better Signal-

to-noise ratio(SNR) and a technically simpler setup than TRS NIRS135.  

Frequency-Domain (FD) NIRS: Frequency-Domain NIRS operates by modulating light intensity 

at high frequencies ranging from 50 to 1000 MHz to resolve optical properties more effectively. 

FD-NIRS can measure the absolute concentration of total hemoglobin in tissue. This ability to 

provide absolute, rather than just relative, hemoglobin measurements significantly enhance the 

clinical applicability and accuracy of FD-NIRS. Recent advancements in digital parallel 

acquisition systems have significantly improved both the speed and accuracy of this method134,136.  

2.2.2 Applications of NIRS in Health and Biomedical Research 

Due to its non-invasive nature and ability to provide high-resolution, real-time monitoring of 

microvascular hemodynamics, NIRS has found broad applications in health and biomedical 

research. The compact sensor design and portability of NIRS further facilitate ease of use across 

various anatomical sites. These features of NIRS sensors have contributed to its growing 

application in critical care settings, where continuous, localized microvascular hemodynamics 

monitoring is vital for assessing patient status, deriving biomarkers, and guiding therapeutic 

interventions. 
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NIRS has been extensively utilized to monitor skeletal muscle microcirculation in ICU patients, 

providing real-time insights into microvascular hemodynamics. A meta-analysis by Neto et al. 

demonstrated that lower baseline StO₂ and slower reperfusion in septic patients correlate with 

increased mortality, supporting the use of thenar muscle StO₂ measurement as a prognostic tool137. 

Collet et al. showed that skeletal muscle StO₂ responds rapidly to fluid resuscitation, often 

preceding systemic hemodynamic changes138. Samraj et al. demonstrated the feasibility of using 

NIRS to assess thenar oxygen saturation during the Vascular Occlusion Test in pediatric patients, 

enabling the detection of microcirculatory impairment in children with heart failure139.                          

More recently, Mirsajadi et al. introduced a novel method using NIRS to derive skeletal muscle-

specific optimal mean arterial pressure in ICU patients, enabling personalized blood pressure 

targets based on microvascular autoregulation24.  Altogether, these applications illustrate the utility 

of NIRS-based microvascular monitoring in skeletal muscle for the early detection of 

microvascular dysfunction and individualized hemodynamic management in critical care. 

Similarly, NIRS has been extensively employed for cerebral microvascular hemodynamics 

monitoring in the ICU. It has proven particularly useful in critically ill patients, such as those with 

traumatic brain injury (TBI), by enabling continuous tracking of cerebral oxygenation and 

autoregulation. This facilitates the early detection of secondary brain injuries and supports timely 

interventions140,141. Studies have shown that cerebral biomarkers, such as cerebrovascular 

reactivity, can be derived from NIRS-based regional oxygen saturation measurements and used as 

clinical indicators to evaluate cerebral autoregulation142–144. Rivera-Lara et al. further 

demonstrated that NIRS-derived cerebral oximetry index (COx) values are associated with 

increased mortality in neurocritical patients145. These findings underscore the value of cerebral 

NIRS in guiding individualized cerebral hemodynamic targets, thereby enhancing the precision 

and responsiveness of neurocritical care. Although many studies have focused on organ-specific 

microvascular hemodynamics monitoring using NIRS-derived clinical indicators and utilizing it 

as a prognostic tool, very few studies have explored simultaneous multi-site NIRS monitoring24,146. 

However, these limited studies did not evaluate simultaneous microvascular monitoring of the 

brain and skeletal muscle, nor did they evaluate the time-frequency relationships between 

microvascular hemodynamics across these organs. These factors highlight a distinct knowledge 

gap that should be further explored. 
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2.3 Digital Signal Processing: Overview  

2.3.1 Overview of Time-Frequency Analysis 

In the field of  Digital Signal Processing, time-frequency analysis has been deeply explored in the 

research  literature 147,148. The time-frequency representation of signals enables the examination of 

dynamic and transient characteristics, including frequency, amplitude, phase, and correlation 

values. Time-frequency analysis allows for both global and local assessments of the signal with 

respect to time and frequency, providing a comprehensive understanding of the signal 

behavior149,150. 

Naturally occurring signals that are a function of time exhibit unique transient characteristics151. 

In the context of this study, Physiological signals: Near-Infrared Spectroscopy (NIRS) and Arterial 

Blood Pressure (ABP) are inherently non-stationary in nature and reflect dynamic and transient 

physiological states and responses of the human body152–156.  Therefore, these dynamic and 

transient characteristics of physiological signals needed to be evaluated with higher resolution in 

both time and frequency domains to assess the underlying physiological processes. Such analyses 

are critical for evaluating complex interactions within human physiological systems and achieving 

a clear and accurate understanding of underlying human physiological processes.  

The next sections will discuss fundamental methodologies for analyzing the frequency domain of 

signals and their extensions of time-frequency analysis and the time-frequency analysis 

representations of signals. Subsequently, the discussion will focus on the utilization of the 

application of time-frequency analysis to evaluate the similarities and relationships between two 

time series signals.  

2.3.2 Fourier Transform Analysis 

Fourier transform is a mathematical tool introduced by Joseph Fourier157 for decomposing signals 

into an infinite but discrete set of harmonic components.  Fourier transform158 of a function of time 

𝑓(𝑡) or a signal defined by, 

𝑓(𝜔) = ∫ 𝑓(𝑡)e−iωt
∞

−∞

 dt ----- (3) 

where 𝑓(𝜔) is a function of frequency and 𝑓(𝑡) is stationary and continuous the signal.  In Fourier 

transform analysis, it measures the circular frequency 𝜔 of   𝑓(𝑡)  and transforms the time domain 
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function into the frequency domain function. Fourier transform produces the Fourier spectrum, 

which reveals information about all the frequencies in 𝑓(𝑡) and their respective intensities. 

In spite of its effectiveness as a mathematical tool for analyzing the frequency spectrum of 

continuous stationary signals, Fourier analysis has two significant drawbacks. Firstly, the Fourier 

transform is not suitable for analyzing non-stationary signals, which are prevalent in most real-

world scenarios. This limitation limits the applicability of Fourier analysis for signals like NIRS 

and ABP. Secondly, the Fourier transform provides only a global representation of frequency 

information, lacking local details that reflect changes in signals over time and frequency.  

To address these drawbacks, the Short-Time Fourier Transform (STFT)159–162 was introduced as 

an extension of the Fourier transform. The STFT analyzes the frequency content of a signal within 

a specific time window, denoted by 𝑤(𝑢). In mathematical expression163 𝑤(𝑢 − 𝑡) represents the 

shifting of the time window function to a specific time t of the signal. The Short-Time Fourier 

Transform of a function 𝑓(𝑡) is represented as F(ω, 𝑡) where 𝜔 denotes the frequency at time t of 

the time window 𝑤(𝑢 − 𝑡) for the original signal. This approach allows for a more detailed 

examination of how frequency components evolve over time, making it particularly useful for 

analyzing non-stationary signals. 

F(ω, t) = ∫ x(u)w(u − t)e−jωudu
∞

−∞

 ----- (4) 

  

Although the STFT provides localized information about the frequency content at a specific time t, 

its time-frequency resolution depends on the size of the time window function 𝑤(𝑢). According 

to the Heisenberg uncertainty principle164 , a longer time window (which corresponds to signal 

content with longer wavelengths) results in higher frequency resolution but reduces time 

resolution. In contrast, a shorter time window (which corresponds with shorter wavelengths) gives 

higher time resolution at the expense of frequency resolution. 

The relationship between time and frequency resolution can be expressed by the Heisenberg 

uncertainty principle, which states:  

Δt ⋅ Δf ≥
1

2
 ----- (5) 

where Δt  represents the uncertainty in time and Δf  represents the uncertainty in frequency. 
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Since the window function used in STFT is non-adaptive and fixed, it limits the ability to achieve 

a microscopic time-frequency analysis of a signal. Therefore, depending on the application 

requirements, methodologies that provide improved time-frequency resolution should be 

considered if needed. 

2.3.3 Introduction to Wavelet Analysis 

Physiological signals are, in general, non-stationary. Therefore, a mathematical tool with adaptive 

microscopic zooming capabilities that measure both dynamics and transient characteristics on both 

local and global scales is required to analyze these non-stationary signals with higher time-

frequency resolution.  

Jean Morlet, a French Geophysicist and engineer, introduced “Wavelet transform”165,166, which 

provides a mathematical tool designed to analyze and capture high-frequency transient and low-

frequency components in signals with higher time-frequency resolution. Wavelet transform is 

based on a family of waveform functions named ‘wavelets’ generated from the translation and 

dilation of a base waveform function named “Mother Wavelet ψa,b(t).” The Wavelet function is 

defined by, 

ψ𝑎,𝑏(𝑡) =
1

√|𝑎|
ψ (

𝑡 − 𝑏

𝑎
) ,  𝑎, 𝑏 ∈ 𝑅,  𝑎 ≠ 0 ----- (6) 

In this mathematical expression (Eq. 6) of the wavelet function, a is defined as the scaling 

parameter, which measures the ratio of stretching or expansion of the scale relative to the Mother 

wavelet, and translation parameter b determines the time location of the wavelet in the signal. 

When the mother wavelet is stretched, the family of wavelet functions having |𝑎|  <  1  

corresponds to higher frequencies. In contrast, when the mother wavelet is expanded, where 

wavelets with |𝑎|  >  1  correspond to lower-frequency components. Thus, this adaptive scaling 

capability of the wavelets enhances the zooming of frequencies to analyze signals with higher 

time-frequency resolutions. Although the time-frequency resolution of wavelets is still constrained 

by the Heisenberg uncertainty principle, this adaptive scaling of wavelets provides a fine-tuned 

time-frequency representation. 

To qualify as a wavelet function, it must satisfy the “admissibility conditions”, which includes two 

key requirements: 
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1. Zero Mean: The average value of the wavelet function must be zero. 

2. Unit Energy: The total energy of the wavelet function should be normalized to one. 

These conditions ensure that the wavelet can effectively analyze signals without introducing bias 

or distortion. 

2.3.4 Wavelet Transform 

The wavelet transform is defined as the convolution operation between a time-domain 

function 𝑓(𝑡) (such as a physiological signal) and scaled and translated versions of the mother 

wavelet ψ𝑎,𝑏(𝑡). There are two primary forms of wavelet transforms: the Continuous Wavelet 

Transform (CWT) and the Discrete Wavelet Transform (DWT). 

The CWT provides a continuous representation of the signal across all scales and translations, 

while the DWT employs a discrete set of scales and translations, resulting in a more compact 

representation. The mathematical formula for the continuous wavelet transform of a 

function 𝑓(𝑡) is given by: 

Wψf(a, b) =
1

√|a|
∫ f(t)ψ∗ (

t − b

a
) dt

∞

−∞

 ----- (7) 

Where 𝑊𝜓𝑓(𝑎, 𝑏) is the wavelet transformation of 𝑓(𝑡)  and 𝜓∗ is the complex conjugate of the 

wavelet function. 

For the discrete wavelet transform, the coefficients can be represented as: 

cjk = Wψf(2−j, k2−j) ----- (8) 

where j and k are integers representing the level of decomposition and position, respectively. 

2.3.4.1 Wavelet function 

The characteristics of signals that can be captured and analyzed from wavelet transforms depend 

significantly on the type of wavelet function used167–170. There are several factors that should be 

considered when selecting a wavelet function for wavelet analysis 149,171. 

I. Real wavelets or Analytical Wavelet :  Real valued wavelet functions with zero average 

that can capture various features such as discontinuities and sharp spikes in signals. On the 

other hand, Analytical wavelets are complex valued functions whose Fourier transforms 
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are supported only on the positive real axis. They are particularly useful for analyzing 

modulated signals and can provide phase information along with amplitude and frequency, 

making them effective for applications such as time-frequency analysis in biomedical 

signal processing. 

II. Orthogonal or Non-orthogonal: Orthogonal wavelet transform provides compact and 

rigid representation of signal while Non-orthogonal analysis provides smooth and 

continuous variation in wavelet representation. Thus, making Non-orthogonal wavelets are 

best suited for time-domain functions. 

III. Shape of Wavelet function waveform: The waveform of the Mother wavelet function 

should closely resemble the features and characteristics of the signals it is intended to 

analyze, as the similarity of shape of wavelet function enhances the effectiveness of 

wavelet analysis by giving highly accurate interpretation of the signal's properties.  

As explained above, an analytical wavelet like the Morlet wavelet, is better suited for analyzing 

physiological time series signals (such as NIRS) compared to the Haar wavelet. The Morlet 

wavelet with its complex and non-orthogonal properties able to capture oscillatory patterns present 

in physiological signals allows for a more accurate representation of   frequency, amplitude, and 

phase characteristics.  

2.3.4.2 Wavelet Based Approach of Comparative Analysis of Non-Stationary Time Series 

Comparative analysis of time series signals reveals the associations and relationships between the 

processes that generate these time series. In the case of stationary time series, global statistical 

measures can effectively analyze these associations, relationships, and similarities between 

processes. However, a higher-dimensional spare representation of the data is required for non-

stationary time series to extract and analyze the associations, relationships, and similarities 

between the processes that generate signals172,173. For example, physiological signals generated 

from different organs can reflect unique non-stationarity characteristics due to various internal and 

external factors174. Therefore, understanding the comparative analysis of these signals could 

evaluate the inter-relationships and associations between those organs. 

Statistical methods such as covariance175,176, cross-correlation177, Dynamic Time Warping 

(DTW)178,179, and Piecewise Aggregate Approximation (PAA)180 can be utilized for comparative 

analysis between two signals. However, methods like cross-correlation, DTW, and PAA are 
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inadequate for identifying similarities at the same time point in two-time series, as their 

calculations are based on shifted signals. While covariance can reveal the relationship between 

two signals, it only provides information in the time domain without any time-frequency 

representation. 

To conduct a meaningful comparative analysis of two time series in the time-frequency domain, it 

is essential to incorporate time-frequency representations of the signals. As discussed in earlier 

sections, Fourier analysis and wavelet analysis are better candidates for this purpose. Wavelet 

analysis, in particular, offers superior time-frequency representation. Thus, the following section 

will focus on the comparative analysis of two signals using wavelet-based approaches. 

2.3.4.3 Cross-Wavelet Transform 

The cross-wavelet transform, introduced by Liu et al.181 evaluates the covariance between two time 

series signals in the time-frequency spectrum. The cross-wavelet transformation is defined as 

follows: 

WXY(s) = X(s) ⋅ Y(s)∗ ----- (9) 

 

where 𝑊𝑋𝑌(𝑠) denotes the cross-wavelet coefficients, and 𝑋(𝑠) and 𝑌(𝑠) are the wavelet 

coefficients of the time series signals 𝑥(𝑡) and 𝑦(𝑡) using the same mother wavelet. The 𝑌(𝑠)∗ 

denotes the complex conjugate of 𝑌(𝑠). The cross-wavelet transform provides a time-frequency 

representation similar to wavelet power, and it is required that the same mother wavelet is used for 

the wavelet transformation of both time series signals 𝑥(𝑡) and 𝑦(𝑡). Depending on whether the 

chosen mother wavelet is real or analytic, the cross-wavelet transformation will be complex or 

real. If the cross-wavelet transform is complex, its absolute value |𝑊𝑋𝑌(𝑠)| : Cross-wavelet power 

(Eq. 9) or its squared absolute value (Eq. 10)  are typically used for visualization and analysis171,182. 

 |𝑊𝑥𝑦(𝑆)|
2

  =  |𝑋(𝑆) ⋅ Y(𝑆)∗|2 ----- (10) 

A significant value in |𝑊𝑋𝑌(𝑠)| occurs when the two-time series signals 𝑥(𝑡) and 𝑦(𝑡), exhibit 

higher energy at the same frequency and at the same time. Similar to covariance in the time domain, 

the cross-wavelet transform captures this combined energy dynamics of the non-stationary time 

series in a time-frequency representation. The local phase difference between the two signals does 

not impact these transient energy characteristics. 
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2.3.4.4 Wavelet Semblance  

The phasic relationship between two-time series gives insight into the inter-dependency of these 

time series signals. Extracting these phasic relationships between time series in time-frequency 

representation gives a better understanding of the signals and their underlying processes. The local 

phase 𝜃  of a complex 𝑊𝑥𝑦(𝑆) is given by its argument171,181. 

𝜃 = arg (𝑊𝑥𝑦(𝑆)) = tan−1 (
Im (𝑊𝑥𝑦(𝑆))

Re (𝑊𝑥𝑦(𝑆))
) ----- (11) 

The local phase θ, as defined by (Eq. 11), measures the phasic relationship between two-time series 

in a time-frequency representation, with values ranging from −π to +π. To achieve a standardized 

numerical measure of this phasic relationship with improved resolution, the Wavelet 

Semblance183 𝑊𝑆(𝑆) (Eq. 12) was introduced. 

𝑊𝑆(𝑆) = cos𝑛(𝜃) ----- (12) 

In this equation, 𝑛 represents a non-zero odd integer (𝑛 > 1). Higher values of 𝑛 increase the 

resolution and sensitivity of the semblance measure, with values of +1 indicating a correlated 

relationship, 0 indicating no correlation, and -1 indicating an inversely correlated relationship. 

However, since wavelet energy information does not account for the local phase relationship, 

wavelet semblance provides a standardized, energy-independent measure between two signals. 

Nonetheless, the absence of wavelet energy data can introduce noise sensitivity in wavelet 

semblance. Therefore, (Eq. 13) provide formula incorporating wavelet energy can enhance the 

analysis by providing a time-frequency representation that reflects both local phase relationships 

and local energy183. 

D(S) = |Wxy(S)|. cosn(θ) ----- (13) 

 

2.3.4.5 Wavelet Coherence 

Although cross-wavelet transformation provides a co-variance of wavelet energy between two-

time series in time-frequency representation, it does not reflect normalized local energy dynamics 

with respect to the time-frequency spectrum. 
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Normalization of the cross-wavelet transform provides a measure similar to the normalized 

correlation coefficient between two-time series. This normalization accounts for sample size, 

meaning it utilizes data points from the time-frequency spectrum of the cross-wavelet transform 

coefficients. The normalization process of the cross-wavelet transform, known as Wavelet 

Coherence171,181,184 𝑊𝐶(𝑠), is defined as the squared absolute value of the smoothed time-

frequency spectrum of the cross-wavelet transform for time series signals 𝑥(𝑡) and 𝑦(𝑡), 

normalized by their respective smoothed wavelet power spectrums. The mathematical expression 

for Wavelet Coherence is given by, 

WC(s) =
|⟨WXY(s)⟩|2

⟨|WX(s)|2⟩⟨|WY(s)|2⟩
 ----- (14) 

In this equation, ⟨⋅⟩ indicates smoothing in both the frequency and time domains. In the numerator, 

the cross-wavelet transformation is smoothed in both the real and imaginary components before 

taking its absolute value. For the denominator, the smoothing operation is applied after calculating 

the absolute wavelet power spectra. Since the cross-wavelet transform preserves covariance 

properties181,184, Wavelet Coherence is an accurate representation of the coefficient of 

determination181,182,184 ( 𝑅2) for linear relationships in the time-frequency domain between two-

time series signals. 

As Wavelet coherence is a normalized measure, its value ranges from zero to one. In a given time-

frequency space of two-time series, a value of zero indicates no linear relationship, while a value 

of one signifies perfect linear coupling. Values between zero and one represent varying degrees of 

linear relationship, with the specific value indicating the strength of the coupling. 

2.3.4.6 Significant Analysis for Wavelet Coherence and Wavelet Semblance 

Significance testing is crucial for interpreting results from wavelet analysis because it helps to 

distinguish meaningful relationships from random noise. In many cases, seemingly large peaks in 

wavelet-based quantities can be mere artifacts of randomness171,182. Therefore, significance tests 

establish a basis for accepting or rejecting a result with a degree of confidence. The null hypothesis 

(H0) for significance tests in this context is often based on the statistically significant thresholds 

generated using Monte Carlo simulations with red noise models171. This involves generating a 

large number of surrogate datasets, which mimic the statistical properties of the original time 

series, specifically using an autoregressive AR(1) process to account for red noise characteristics. 
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By calculating wavelet-based quantities like wavelet coherence across these surrogate datasets and 

comparing them to the original data, it can derive significance levels based on the distribution of 

wavelet-based quantities' values from the surrogates. Typically, around 1000 surrogate pairs are 

generated to ensure robust estimates of significance levels, allowing researchers to ascertain where 

the observed values of wavelet-based quantity exceed what would be expected by chance alone. 

The phase angle of the cross-wavelet transform, which represents the local phase difference 

between two time series at a given scale and time, is uniformly distributed for two independent 

Gaussian noise series185,186. This uniform distribution means that the phase angle is scattered across 

the entire range of ( −𝜋 , + 𝜋) without concentrating around any particular value187. Because of 

this, it is not possible to establish significance levels for the phase angle itself 185. In other words, 

it's difficult to determine if an observed phase angle is meaningful or simply due to random 

chance187. Due to this issue the significance test of the wavelet-based quantity like wavelet 

coherence acts as a proxy for assessing the meaningfulness of phasic relationship measures like 

wavelet semblance between two time series signals. This approach helps to identify genuine 

physical relationships between time series while disregarding random fluctuations188.  

2.3.5 Application of Wavelet Analysis in Physiological Time Series data 

Wavelet analysis has emerged as a powerful mathematical tool for time series analysis, offering a 

high-resolution, multi-scale framework that effectively addresses the limitations of conventional 

approaches such as the Fourier Transform and Short-Time Fourier Transform. Unlike these 

traditional methods, which assume signal stationarity and provide limited temporal resolution, 

wavelets are inherently well-suited for analyzing non-stationary data. They enable the detection of 

transient phenomena, the characterization of localized non-stationarities, and the tracking of 

evolving frequency components over time. This ability to achieve precise time-frequency 

localization is particularly vital when analyzing real-world signals, where dynamic and irregular 

changes in signal properties are common. 

Applications of wavelet analysis on time series gained widespread attention when Torrence and 

Compo et al. introduced wavelet analysis as a robust methodology for evaluating climate 

variability across multiple time scales in geoscience171, with an emphasis on practical applications 

and a step-by-step guide for the utilization and quantification of wavelet analysis in the time series 

analysis. Building on this foundation, Grinsted et al. demonstrated the utility of wavelet-based 



31 

 

techniques particularly cross-wavelet, wavelet semblance, wavelet coherence measures for 

analyzing co-variability and dynamic interdependencies among geophysical signals189. These 

methodological advancements have been instrumental in uncovering cyclic, periodic, and coupled 

behavior in complex geoscientific datasets. Thus, the successful application of wavelet analysis in 

geoscience has catalyzed its adoption in various other research domains, notably within the 

biomedical and health sciences research. 

Wavelet analysis has emerged as a powerful mathematical tool for analyzing physiological time 

series data, particularly in critical care settings as wavelets provide superior time-frequency 

resolution for non-stationary signals like NIRS and ABP, making them ideal for capturing the 

dynamic nature of bio-physiological processes. 

Highton et al. demonstrated the application of wavelet analysis to assess cerebral autoregulation 

in brain injured patients under intensive care. Their study employed wavelet transform to examine 

the dynamic relationships between spontaneous oscillations in mean arterial pressure and cerebral 

tissue oxygenation saturation, identifying time-scale dependent nature of cerebral autoregulation 

that correlated with neurological outcomes27. This multimodal approach enabled the detection of 

cerebrovascular reactivity that might be missed using conventional spectral analysis. 

Similarly, Garg et al. applied wavelet coherence analysis to investigate the physiological 

interdependence between cardiovascular and postural control systems under orthostatic stress190. 

Their innovative application revealed previously unrecognized dynamic interactions between 

blood pressure regulation and postural sway, demonstrating the interplay between the 

cardiovascular and postural systems while maintaining the homeostasis under orthostatic 

challenge. The wavelet-based methodology was crucial for uncovering these relationships as it 

allowed for the characterization of oscillatory components across a wide frequency range (0.01-

0.1 Hz), capturing both rapid and slow regulatory processes. 

In the context of neuromonitoring in ICU settings, Tian et al. employed wavelet coherence to assess 

regional differences in cerebral hemodynamics and autoregulation in neonates with mild 

encephalopathy25,26. Their studies have demonstrated that frontal-posterior heterogeneity in 

cerebral hemodynamics in neonates with mild encephalopathy, revealing regional differences in 

pressure autoregulation despite having intact global cerebral autoregulation25. This spatial 

heterogeneity would be difficult to detect using traditional spectral analysis methods, highlighting 
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the value of wavelet-based approaches in capturing the complex spatiotemporal dynamics of 

cerebral physiology. 

Hermans et al. applied wavelet coherence analysis to assess neurovascular coupling in neonates 

with hypoxic-ischemic encephalopathy by removing the confounding effects of arterial oxygen 

saturation when analyzing the relationship between EEG and regional cerebral oxygen 

saturation191. Their findings showed that decreased neurovascular coupling was associated with 

worse MRI outcomes. 

Wavelet analysis has also proven valuable in identifying early markers of patient deterioration in 

critical care settings. The ability to detect subtle changes in physiological signal patterns that 

precede clinical deterioration offers the potential for earlier intervention. As demonstrated by 

Bernjak and Stefanovska in their analysis of laser Doppler flowmetry signals, wavelets enable the 

resolution of oscillatory components at different time scales simultaneously, providing insights 

into the complex dynamics of microvascular blood flow that could indicate impending 

cardiovascular instability192. 

The application of these wavelet-based techniques has significantly advanced our understanding 

of complex physiological interactions in critical care settings, offering potential for advancing 

personalized care and improving clinical outcomes in critically ill patients. 
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2.4 Review of literature on evaluating Physiological coherence of microvascular 

hemodynamics between brain and skeletal muscle. 

Current literature demonstrates significant advancements in microvascular hemodynamics as a 

critical factor in tissue oxygenation and organ dysfunction during critical illness, yet studies remain 

substantially focused on organ-specific parameters rather than systemic 

coordination15,16,18,23. While studies using hr-NIRS have established prognostic value for cerebral 

(rSO₂) and skeletal muscle (StO₂) oxygenation metrics independently15–19, the physiological 

coherence of microvascular hemodynamics between these systems defined as their synchronized 

hemodynamic behavior remains poorly characterized. Notably, no studies have systematically 

evaluated time-frequency relationships or dynamic coupling between brain and skeletal muscle 

microcirculation despite their distinct autoregulatory mechanisms and shared dependence on 

systemic blood pressure193. 

 

Existing studies of the physiological coherence of microvascular hemodynamics have primarily 

examined either intra-organ synchrony (e.g., between cerebral regions) or isolated correlations 

with macro-hemodynamic variables like MAP23,25–27. While Mirsajadi et al. demonstrated 

technical feasibility in deriving organ-specific MAPopt values from hr-NIRS, their study did not 

analyze time-frequency coherence dynamics between organs or assess how these relationships 

differ across populations24. Furthermore, advanced signal processing methods like wavelet 

coherence and wavelet semblance, which were successfully applied to study neurovascular 

coupling and cardiovascular interactions, have not been extended to evaluate brain-skeletal muscle 

microvascular coordination23,25–27,194,195. 

 

Despite these technological and methodological advances, a critical knowledge gap persists in the 

literature regarding evaluating physiological coherence of microvascular hemodynamics between 

brain and skeletal muscle with cross-population comparisons. To date, no studies have directly 

contrasted patterns of brain–skeletal muscle microvascular coherence between ICU patients and 

healthy controls or between ICU survivors and non-survivors. This notable omission significantly 

limits the clinical translation of coherence metrics, as the altered brain–skeletal muscle 

microvascular coherence may serve as an early indicator of systemic microvascular dysregulation 

that precedes either the onset of organ failure or subsequent recovery. Additionally, although 
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organ-specific microvascular hemodynamic metrics currently demonstrate reliable indicators of 

patient outcome, the potential utility of brain–skeletal microvascular coherence as a biomarker for 

personalized hemodynamic management remains unexplored. Addressing this gap could provide 

crucial insights for guiding individualized interventions during critical illness, thereby improving 

patient outcomes. 

2.5 Conclusion of Literature review and Rationale for Thesis 

Considering the hypotheses and objectives outlined in the Introduction chapter, it is crucial to 

emphasize the current literature-based understanding of the physiological connection between 

cerebral autoregulation and the autoregulatory mechanisms of skeletal muscle microcirculation. 

Cerebral perfusion pressure and cerebral blood flow are tightly regulated by cerebral 

autoregulation, with MAP as the primary determinant. Importantly, MAP is predominantly 

governed by systemic vascular resistance of skeletal muscle under sympathetic nervous system 

control. Therefore, changes in skeletal muscle microvascular resistance can directly alter MAP, 

subsequently affecting CPP and engaging cerebral autoregulatory mechanisms. This cascade 

establishes a directional physiological link wherein systemic blood pressure acts as the central 

hemodynamic intermediary between cerebral and peripheral microcirculatory dynamics. 

 

Both the brain and skeletal muscle depend on precisely regulated microcirculation to maintain 

adequate oxygen and nutrient delivery. In the brain, microcirculation is characterized by a high 

capillary density and precise autoregulatory control, which protects brain function from 

fluctuations in blood pressure. In contrast, skeletal muscle microcirculation exhibits dynamic 

microvascular adaptations responsive to metabolic demand, particularly during exercise or critical 

illness. Despite these distinct regulatory strategies, both brain and skeletal muscle microvascular 

hemodynamic mechanisms are vulnerable to systemic hemodynamic disturbances, highlighting 

the critical importance of coordinated blood flow regulation and microcirculatory integrity across 

organ systems. 

 

Blood flow and microcirculation in both the brain and skeletal muscle can be non-invasively 

assessed through surrogate measures of total hemoglobin variation using high-resolution Near-

Infrared Spectroscopy. hr-NIRS quantifies real-time changes in O2Hb and HHb concentrations, 

providing a direct index of microvascular blood volume and tissue oxygenation. Thus, hr-NIRS 
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technology enables simultaneous monitoring of microcirculatory dynamics in the brain and 

skeletal muscle, alongside systemic blood pressure, facilitating the evaluation of inter-organ 

physiological coherence of microvascular hemodynamics in both healthy and disease states. 

 

Advanced signal processing techniques, particularly wavelet-based metrics such as wavelet 

coherence and wavelet semblance, provide high-resolution mathematical approaches for analyzing 

the time-frequency and time-phasic relationships between these physiological time series. These 

analysis provide quantification of both the strength and synchrony of microvascular coupling, 

capturing dynamic and transient interactions that are not discernible with traditional analyses. By 

applying these approaches, it becomes possible to interpret the underlying causal and temporal 

relationships between brain and skeletal muscle microcirculation and their coupling with systemic 

blood pressure. 

 

While recent advances in non-invasive monitoring and signal processing have expanded our ability 

to assess microvascular hemodynamics in both healthy and critically ill populations, all previous 

literature lacks the understanding of the physiological coherence of microvascular hemodynamics 

between the brain and skeletal muscle, as well as cross-population comparisons of this 

physiological coherence. This represents a critical knowledge gap due to the lack of 

comprehensive, cross-population studies into how brain and skeletal muscle microvascular 

hemodynamics are coordinated and how these interactions may differ between health and disease 

states. Therefore, addressing this gap could yield critical insights for individualized interventions 

during critical illness and improve patient outcomes. 

 

To address this gap, this thesis leverages advanced wavelet-based metrics, wavelet coherence, and 

wavelet semblance to analyze time-frequency and phase relationships among physiological signals 

from the brain, skeletal muscle, and systemic blood pressure. This approach enables rigorous 

testing of the following hypotheses: 

• HYPOTHESIS # 1.1: The physiological coherence of microvascular hemodynamics 

between the brain and skeletal muscle, and with systemic blood pressure, is 

significantly altered in ICU patients compared to healthy controls. 
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• HYPOTHESIS # 1.2: The ICU non-survivors exhibit significantly altered 

physiological coherence of microvascular hemodynamics between the brain and 

skeletal muscle and with systemic blood pressure, compared to ICU survivors. 

 

Thus, this thesis enables the quantification and comparison of dynamic brain-skeletal muscle 

microvascular interactions and their association with systemic blood pressure across critically ill 

and healthy populations, providing a robust framework for identifying novel biomarkers and 

advancing personalized hemodynamic management in critical care. 
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3 CHAPTER 3 - METHODOLOGY 

3.1 Study Details 

This prospective observational cohort study was conducted with recruitments from ICU patient 

populations and Healthy participants. 

3.1.1 ICU patients 

Recruitment of ICU patients was conducted at the adult Medical and Surgical ICUs of Health 

Science Centre, Winnipeg from May 2023 to June 2024. All research procedures and protocols for 

ICU patient recruitment were approved by the Shared Health Approval Committee SH2021-147 

(November 21, 2021), and by the University of Manitoba, Biomedical Research Ethics Board 

HS25043 (September 15, 2021), for the study entitled “MIMICSS: Microvascular Monitoring in 

Circulatory Shock in Sepsis: Longitudinal Observational Cohort Study” in accordance with the 

Declaration of Helsinki; the study was registered at clinicaltrials.gov (NCT05985525). 

Critically ill adult ICU patients were enrolled for this study within 24 hours of ICU admission if 

they were mechanically ventilated and had a Body Mass Index (BMI) <= 40. Due to the non-

invasive nature of the study, microvascular perfusion monitoring of the eligible patients started 

with deferred consent. Written informed consent was obtained from the substitute decision maker 

of the patient or directly from the patient if they regained consciousness in the ICU. ICU patient 

monitoring was done in Days 1, 3, and 8 of their ICU stay. Patient demographics, medical history, 

and laboratory results were collected from the electronic health record and patient chart. 

Healthy participants were recruited from the general population of Winnipeg between May 2024 

and July 2024. The inclusion criterion of a BMI of 40 or lower was established to minimize 

variability among comparative populations of ICU patients. All research procedures and protocols 

for the recruitment and data collection of these healthy participants were approved by the 

University of Manitoba Health Research Ethics Board approval HE2022-0058(March 31, 2023; 

amendment approved February 12, 2024). Written informed consent was obtained from the healthy 

participants before the data collection started. In addition to microvascular monitoring, participant 

demographics, medical history, laboratory values, and resting status (sleeping or awake for healthy 

participants) of the monitoring period were recorded. 
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3.2 Study Design 

3.2.1 Microvascular Monitoring 

This study used high-resolution Near-infrared spectroscopy devices to monitor microvascular 

perfusion by measuring changes in the concentration of Oxy-hemoglobin(O2Hb), Deoxy-

hemoglobin (HHb), and Total hemoglobin (HbT), as well as the Tissue Saturation Index (TSI) of 

skeletal muscle and brain. All NIRS signals are recorded continuously at 10 Hz.             

Microvascular Hemoglobin Content (MHC), introduced by Mendelson et al 129, represents the total 

amount of hemoglobin contained in the red blood cells in the tissue microcirculation illuminated 

by the NIRS system. Technically MHC is equivalent to HbT and the time-dependent variability of 

this metric reflects the dynamic nature of hemoglobin distribution regulation within 

microcirculation. Thus, this study used HbT variability as the primary hemodynamic metric for 

monitoring microvascular perfusion in the ICU. 

Microvascular perfusion monitoring of skeletal muscle and brain is done using two types of NIRS 

sensors. As illustrated in Figure 3.1, PortaMon ( Artinis Medical Systems, Netherlands) NIRS 

Demonstration of the hr-NIRS setup: (A) PortaMon applied to the brachioradialis; (B) 

PortaLite applied to the forehead (frontal cortex); (C) both systems shown with source-

detector configurations; (D) both systems applied with straps to secure their placement. 

This figure is adapted with permission from Mirsajadi A, et al. Microvascular 

Autoregulation in Skeletal Muscle. Critical Care Explorations 6(7):p e1111, July 2024. | 

DOI: 10.1097/CCE.0000000000001111  

Figure 3.1: Demonstration of the hr-NIRS setup 
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sensor was placed on the Brachioradialis of skeletal muscle; PortaLite (Artinis Medical 

Systems, Netherlands) NIRS sensor was placed on the frontal cortex 3-4 cm above the eyebrow  

(i.e. frontal cortex)24. The differential path length of NIRS sensors was configured based on the 

organ they were used to monitor; for the skeletal muscle, DPF is set to 4.0 and for the frontal 

cortex, DPF value was set according to the recommended values by the manufacturer based on the 

literature 196.  The sampling frequency of both hr-NIRS sensors was set at 10 Hz to monitor rapid 

dynamic changes in microvascular blood flow and hemoglobin distribution with high temporal 

resolution. These hr-NIRS sensors utilize the spatially resolved spectroscopy technique using three 

light transmitters (30, 35. 40 mm) and one receiver configuration where each pair of transmitter-

receiver measures relative changes in O2Hb, HHb and HbT. The 40 mm distance between 

transmitter and receiver was used for HbT to maximize the tissue penetration depth of the NIRS 

signal. Utilizing three transmitter-receiver configuration allows the approximation of the tissue 

scattering coefficient  and the calculate the TSI with absolute values of O2Hb, HHb. 

Figure 3.2 shows a diagram of the microvascular monitoring instrumentation setup for ICU 

patients. In this system, sensor readings of NIRS sensor devices were transmitted through 

Bluetooth in real-time into OxySoft (Artinis Medical Systems, Netherlands), a software designed 

for NIRS data analysis and recording. Concurrently, Arterial Blood Pressure (ABP) was measured 

using an invasive arterial catheter, calibrated to the right atrium's reference point as per standard 

care procedures. This ABP data was continuously acquired from the bedside monitor into the 

recording computer using a DT9804 (Data Translation, Marlboro, MA) data acquisition module at 

a sampling rate of 100 Hz. NIRS data were extracted in real-time from OxySoft through the Lab 

Streaming Layer (LSL) 197 and aggregated and recorded with ABP physiological data series at 100 

Hz in ICM+ software (Cambridge Enterprises, Cambridge, United Kingdom). The recording 

sampling rate at ICM+ software was set at 100 Hz in order to accommodate the sampling rate of 

ABP. Before initiating the microvascular monitoring, the finger capillary refill test was conducted 

on each patient, and the tissue thickness of the brachioradialis muscle was measured using the 

standard ultrasound and linear probe (Sonosite, Toronto, ON, Canada). 
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3.2.2 Microvascular Monitoring Instrumentation Setup for Healthy Participants  

Microvascular perfusion monitoring of healthy participants was conducted in a similar 

configuration as ICU patients where PortaMon was used for the brachioradialis of skeletal muscle 

and PortaLite was used for the frontal cortex of the brain. Sensor readings of NIRS sensor devices 

were transmitted through Bluetooth in real-time into OxySoft and streamed into ICM+ via the 

LSL. Streamed NIRS data were recorded in ICM+ with a sampling rate of 10 Hz. Microvascular 

monitoring of healthy participants was conducted for a minimum of 60 minutes while they were 

in a horizontal resting posture, lying on a bed. Participants were instructed to avoid crossing their 

legs and to minimize movement during the monitoring period. 

Monitoring of continuous blood pressure physiological signals from healthy participants was 

conducted using a non-invasive dual finger cuff system from the Human NIBP Nano monitoring 

Microvascular Monitoring Instrumentation Setup for ICU patients: Schematic representation of the real-

time data acquisition system combining Near-Infrared Spectroscopy (NIRS) and Arterial Blood Pressure 

(ABP) monitoring. NIRS signals, sampled at 10 Hz, were transmitted via Bluetooth to OxySoft software, 

then streamed to ICM+ using the Lab Streaming Layer (LSL). Simultaneously, ABP was measured 

invasively and digitized at 100 Hz using a DT9804 data acquisition module. Both data streams were 

synchronized and recorded in ICM+ at a unified sampling rate of 100 Hz. 

Figure 3.2: Microvascular Monitoring Instrumentation Setup for ICU patients 
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system (ADInstruments, USA). The monitored Non-Invasive Blood Pressure (NIBP) signals were 

transmitted to the PowerLab data acquisition system (ADInstruments, USA) and these NIBP 

signals were acquired continuously and recorded in real-time using the LabChart software 

(ADInstruments, USA) at a sampling rate of 200 Hz. The instrumentation setup of microvascular 

and NIBP monitoring of healthy participants is shown in Figure 3.3. 

Since NIRS and NIBP signals were recorded separately, event markers were simultaneously added 

to each using their respective recording software, ICM+ for NIRS and LabChart for NIBP. Once 

the recordings were completed, these event markers were used to integrate the NIRS time series 

with the NIBP time series at a sampling rate of 10 Hz. 

Prior to microvascular monitoring, the skinfold thickness of the brachioradialis was measured 

using a skinfold caliper to assess adipose tissue thickness. 

Microvascular Monitoring Instrumentation Setup for healthy participants: Instrumentation 

setup illustrating the simultaneous monitoring of cerebral and skeletal muscle perfusion using 

NIRS sensors (PortaLite on the frontal cortex, PortaMon on the brachioradialis), and continuous 

non-invasive blood pressure (NIBP) monitoring using a dual finger cuff system. NIRS signals 

were streamed via Bluetooth to OxySoft and recorded in ICM+ at 10 Hz, while NIBP signals 

were captured by PowerLab and recorded in LabChart at 200 Hz. Event markers synchronized 

both streams post-recording for integrated time-series analysis. 

Figure 3.3: Microvascular Monitoring Instrumentation Setup for healthy participants 
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3.3 Data Preprocessing 

All the recorded data of ICU patients and healthy participants were preprocessed to remove 

artifacts and down-sampled with anti-aliasing filtering by following the preprocessing pipeline 

described in Figure 3.4. Physiological data mainly contained artifacts due to various sources such 

as movement, environmental interference, or biological noise. For this study, NIRS data were 

mainly affected by the motion of the patient and those motion artifacts are easily detected by 

visually inspecting. Approaches include signal filtering, artifact rejection algorithms, independent 

component analysis (ICA), adaptive filtering methods, time series data mining and Machine 

learning/Deep Learning tested but manual removal of artifacts with visual inspection were highly 

effective than other autonomous approaches. 

Manual artifact removal was highly effective but time-consuming due to the need for visual 

inspection of the entire recording. To enhance efficiency, an unsupervised time series data mining 

method was employed to assist in manual artifact removal198. The method uses z-normalized 

Euclidean distances between all subsequences in the time series data (NIRS and ABP/NIBP) and 

their nearest neighbors to detect anomalies, including motion artifacts, microvascular 

autoregulation anomalies, and environmental interference. This method has a success rate of  99% 

in detecting motion artifacts and environmental interferences, yet due to the unsupervised nature 

of this method, it cannot separate microvascular autoregulation anomalies from the rest of the 

artifacts. Thus, timestamps of all identified anomalies were used as reference points to localize 

motion artifacts and environmental interferences and manually remove them by visual inspection. 

Manual removal of artifacts was done using the artifact remover tool of ICM+ software. Once 

artifact were removed, data were exported as comma-separated values (.csv) from ICM+ for the 

analysis. Down sampling and anti-aliasing filtering were done by python based pre-processing 

script. 

Raw Time Series Preprocessing Pipeline: Preprocessing pipeline for NIRS, ABP, and NIBP signals, 

including manual artifact removal via visual inspection using ICM+ software, followed by anti-

aliasing filtering (0–4.5 Hz) and down sampling to 10 Hz 

 

Figure 3.4: Raw Time Series Preprocessing Pipeline 
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3.3.1 Data Processing and Data Analysis 

To evaluate the physiological coherence between skeletal muscle and brain, this study analyzed 

time-frequency and time-phasic coherence between microvascular perfusions of skeletal muscle 

and brain, as well as microvascular perfusions of skeletal muscle and brain with ABP/NIBP. Thus, 

this study investigated the following physiological signal pairs. 

1. HbT- Brain vs HbT Skeletal muscle 

2. HbT- Brain vs ABP/NIBP 

3. HbT- Skeletal muscle vs ABP/NIBP 

Wavelet-based methods have been utilized to evaluate physiological coherence as wavelet analysis 

provides enhanced time-frequency localization for signals25,27,191,194. Thus, wavelet coherence was 

used to evaluate time-frequency coherence and wavelet-based semblance was used to evaluate 

time-phasic coherence of muscle and brain by analyzing microvascular perfusion with HbT time 

series and ABP/NIBP time series.  

3.3.2 Wavelet Analysis 

Wavelet analysis is preferred for analyzing NIRS data due to several advantages. Firstly, wavelet 

transform methods offer superior time-frequency resolution for non-stationary biological signals 

compared to traditional Fourier methods, allowing for a more detailed analysis of NIRS signals 

199. Additionally, wavelet analysis excels in noise removal and background correction, crucial for 

enhancing the quality of NIRS data 200. Moreover, wavelet-based techniques are effective in 

removing global physiological noise from NIRS signals, improving the accuracy of the analysis 

201. Overall, the adaptability and efficiency of wavelet analysis make it a powerful tool for 

processing and interpreting NIRS data in various applications, offering enhanced insights and 

improved signal quality compared to other methods.  

Wavelet coherence analysis is utilized for evaluating the physiological coherence of the brain, 

muscles, and systemic blood pressure due to its ability to provide time-localized information about 

data in both time and frequency domains. This method allows for the measurement of the time-

varying correlation between two simultaneous signals, incorporating the effect of frequency and 

amplitude as quantified values ranging from 0 to 1, where 0 represents no coherence and 1 

represents full coherence. Wavelet coherence analysis is particularly effective in assessing neural 

coupling and synchrony between brain regions, offering insights into functional relationships and 

Skeletal muscle Brain 

ABP/NIBP 
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coherence within specific wavelength ranges 202,203. By capturing coherent oscillatory behavior in 

NIRS signals, wavelet coherence analysis enhances the understanding of microvascular dynamics 

and physiological interactions. For this study, wavelet coherence computation was implemented 

as explained by Torrence and Compo 204 with Morlet mother wavelet. 

 

Wavelet semblance analysis is preferred for NIRS analysis to assess the time-phasic relationship 

in physiological coherence of the brain and muscles due to its ability to handle nonstationary and 

dynamic signals effectively. This technique, utilizing wavelet coherence and semblance, provides 

high time-frequency resolution, making it suitable for analyzing complex physiological states like 

cerebral autoregulation after brain injury27,205,206. Therefore, calculating wavelet semblance as a 

measure of instantaneous phase difference allows for a detailed examination of the spectral 

features involved in the microcirculatory relationship between brain, muscle, and systemic blood 

pressure. 

Computation of physiological coherence of brain and muscle with wavelet analysis followed 3 

main steps:  

1. Finding overlapping time series segments of selected physiological signal pairs,      

2. Generating Wavelet coherence / Wavelet-based semblance   

3. Calculating the percentage of time above the statistically significant 

coherence/semblance threshold for selected physiological signal pairs. 

3.3.3 Segment stitching 

Due to the variability of motion artifacts and other artifacts occurrence between head and body, 

artifact cleaned NIRS HbT time series of brain and muscle have discontinued segments. To 

evaluate time–frequency and time-phasic coherence, HbT time series segments should be aligned 

in the time domain. Thus, from discontinued segments of brain and muscle HbT time series, 

overlapping segments are extracted by computing matching overlapping. These computed 

segments are indexed based on their position in the time series to facilitate the organization and 

subsequent analysis of the extracted segments. To minimize the edge effects of wavelet 

transformation, overlapped segments with a time duration of 30 min >  were selected for coherence 

analysis. Example of this process is shown in Figure 3.5. 
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In the next step, wavelet coherence and wavelet semblance of overlapped brain and muscle HbT 

NIRS time series segments of a specific recording were computed. From these wavelet coherence 

and wavelet semblance matrixes of each segment, coherence/semblance in frequency ranges 0.005 

Hz - 3.1 Hz were extracted. Figure 3.6 presents a time-frequency heatmap of wavelet coherence 

for a selected segment of overlapped brain and muscle HbT NIRS time series.  

Visualization of  NIRS time series plots : (A) Muscle NIRS HbT time series showing motion artifacts. 

(B) Motion artifact-cleaned and time-aligned HbT signals from brain and muscle, illustrating 

discontinuities due to artifact removal. (C) Segmented overlapping HbT time series used for 

coherence analysis, with vertical lines indicating the selected overlapped segments 

A. 

B. 

C. 

Figure 3.5: Visualization of  NIRS time series plots 
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According to the findings of studies207,208, the above-selected frequent ranges are significant for 

analyzing cardiovascular dynamics in the NIRS time series. Then, edge effects were removed from 

those matrixes as explained in Grinsted et al189, and wavelet coherence and wavelet semblance 

matrixes of each segment were combined according to the segment time index. Finally, unique 

wavelet coherence and wavelet semblance data were generated to analyze time–frequency and 

time-phasic coherence of a specific recording. This process was utilized to generate wavelet 

coherence and wavelet semblance of all recordings of the ICU patients/healthy participants for 

above stated three physiological signal pairs (Brain- Muscle, Brain-ABP/NIBP, Muscle-

ABP/NIBP). 

Wavelet coherence analysis matrices data were divided into six distinct frequency bands to 

differentiate between peripheral and central hemodynamic regulatory mechanisms. These six 

Wavelet Coherence Heatmap: Wavelet coherence analysis between overlapped brain and skeletal 

muscle HbT time series, highlighting key sub-frequency bands. Dashed green lines delineate 

physiological frequency ranges: Endothelial (B2), Neurogenic (B3), Myogenic (B4), Respiratory 

(B5), and Cardiac (B6). The central region outlined in black excludes edge effects, ensuring accurate 

coherence interpretation within the specified frequency bands. 

Figure 3.6: Wavelet Coherence Heatmap 



47 

 

frequency bands, derived from pharmacological iontophoresis studies of human skin, are proposed 

to represent specific physiological processes in blood flow regulation129,207–211. As shown in Table 

3.1, the lower frequency bands, Endothelial (B2), Neurogenic (B3), and Myogenic (B4) reflect 

microvascular hemodynamic mechanisms.  In contrast, the higher frequency bands correspond to 

central regulatory processes, with the Respiratory band (B5) capturing breathing-related 

oscillations and the Cardiac band (B6) representing heart rate-associated fluctuations within the 

microcirculation129,207,209. 

 Table 3.1: Frequency bands used in wavelet coherence analysis 

 

 

 

 

 

From these six frequency bands, only the Endothelial (B2), Neurogenic (B3), Myogenic (B4), 

Respiratory (B5), and Cardiac (B6) frequency bands were analyzed to evaluate physiological 

coherence in microvascular hemodynamics. To comprehensively assess microvascular dynamics, 

the three lower-frequency bands, Endothelial (B2), Neurogenic (B3), and Myogenic (B4), were 

analyzed both as individual components and collectively as the "Microvascular frequency band 

(MV)" (frequency range: 0.0095 Hz to 0.16 Hz). 

From these extracted wavelet coherence matrices of each frequency band, average wavelet 

coherence over time was computed for each data point in the time domain. The above explained 

Frequency band Frequency ranges (Hz) 

B0 0 – 0.005 

B1—Metabolic 0.005 – 0.0095 

B2—Endothelial 0.0095 – 0.02 

B3—Neurogenic 0.02 – 0.06 

B4—Myogenic 0.06 – 0.16 

B5—Respiratory 0.16 – 0.667 

B6—Cardiac 0.667 – 3.1 

Frequency bands used in wavelet coherence analysis to distinguish between peripheral and 

central hemodynamic regulatory mechanisms: Lower frequency bands: Endothelial (B2), 

Neurogenic (B3), and Myogenic (B4) represent peripheral (microvascular) regulatory 

mechanisms. Higher frequency bands reflect central regulation, with the Respiratory band (B5) 

capturing breathing-related oscillations and the Cardiac band (B6) corresponding to heart rate-

related fluctuations within the microcirculation. These frequency bands are derived from 

pharmacological iontophoresis studies of human skin and are associated with specific 

physiological processes involved in blood flow regulation. 
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physiological time series segmentation process and frequency bands were utilized to compute 

significant wavelet semblance based on significant wavelet coherence. 

3.4 Derivation of Statistically significant coherence thresholds 

To distinguish genuine physiological coherence from background noise, statistically significant 

coherence threshold between skeletal muscle and brain was determined using Monte Carlo 

simulations with 30 min red noise pairs. The red noise pairs were generated using the same AR(1) 

coefficients as the input physiological time series (ABP, muscle NIRS, and brain NIRS). Analysis 

of the AR(1) coefficient distributions revealed non-normal distributions for Brain HbT, Muscle 

HbT, and ABP/NIBP signals, with significant differences between ABP/NIBP and both NIRS HbT 

series. Figure 3.7 illustrates these distributions of AR(1) coefficients of physiological time series. 

For each physiological signal pair, 1000 red noise pairs were generated in the frequency range of 

0.005 - 4.5 Hz. These pairs were used to calculate coherence thresholds using Monte Carlo 

simulation. Statistical thresholds for wavelet coherence were based on the average of values 

greater than 95% of simulated coherence values for each pair. Only coherence values outside the 

cone of influence were considered for this simulation. This methodology ensures that the simulated 

red noise accurately represents the temporal characteristics of the original physiological time 

1. Distribution of ABP/NIBP AR(1) 2. Distribution of NIRS Brain AR(1) 3. Distribution of NIRS Muscle AR(1) 
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AR(1) coefficients value AR(1) coefficients value AR(1) coefficients value 

These histograms depict the distributions of first-order autoregressive AR(1) coefficients for 

Arterial Blood Pressure (ABP)/Non-Invasive Blood Pressure (NIBP), brain near-infrared 

spectroscopy (NIRS) hemoglobin total (HbT), and muscle NIRS HbT physiological time series. 

These coefficients were estimated to match the temporal autocorrelation properties of the 

original signals and were used to generate red noise surrogates in Monte Carlo simulations for 

coherence thresholding. 

Figure 3.7: Distribution of AR (1) Coefficients for Brain HbT, Muscle HbT, and ABP/NIBP Signals 
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series, allowing for a more reliable distinction between genuine physiological coherence and noise-

induced correlations. 

The significant coherence thresholds exhibit variability across the frequency range of 0.0095 Hz 

to 4.5 Hz, with notable fluctuations observed in the microvascular frequency band, as illustrated 

in Figure 3.8. To facilitate band-specific analysis, frequency-based thresholds were employed to 

determine significant wavelet coherence for each of the physiological frequency bands: 

Endothelial (B2), Neurogenic (B3), Myogenic (B4), Respiratory (B5), and Cardiac (B6). This 

approach allows for a thorough examination of wavelet coherence within each specific frequency 

range, assessing for the distinct characteristics of each frequency band. These frequency-based 

thresholds are presented in Table 3.2 

 

 

 

 

2. Significant Threshold vs Frequency in 

microvascular frequency band  

1. Significant Threshold vs Frequency in the range of                 

0.0095 Hz – 4.0 Hz 
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Variability of significant coherence thresholds across the frequency range: The figure illustrates the 

distribution of significant coherence thresholds across the overall frequency range of 0.0095 Hz to 4.5 

Hz and within the Microvascular frequency range of 0.0095 Hz – 0.16 Hz. 

Figure 3.8: Variability of Significant Coherence Thresholds across the Frequency Range 
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 Table 3.2: Significant Coherence Thresholds of Frequency Bands 

Frequency band 

Physiological pair 

Brain-Muscle 
Brain-

ABP/NIBP 

Muscle-

ABP/NIBP 

Endothelial (B2),  0.576 0.579 0.577 

Neurogenic (B3),  0.575 0.583 0.575 

Myogenic (B4),  0.584 0.583 0.582 

Microvascular (B2-B4) 0.576 0.579 0.576 

Respiratory (B5) 0.584 0.584 0.584 

Cardiac (B6) 0.585 0.585 0.584 

3.4.1 Significant Wavelet Coherence Quantification  

Based on the derived significance thresholds for coherence, the percentage of time above the 

threshold of B2 – B6 and the Microvascular frequency bands were computed for each recording 

of all patients/healthy participants. These “percentage of time above the significant coherence 

durations of wavelet coherence — %signfCoherenceDuration” is defined as: 

%sigfCoherenceDuration = (
time above significant coherence

total time of computed coherence
× 100) ----- (15) 

 

3.4.2 Significant Wavelet Semblance Quantification  

Significant wavelet semblance was determined based on significant wavelet coherence to ensure 

the reliability of phase relationships between two physiological time series. Individual wavelet 

semblance values with significant wavelet coherence values were extracted, while wavelet 

semblance values with non-significant wavelet coherence were excluded. Frequency-based 

wavelet coherence thresholds presented in Table II were used to determine significant wavelet 

semblance in specific frequency bands. This method is adapted from the wavelet semblance-based 

pressure reactivity index (wPRx) calculation, as described by Liu et al195, but focuses on frequency 

band-specific time-phasic relationships of HbT time series of the brain, skeletal muscle, and 

systemic blood pressure. 

Significant coherence thresholds of frequency bands: Significant coherence thresholds are 

presented for each physiological frequency band, including Endothelial (B2), Neurogenic (B3), 

Myogenic (B4), Respiratory (B5), and Cardiac (B6). These thresholds facilitate band-specific 

identification of significant wavelet coherence within the analyzed frequency ranges. 
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As illustrated in Figure 3.9, binary masking was employed to extract significant wavelet semblance 

values. Then, for each frequency band, the grand average of these significant wavelet semblance 

values was calculated across all segments of physiological time series pairs within a specific 

recording.  “Significant Wavelet Semblance” values were utilized to quantify the degree of phase 

locking (i.e. time-dependent correlation) between skeletal muscle and brain in each frequency 

band. 
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Time-frequency plots on deriving significant wavelet semblance based on significant wavelet coherence: (a) The 

top plot presents the time-frequency heatmap of wavelet coherence between brain and muscle total hemoglobin 

(HbT) time series. Regions where the wavelet coherence exceeds the significance threshold-indicating significant 

coupling between the signals are marked with contours. (b) The middle plot shows the corresponding wavelet 

semblance heatmap, with contours outlining regions where wavelet coherence exceeds the significance threshold. 

These contours highlight the time-frequency zones where phase relationships between the signals are considered 

statistically reliable, based on the frequency-specific thresholds outlined in Table II. (c) The bottom plot displays 

the significant wavelet semblance, generated by applying a binary mask to retain only semblance values within 

regions of significant coherence. This filtered heatmap quantifies the degree of time-dependent phase locking 

between the brain and muscle HbT time series, restricted to periods and frequency bands where statistically 

significant coupling is present. 

 

Figure 3.9: Time-Frequency Plots on Deriving Significant Wavelet Semblance based on Significant 

Wavelet Coherence 
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3.5 Categorization of ICU Patient Population Cohorts 

In this study, ICU patient population cohorts were defined based on clinical outcomes and the 

specific days on which physiological monitoring data were collected during the ICU stay. Patient 

data were extracted from the first day (Day 1) of ICU admission to establish a baseline cohort. 

This Day 1 cohort was subsequently stratified into two subgroups according to ICU outcomes: 

survivors (patients discharged alive from the ICU) and non-survivors (patients who died during 

their ICU stay). In addition to Day 1 data, further cohorts were constructed based on patient data 

collected on the third day (Day 3) of ICU admission. The structure of the cohorts thus enabled a 

comparative analysis of patient progression over time, as well as an assessment of the relationship 

between early clinical indicators and ultimate patient outcomes.  

3.6 Statistical Analysis 

Statistical analyses were conducted to assess the physiological coherence of microvascular 

hemodynamics between the brain and skeletal muscle, as well as their associations with systemic 

blood pressure, thereby directly addressing the research hypotheses : Hypothesis 1.1: The 

physiological coherence of microvascular hemodynamics between the brain and skeletal muscle, 

and with systemic blood pressure, is significantly altered in ICU patients compared to healthy 

controls, and  Hypothesis 1.2: The ICU non-survivors exhibit significantly altered physiological 

coherence of microvascular hemodynamics between the brain and skeletal muscle, and with 

systemic blood pressure, compared to ICU survivors.  

 

Statistical analyses were performed using two primary metrics derived from wavelet coherence 

analysis: (1) the percentage of time above the significant wavelet coherence duration - 

%signfCoherenceDuration and (2) Significant Semblance, where all these values are calculated 

for each frequency band and physiological signal pair across all recordings. 

 

To assess Hypothesis 1.1, this study compared the %signfCoherenceDuration and Significant 

Semblance values between healthy controls and ICU patients on Day 1 of monitoring. Analyses 

focused on both Microvascular (B2–B4) and Cardiac (B6) frequency bands for three physiological 

signal pairs: (i) Brain–Skeletal muscle, (ii) Brain–ABP/NIBP, and (iii) Skeletal Muscle–

ABP/NIBP. Thereby, directly addressing the hypothesized alteration of physiological coherence 
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of microvascular hemodynamics in ICU patients compared with healthy individuals. Additionally, 

subgroup comparisons between ICU survivors and non-survivors versus healthy controls were 

conducted to contextualize the observed alterations relative to the baseline physiological states of 

healthy controls. 

 

In line with Hypothesis 1.2, As a secondary analysis, this study evaluated differences in 

%signfCoherenceDuration and Significant Semblance values between ICU survivors and ICU 

non-survivors, again focusing on both Microvascular and Cardiac frequency bands of all three 

physiological signal pairs.  

 

Additionally, this study evaluated the changes in coherence measures (%signfCoherenceDuration 

and Significant Semblance) between Day 1 and Day 3 within the ICU patient cohort. This 

longitudinal evaluation aimed to explore potential temporal dynamics in microvascular coherence 

during critical illness. 

 

For this study, data was assessed for normality and determined to be non-parametric. Therefore, 

comparisons of all analyses utilized using the Mann–Whitney U test. No correction for multiple 

testing was taken, although secondary and longitudinal analyses should be interpreted as 

exploratory. 
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4 CHAPTER 4 - RESULTS 

4.1 Population Demographics and Microvascular Monitoring Characteristics 

4.1.1 ICU population 

This study analyzed 40 ICU patients, with demographic details summarized in Table 4.1. Among 

these patients, physiological data from 31, 26, and 26 patients on Day 1 of ICU stay, and 11, 5, and 

7 patients on Day 3, were included for analyzing the physiological signal pairs: Brain–Skeletal 

Muscle, Brain–ABP, and Skeletal Muscle–ABP, respectively. The overlapping distribution of 

patients across these physiological signal pairs on Day 1, which was used to evaluate physiological 

coherence in microcirculation hemodynamics visualized in the Venn diagram in Figure 4.1. During 

the study period, 383 patients were screened, and 54 patients were enrolled. Patient screening, 

recruitment, and filtering for the physiological coherence in microcirculation hemodynamics are 

illustrated in Figure 4.2. 

This ICU patient population comprised 23 males (57.50%) and 17 females (42.50%). The age 

distribution of this cohort ranged from 20 to 87 years, with a mean age of 60.53 ± 16.68 years. 22 

of 40 patients (55.0%) had a diagnosis of sepsis. 32 of 40 patients (80.00%) had some forms of 

pre-existing cardiovascular comorbidity, including hypertension, diabetes, vascular disease, or 

heart failure. The median (IQR) norepinephrine dose was 0.12 µg/kg/min (0.04–0.17 µg/kg/min) 

during the recording period; 36 of 40 patients (90.00%) were also on vasopressin. The median 

(IQR) serum lactate levels were 3.00 mmol/L (1.40–3.25mmol/L) and capillary refill time was 

Overlap of Patients Across Brain–Skeletal Muscle, Brain–ABP, and Skeletal 

Muscle–ABP Physiological Signal Pair Analyses on Day 1 of ICU Stay 

 

Figure 4.1: Overlap of Patients Population 
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normal (< 3 s) for 36 of 40 patients (90.00%). Adipose tissue thickness overlying the 

brachioradialis muscle was 3.43 ± 1.26 mm (n = 38 patients, two patients with missing data). 

Sensors were placed on the forearm and forehead ipsilaterally in 28 patients and contralaterally in 

12 patients (n=40). 

One Arm CONSORT diagram: MIMICSS Observational Study on Physiological Coherence in 

Microvascular Hemodynamics between Brain and Skeletal Muscle of Day 1 ICU Stay. 

 

Figure 4.2: One Arm CONSORT Diagram of MIMICSS 
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The average duration of patient recordings was 386.41 ± 152.36 minutes. Following the initial 

preprocessing of the artifact removal, the physiological time series had an average duration of 

59.17 ± 28.32 minutes.  

Table 4.1: Demographics for the ICU Patients 

Patients Demographic n = 40 

Age (yr) 60.53 ± 16.68 

Female 17/40 

Sepsis 22/40 

Norepinephrine dose (µg/kg/min) 0.12 (0.04 - 0.17) 

Vasopressin 36/40 

Lactate (mmol/L) 3.00 (1.40 –3.25) 

Acute Physiology and Chronic Health 

Evaluation II score 

16.83 (14.50 – 19.50) 

Capillary refill time < 3 s 36/40 

Heart rate 91.84 ± 20.59 

4.1.2 Healthy Population  

In this study, a total of 15 healthy participants were recruited from the community, consisting of 9 

(60%) males and 6 (40%) females. The age distribution ranged from 21 to 75 years, with a mean 

age of 41.20 ± 19.96 years. Participants had an average height of 168.82 ± 7.06 cm, an average 

weight of 69.52 ± 11.34 kg, and an average Body Mass Index (BMI) of 24.44 ± 4.13 kg m-2. 

Their average resting heart rate was recorded at 72.60 ± 11.84 beats per minute. Capillary refill 

time was normal for all participants. The adipose tissue thickness of the brachioradialis muscle, 

measured using a skinfold caliper had an average of 3.75 ± 1.51 mm.  

Microvascular monitoring of all healthy participants (n = 15) was conducted using NIRS 

sensors placed on the forearm and forehead ipsilaterally. Simultaneous collection of Non-Invasive 

Blood Pressure (NIBP) data was achieved in 12 out of 15 participants. The average recording 

time for healthy participants in the resting phase was 66.56 ± 9.19 minutes (IQR: 60.47 min - 72.14 

min). After initial preprocessing to remove artifacts, 73% of the signal duration from all recordings 

of healthy participants was determined to be suitable for analysis. The summary statistics of total 

Demographics for the ICU patients in the final dataset included for analysis. Data are present 

as mean ± SD, median (IQR), or proportion of the total cohort (n = 40). 
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duration of signals used for significant coherence analysis, following overlapping signal segment 

processing and the removal of the cone of influence from wavelet analysis, are presented in Table 

4.2.  

Table 4.2: Summary Statistics of Processed Signal Pair Durations for Significant Coherence 

Analysis 

 

4.2 Evaluation of Physiological Coherence in Microvascular Hemodynamics between 

Brain and Skeletal Muscle using Wavelet Coherence and Wavelet Semblance Analysis 

Evaluation of physiological coherence in microvascular hemodynamics between the brain and 

skeletal muscle, along with their coupling to systemic blood pressure was assessed by quantifying 

the time-frequency and time-phasic relationships of microvascular perfusion in the brain and 

skeletal muscle and with ABP/NIBP. Quantified statistically significant microvascular 

hemodynamics coherence measures: %signfCoherenceDuration and Significant Semblance were 

computed as explained in methodology with frequency band-specific wavelet coherence 

thresholds. These metrics were evaluated across three physiological signal pairs: (i) Brain–Skeletal 

Muscle, (ii) Brain–ABP/NIBP, and (iii) Skeletal Muscle–ABP/NIBP. 

The Results chapter is structured to address the study’s two primary hypotheses directly. First, 

Section 4.3 evaluates Hypothesis 1.1, comparing the physiological coherence of microvascular 

hemodynamics between ICU patients and healthy controls to determine whether critical illness 

alters brain-skeletal muscle and systemic microvascular hemodynamics coherence patterns. Next, 

Section 4.5 addresses Hypothesis 1.2, focusing on differences between ICU survivors and non-

survivors to assess whether these microvascular coherence measures are associated with clinical 

outcomes. Each subsection presents wavelet coherence and semblance findings across the Cardiac 

(B6) and Microvascular bands (B2–B4) frequency bands accompanied by statistical summaries, 

graphs, and interpretive insights. Together, these analyses aim to characterize the alterations of 

Signal pairs mean std min Q1 Q3 max 

Brain-Muscle 

(min) 
57.96 13.24 40.71 50.28 63.02 82.75 

Brain-NIBP (min) 49.97 10.39 31.33 44.40 52.20 67.76 

Muscle-NIBP 

(min) 
49.97 10.39 31.33 44.40 52.20 67.76 
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physiological coherence of microvascular hemodynamics in critical illness and its potential 

clinical implications. 

4.3 Comparative Analysis of Physiological Coherence of Microvascular Hemodynamics 

between ICU Population Cohorts and Healthy Control Population 

This section evaluates Hypothesis 1.1 by comparing microvascular hemodynamic coherence 

metrics: %signfCoherenceDuration and Significant Semblance between ICU cohorts and healthy 

control populations across the Microvascular (B2–B4) and Cardiac (B6) frequency bands. The 

analysis focuses on three physiological signal pairs: (i) Brain–Skeletal Muscle, (ii) Brain–

ABP/NIBP, and (iii) Skeletal Muscle–ABP/NIBP. Results are organized by these signal pairs and 

stratified by frequency bands, presenting a comparative analysis of coherence metrics between 

ICU patients on Day 1 of the study and healthy controls.  

4.3.1 Wavelet Coherence Analysis: ICU Patients vs. Healthy Controls 

In the wavelet coherence analysis of ICU patients on day 1 of ICU stay compared to healthy 

controls, the ICU population exhibited a significantly lower %signfCoherenceDuration values for 

the Brain–Skeletal Muscle pair in the cardiac frequency band compared to healthy controls 

(83.01%, IQR 56.89% – 97.34% vs. 97.14%, IQR 93.19% – 98.61%; p = 0.0415). No statistically 

significant differences were observed in the %signfCoherenceDuration for the Brain–Skeletal 

Muscle pair in the Microvascular frequency band. For the Skeletal Muscle–ABP/NIBP pair, ICU 

patient population on day 1 ICU stay demonstrated a significantly higher 

%signfCoherenceDuration in the Microvascular frequency band compared to healthy controls 

(5.14%, IQR 2.05%–10.02% vs. 0.40%, IQR 0.00%–1.97%; p = 0.0055). No significant 

differences were observed in the cardiac frequency band for the Skeletal Muscle–ABP/NIBP pair. 

Additionally, no significant differences were observed in either the cardiac or microvascular 

frequency bands for the Brain–ABP/NIBP pair. These comparisons are visualized using 

interleaved scatter plots in Figure 4.3. Summary statistics and corresponding significance tests for 

the Cardiac and Microvascular frequency bands are presented in Table 4.3. 
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B. Microvascular (B2-B4) A. Cardiac (B6) 

Distribution of Significant Wavelet Coherence (%signfCoherenceDuration) in ICU patients of Day 1 

vs. Healthy controls across (A) Cardiac frequency band (B6) and (B) Microvascular frequency bands 

(B2–B4) for Brain–Skeletal Muscle(ICU: n = 31, Healthy: n = 15), Brain–ABP/NIBP(ICU: n = 26, 

Healthy: n = 12), and Skeletal Muscle–ABP/NIBP(ICU: n = 26, Healthy: n = 12) signal pairs. 

Interleaved scatter plots display individual data points, with median values indicated. Asterisks (*) 

indicate statistically significant group differences (p < 0.05, Mann–Whitney U test). 

 

Figure 4.3: Distribution of Significant Wavelet Coherence between ICU Patients vs Healthy Controls. 
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Table 4.3: Comparative Analysis of Wavelet Coherence of ICU Patients vs. and Healthy Controls 

4.3.2 Wavelet Semblance Analysis: ICU Patients vs. Healthy Controls 

The semblance analysis observed significant differences between ICU patient cohorts of day 1 

ICU stay and healthy controls in the cardiac frequency band for all three physiological signal pairs: 

Brain–Skeletal Muscle, Brain–ABP/NIBP and Skeletal Muscle–ABP/NIBP. ICU patients 

exhibited significantly lower semblance for the Brain–Skeletal Muscle pair compared to healthy 

controls (0.37, IQR 0.21–0.54 vs. 0.71, IQR 0.59 – 0.75; p = 0.0000). Similarly, the Brain–

ABP/NIBP pair showed significantly lower negative semblance in ICU patients compared to 

controls (-0.36, IQR -0.44 – -0.26 vs. -0.03, IQR -0.08 – 0.00; p = 0.0006). The Skeletal Muscle–

ABP/NIBP pair also demonstrated significantly lower negative semblance among ICU patients 

relative to healthy controls (-0.34, IQR -0.45 – -0.21 vs. -0.04, IQR -0.23 – 0.021; p = 0.0073). No 

significant differences in semblance were observed between the groups for any physiological 

signal pairs in the Microvascular frequency band. Figure 4.4 illustrates these comparisons, and full 

summary statistics and significance testing results are presented in Table 4.4. 

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU (31)  

Microvascular (B2–B4)  2.72% (0.79% - 10.46%) 3.07% (0.71% - 8.44%) 

Cardiac (B6) ** 97.14% (93.19% - 98.61%) 83.01% (56.89% - 97.34%) 

 
Brain - ABP 

Healthy (12)  ICU (26)  

Microvascular (B2–B4)  1.58% (0% - 5.91%) 3.66% (1.40% - 18.19%) 

Cardiac (B6) 94.78% (53.11% - 96.75%) 77.71% (56.39% - 98.35%) 

 
Muscle - ABP 

Healthy (12)  ICU (26)  

Microvascular (B2–B4) ** 0.40% (0% - 1.97%) 5.14% (2.05% - 10.02%) 

Cardiac (B6) 86.21% (55.19% - 98.21%) 80.27% (53.41% - 92.05%) 

Comparative analysis of Wavelet Coherence (%signfCoherenceDuration) between ICU 

patients (Day 1) and healthy controls across three physiological signal pairs: Brain–Skeletal 

Muscle, Brain–ABP/NIBP, and Skeletal Muscle–ABP/NIBP within the Cardiac (B6) and 

Microvascular (B2–B4) frequency bands. Data are presented as median (IQR). Statistical 

comparisons were conducted using the Mann–Whitney U non-parametric test. Asterisks 

(**) indicate statistically significant differences at p < 0.05. 
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B. Microvascular (B2-B4) A. Cardiac (B6) 

Distribution of wavelet semblance in ICU patients (Day 1) vs. Healthy controls across (A) Cardiac 

frequency band (B6) and (B) Microvascular frequency bands (B2–B4) for Brain–Skeletal 

Muscle(ICU: n = 31, Healthy: n = 15), Brain–ABP/NIBP(ICU: n = 26, Healthy: n = 12), and Skeletal 

Muscle–ABP/NIBP(ICU: n = 26, Healthy: n = 12) signal pairs. Interleaved scatter plots display 

individual data points, with median values indicated. Asterisks (*) indicate statistically significant 

group differences (p < 0.05, Mann–Whitney U test). 

 

Figure 4.4: Distribution of Wavelet Semblance between ICU Patients vs.  Healthy Controls 
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Table 4.4: Comparative Analysis of Wavelet Semblance of ICU Patients vs. Healthy Control 

 

 

 

 

 

 

 

Exploratory subgroup analyses comparing ICU survivors and non-survivors against healthy 

controls were conducted to provide additional context for interpreting the observed time-frequency 

and time-phase alterations relative to baseline physiological states of healthy controls. Given the 

exploratory nature of this study and its primary focus on overall ICU population dynamics, these 

supplementary comparisons are presented as supporting data in Appendix Tables A.1-A.4. 

4.4 Analysis of Statistical Significance between Microvascular Frequency Sub-Bands. 

The microvascular frequency band consists of three physiologically distinct sub-frequency bands: 

Endothelial (B2), Neurogenic (B3), and Myogenic (B4). Evaluating statistical differences among 

these sub-bands is critical for Hypothesis 1.2, as it allows for a more granular understanding of 

how specific regulatory mechanisms of microvascular hemodynamics, such as endothelial 

function, autonomic regulation, and vascular smooth muscle activity, may be differentially 

impaired in critically ill patients and associated with mortality. Among these, the Endothelial (B2) 

frequency band showed a significantly lower %signfCoherenceDuration measure compared to the 

Myogenic (B4) frequency band (0%, IQR 0%–2.50% vs. 11.40%, IQR 5.50%–26.44%; p = 

0.0000) and the Neurogenic (B3) frequency band (0%, IQR 0%–2.50% vs. 4.04%, IQR 2.74%–

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU (31)  

Microvascular (B2–B4)  0.39 (0.30 – 0.49) 0.41 (0.11 – 0.51) 

Cardiac (B6) ** 0.71 (0.59 – 0.75) 0.37 (0.21 – 0.54) 

 
Brain - ABP 

Healthy (12)  ICU (26)  

Microvascular (B2–B4)  0.20 (0.08 – 0.39) 0.21 (0.04 – 0.50) 

Cardiac (B6) ** -0.034 (-0.08 – 0.00) -0.36 (-0.44 – -0.26) 

 
Muscle - ABP 

Healthy (12)  ICU (26)  

Microvascular (B2–B4)  0.20 (0.12 – 0.29) 0.28 (0.12 – 0.47) 

Cardiac (B6) ** 0.04 (-0.23 – 0.021) -0.34 (-0.45 – -0.21) 

Comparative analysis of wavelet semblance between ICU patients (Day 1) and healthy controls 

across three physiological signal pairs: Brain–Skeletal Muscle, Brain–ABP/NIBP, and Skeletal 

Muscle–ABP/NIBP within the Cardiac (B6) and Microvascular (B2–B4) frequency bands. Data 

are presented as median (IQR). Statistical comparisons were conducted using the Mann–Whitney 

U non-parametric test. Asterisks (**) indicate statistically significant differences at p < 0.05. 
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9.97%; p = 0.004) in the Muscle-NIBP signals of the healthy population. No significant differences 

were observed in other physiological signal pairs within the healthy population. Additionally, no 

significant differences were found in the wavelet coherence of all three physiological signal pairs 

in the ICU population. No significant differences in significant semblance were observed among 

the microvascular sub-frequency bands across both populations. These findings imply that in 

critical illness, the disruption of microvascular coherence may affect all microvascular control 

mechanisms uniformly, which could obscure outcome related distinctions unless sub-band specific 

analysis is performed. 

4.5 Comparative Analysis of Physiological Coherence of Microvascular Hemodynamics: 

ICU Non-Survivors vs. ICU Survivors 

This section evaluates Hypothesis 1.2 by comparing microvascular hemodynamic coherence 

metrics: %signfCoherenceDuration and Significant Semblance between ICU non-survivors and 

ICU survivors across the Microvascular (B2–B4), Cardiac (B6), and selected Sub-Microvascular 

frequency bands, to assess whether microvascular coherence is selectively altered in non-survivors 

during the early phase of critical illness (Day 1 of ICU stay). The analysis focuses on three 

physiological signal pairs: (i) Brain–Skeletal Muscle, (ii) Brain–ABP, and (iii) Skeletal Muscle–

ABP. This comparative analysis builds upon the observations from Hypothesis 1.1, where ICU 

population showed distinct microvascular coherence patterns relative to healthy controls, 

suggesting that physiological coherence may be differentially disrupted depending on the ICU 

patient outcome trajectory. Results are therefore organized by signal pair and frequency band, 

presenting a targeted comparative analysis of coherence metrics according to ICU patient 

outcomes (survived or deceased) to more precisely characterize the microvascular hemodynamic 

alterations associated with mortality. 

4.5.1 Wavelet Coherence Analysis: ICU Survivors vs. Non-Survivors 

Analysis of wavelet coherence measure: %signfCoherenceDuration identified a significant 

difference between ICU survivors and non-survivors within the Endothelial (B2) frequency band 

of the Brain-Skeletal Muscle physiological signal pair, with survivors demonstrating significantly 

lower coherence values compared to non-survivors (8.65%, IQR 2.86%–15.10% vs. 15.15%, IQR 

11.93%–24.25%; p = 0.03). No statistically significant differences were observed in other 

frequency bands or physiological signal pairs between survivors and non-survivors. Comparative 
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summary statistics of coherence values in the three physiological signal pairs for the Endothelial 

frequency band, Microvascular frequency band, and cardiac frequency band are presented in Table 

4.5, and these comparisons are illustrated in Figure 4.5.   

 

 

 

 

A. Cardiac (B6) 

Survivors  

Non-Survivors  

B. Microvascular band (B2-B4) 

Distribution of wavelet coherence in ICU survivors vs. ICU non-survivors across (A) Cardiac frequency 

band (B6) and (B) Microvascular frequency bands (B2–B4) for Brain–Skeletal Muscle(Survivors: n = 

20, Non-Survivors: n = 11), Brain–ABP(Survivors: n = 18, Non-Survivors: n = 8), and Skeletal Muscle–

ABP(Survivors: n = 17, Non-Survivors: n = 9) signal pairs. Interleaved scatter plots display individual 

data points, with median values indicated. Asterisks (*) indicate statistically significant group differences 

(p < 0.05, Mann–Whitney U test). 

Figure 4.5: Distribution of Wavelet Coherence between ICU Survivors vs. Non-Survivors. 
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Table 4.5: Comparative Analysis of Wavelet Coherence between ICU Survivors vs. Non-Survivors 

 

4.5.2 Wavelet Semblance Analysis: ICU Survivors vs. Non-Survivors 

Significant semblance analysis of the Skeletal Muscle–ABP signal pair revealed significant 

differences between ICU survivors and non-survivors across multiple frequency bands. ICU Non-

survivors demonstrated significantly higher semblance compared to survivors in the Endothelial 

(B2) (0.27, IQR 0.22–0.48 vs. 0.01, IQR −0.13–0.12; p = 0.0388), Neurogenic (B3) (0.55, IQR 

0.33–0.59 vs. 0.26, IQR −0.22–0.33; p = 0.0153), and Microvascular (B2–B4) (0.52, IQR 0.24–

0.56 vs. 0.23, IQR −0.14–0.33; p = 0.0205) frequency bands. Conversely, in the Cardiac (B6) 

frequency band, non-survivors exhibited significantly lower negative semblance compared to 

survivors (−0.44, IQR −0.47 to −0.38 vs. −0.28, IQR −0.36 to −0.18; p = 0.0043). No statistically 

significant differences in semblance values were observed for any frequency bands in the Brain–

Skeletal Muscle and Brain–ABP physiological signal pairs. 

Tables 4.6–4.8 summarize the significant semblance values across the Microvascular frequency 

bands, their sub-frequency bands, and the Cardiac frequency band for the three physiological 

signal pairs. Figure 4.6 illustrates the distribution of semblance values of the Microvascular and 

       Frequency bands 
Brain – Muscle 

Survivors (20)  Non-Survivors (11)  

Endothelial (B2) **  8.63% (2.87% - 15.11%) 15.15% (11.94% - 24.26%) 

Microvascular (B2–B4) 2.79% (0.83% - 5.72%) 7.13% (0.92% - 18.36%) 

Cardiac 90.38% (56.37% - 98.43% ) 78.76% (57.07%-96.05%) 

 
Brain - ABP 

Survivors (18) Non-Survivors (8) 

Endothelial (B2)  10.31% (2.89% - 23.04%) 14.18% (11.15% - 19.80%) 

Microvascular (B2–B4) 3.09% (1.00% - 16.97%) 6.51% (2.94% - 18.68%) 

Cardiac 92.00% (68.85% - 98.96%) 69.83% (43.91%- 78.46%) 

 
Muscle - ABP 

Survivors (17)  Non-Survivors (9)  

Endothelial (B2)   8.08% (0.83% - 18.74%)  19.94% (12.47% - 25.47%) 

Microvascular (B2–B4) 4.81% (0.04% - 6.59%)  6.05% (4.58% - 40.05%) 

Cardiac 83.78% (65.73% - 98.54%) 77.20% (51.23% - 79.99%) 

Comparative analysis of wavelet coherence between ICU survivors and non-survivors across the 

Endothelial (B2), Microvascular (B2–B4), and Cardiac (B6) frequency bands based on Day 1 

ICU monitoring data. Data are presented as median (IQR). Statistical comparisons were 

conducted using the Mann–Whitney U non-parametric test. Asterisks (**) indicate statistically 

significant differences at p < 0.05. 
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cardiac frequency bands across the Brain–Skeletal Muscle, Brain–ABP, and Skeletal Muscle–ABP 

signal pairs. 

 

 

 

 

 

 

Survivors  

Non-Survivors  

A. Cardiac (B6) B. Microvascular band (B2-B4) 

Distribution of wavelet semblance in ICU survivors vs. ICU non-survivors across (A) Cardiac frequency 

band (B6) and (B) Microvascular frequency bands (B2–B4) for Brain–Skeletal Muscle(Survivors: n = 

20, Non-Survivors: n = 11), Brain–ABP(Survivors: n = 18, Non-Survivors: n = 8), and Skeletal Muscle–

ABP(Survivors: n = 17, Non-Survivors: n = 9) signal pairs. Interleaved scatter plots display individual 

data points, with median values indicated. Asterisks (*) indicate statistically significant group differences 

(p < 0.05, Mann–Whitney U test). 

Figure 4.6: Distribution of  Wavelet Semblance between ICU Survivors vs. Non-Survivors. 
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  Table 4.6: ICU Outcome Analysis of Wavelet Semblance in Brain–Skeletal Muscle 

Frequency  

bands 

Brain – Skeletal Muscle 

Survivors (B2: n = 19, 20) Non-Survivors (11) 

Endothelial (B2) 0.1919 ( -0.0297 - 0.4918) 0.3878 (0.1581 - 0.5685) 

Neurogenic (B3) 0.3797 (0.0347 - 0.483) 0.3804 (0.208 - 0.543) 

Myogenic (B4) 0.3657 (0.2584 - 0.4651) 0.1432 ( -0.0486 - 0.5791) 

Microvascular(B2-B4)  0.362 (0.0835 - 0.4905) 0.48 (0.146 - 0.5535) 

Cardiac (B6) 0.3143 (0.2209 - 0.5359) 0.433 (0.2197 - 0.5611) 

 

  Table 4.7: ICU Outcome Analysis of Wavelet Semblance in Brain–ABP 

Frequency  

bands 

Brain – ABP 

Survivors (B2: n = 16, 18) Non-Survivors (8) 

Endothelial (B2) 0.0647 ( -0.5111 – 0.4709) 0.247 ( -0.1608 – 0.4776) 

Neurogenic (B3) 0.2051 ( -0.0843 – 0.5241) 0.4207 (0.2893 – 0.4607) 

Myogenic (B4) ** 0.3442 (0.1319 – 0.5143) 0.1607 ( -0.2929 – 0.3394) 

Microvascular(B2-B4)  0.2228(-0.0741 – 0.5546) 0.201 (0.1199 – 0.4041) 

Cardiac (B6) -0.4059 (-0.4797 – -0.2888) -0.2817 ( -0.3804 – -0.204) 

 

 

 

 

Summary statistics and significant testing data of significant semblance of Brain-Muscle in the 

Endothelial (B2), Neurogenic (B3), Myogenic (B4), Microvascular(B2-B4) and Cardiac (B6) 

frequency bands between ICU survivors vs. non-survivors based on Day 1 ICU monitoring 

data. Data are presented as median (IQR). Statistical comparisons were conducted using the 

Mann–Whitney U non-parametric test. Asterisks (**) indicate statistically significant 

differences at p < 0.05. 

 

Summary statistics and significant testing data of significant semblance of Brain-ABP in the 

Endothelial (B2), Neurogenic (B3), Myogenic (B4), Microvascular(B2-B4) and Cardiac (B6) 

frequency bands between ICU survivors vs. non-survivors based on Day 1 ICU monitoring 

data. Data are presented as median (IQR). Statistical comparisons were conducted using the 

Mann–Whitney U non-parametric test. Asterisks (**) indicate statistically significant 

differences at p < 0.05. 
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 Table 4.8: ICU Outcome Analysis of Wavelet Semblance in Skeletal Muscle–ABP 

Frequency  

bands 

Skeletal Muscle - ABP 

Survivors (B2: n = 16, 17) Non-Survivors (9) 

Endothelial (B2) ** 0.0136 ( -0.1312 – 0.1225) 0.2769 (0.2232 – 0.4851) 

Neurogenic (B3) ** 0.262 ( -0.2225 – 0.3351) 0.5592 (0.3304 – 0.5943) 

Myogenic (B4) 0.3305 (0.0519 – 0.4646) 0.3847 (0.1073 – 0.4982) 

Microvascular(B2-B4) ** 0.2336 ( -0.1495 – 0.3378) 0.5256 (0.2469 – 0.5635) 

Cardiac (B6) ** -0.2878 ( -0.3664 – -0.1834) -0.4462 ( -0.475 – -0.3882) 

 

4.6 Comparison of Physiological Coherence in Microvascular Hemodynamics between 

Day 1 and Day 3 of ICU patients 

Analysis of physiological coherence in microvascular hemodynamics of the ICU population, 

comparing Day 1 and Day 3 ICU monitoring data, showed no statistically significant differences 

in wavelet semblance and wavelet coherence measures across the Cardiac and Microvascular 

frequency bands. This analysis was conducted on patients with artifact-free microvascular 

monitoring data available for both Day 1 and Day 3. Sample sizes for the physiological signal pairs 

were: Brain–Skeletal Muscle (n = 9), Brain–ABP (n = 6), and Skeletal Muscle–ABP (n = 6). The 

corresponding interleaved scatter plots illustrating Day 1 versus Day 3 values for each 

physiological signal pair and frequency band are presented in Figure 4.10. 

 

 

 

Summary statistics and significant testing data of significant semblance of Skeletal Muscle-

ABP in the Endothelial (B2), Neurogenic (B3), Myogenic (B4), Microvascular(B2-B4) and 

Cardiac (B6) frequency bands between ICU survivors vs. non-survivors based on Day 1 ICU 

monitoring data. Data are presented as median (IQR). Statistical comparisons were conducted 

using the Mann–Whitney U non-parametric test. Asterisks (**) indicate statistically significant 

differences at p < 0.05. 
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B. Microvascular A. Cardiac 

C.  Cardiac D. Microvascular 

Interleaved scatter plots comparing wavelet coherence and wavelet semblance values on Day 1 and Day 3 of 

ICU monitoring across the Cardiac and Microvascular frequency bands. Data are shown for patients with 

artifact-free recordings in the following physiological signal pairs: Brain–Skeletal Muscle (n = 9), Brain–

ABP (n = 6), and Skeletal Muscle–ABP (n = 6). 

 

Figure 4.7: ICU Patient Analysis: Day 1 vs. Day 3 
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5 CHAPTER 5 - DISCUSSION 

This study represents the first comprehensive investigation to systematically evaluate the 

physiological coherence of microvascular hemodynamics between brain and skeletal muscle using 

high-resolution near-infrared spectroscopy and their coupling with systemic blood pressure, 

utilizing wavelet-based signal processing techniques. By employing wavelet coherence and 

semblance analyses across multiple frequency bands that reflect distinct physiological regulatory 

processes, this research establishes a novel methodological framework for quantifying dynamic 

brain-skeletal muscle microvascular coherence and their coupling to systemic blood pressure in 

both critically ill ICU patients and healthy controls. This study addresses two primary research 

hypotheses: whether microvascular hemodynamic coherence is altered in critically ill patients 

compared to healthy controls (Hypothesis 1.1), and whether these coherence patterns differ 

between ICU survivors and non-survivors (Hypothesis 1.2). 

The findings from this study make several important theoretical contributions to understanding 

microvascular physiology. First, it establishes that the physiological coherence of microvascular 

hemodynamics between brain and skeletal muscle is significantly altered during critical illness, 

challenging the assumption of uniform microvascular dysregulation across organs. Second, this 

study demonstrates that excessive phase-locked synchronization between skeletal muscle 

microcirculation and systemic blood pressure observed in ICU non-survivors compared to ICU 

survivors is associated with poor clinical outcomes, suggesting a potential pathophysiological 

mechanism of multi-organ dysfunction. 

5.1 Summary of Findings 

5.1.1 Hypothesis 1.1: Physiological coherence of microvascular hemodynamics alterations 

in ICU patients compared to healthy controls 

The results of the analyses provide strong evidence supporting Hypothesis 1.1, demonstrating 

significant alterations in physiological coherence of microvascular hemodynamics between brain 

and skeletal muscle in ICU patients compared to healthy controls. ICU patients exhibited 

significantly reduced duration of significant wavelet coherence (%signfCoherenceDuration) and 

diminished phase synchrony (Significant Semblance) between brain and skeletal muscle 

microcirculation in the cardiac frequency band (B6: 0.667-3.1 Hz) compared to healthy controls 
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(refer Tables 4.3 and 4.4, Figures 4.3 and 4.4). This pattern of impaired coherence between brain 

and skeletal muscle microcirculation was particularly pronounced in ICU non-survivors, who 

demonstrated further reductions in both time-frequency coupling and phase synchrony compared 

to healthy controls in the Cardiac (B6) frequency band (refer Appendix Tables A.2 and A.4). 

Additionally, wavelet semblance analysis identified significantly disrupted phase synchrony across 

all three physiological signal pairs: Brain-Skeletal Muscle, Brain-ABP, and Skeletal Muscle-ABP 

in the Cardiac (B6) frequency band among ICU patients compared to healthy controls (refer Tables 

4.4 and Figures 4.4). 

5.1.2 Hypothesis 1.2: ICU non-survivors would demonstrate significantly altered 

physiological coherence of microvascular hemodynamics compared to ICU 

survivors. 

The key findings revealed that ICU Non-survivors have significantly higher semblance values in 

the Skeletal Muscle-ABP physiological signal pair across the Microvascular frequency band, 

indicating abnormal and excessive phase synchrony between peripheral microcirculation and 

systemic blood pressure (refer Table 4.8 and Figure 4.6). In contrast, the remaining signal pairs, 

Brain-Skeletal Muscle and Brain-ABP, showed no significant time-phasic relationships (refer 

Table 4.6-4.7 and Figure 4.6). This excessive synchronization was prominently observed in 

skeletal muscle but not in brain, reflecting the fundamental differences in autoregulatory 

mechanisms between these organs.  

Furthermore, analysis of time-frequency coupling (%signifCoherenceDuration) revealed no 

significant differences between ICU survivors and non-survivors across all three physiological 

signal pairs (Brain-Skeletal Muscle, Brain-ABP, Skeletal Muscle-ABP) in either Cardiac or 

Microvascular frequency bands (refer Tables 4.5 and Figure 4.5). 

5.2 Comparison with Previous Literature 

The finding of this study shows reduced brain-skeletal muscle coherence in ICU patients aligns 

with previous research on organ-specific microvascular regulation during critical illness. Mirsajadi 

et al. demonstrated a moderate correlation between NIRS-derived optimal mean arterial pressure 

values for brain and skeletal muscle, suggesting distinct regulatory mechanisms24. This study 

revealed that both ICU patients and healthy populations exhibit higher time-frequency coupling 

duration (%signfCoherenceDuration) and phase-locked (Significant Semblance) relationships 
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within the cardiac frequency band between the brain and skeletal muscle (see Table 4.3 and Table 

4.6). These findings indicate the presence of coordinated and synchronized cardiovascular 

oscillations derived from the central heart rate, observed within the local hemodynamics of both 

organs, supporting the moderate brain-muscle MAP correlation observed by Mirsajadi et al. 

However, this study extends those findings by revealing that healthy controls exhibit significantly 

greater %signfCoherenceDuration and Significant Semblance values in the cardiac frequency band 

compared to ICU patients. This suggests that the coordination and synchronization of 

cardiovascular oscillations between these organs becomes decoupled in critical illness, potentially 

reflecting impaired autoregulatory mechanisms and compromised systemic physiological 

integration. Altogether, this study extends previous NIRS-based organ-specific MAP correlation 

studies, providing a more nuanced understanding of microvascular hemodynamic interactions 

across populations. The methodological shift from time-domain pressure correlation analysis to 

dynamic time-frequency characterization offers deeper insights into the temporal evolution of 

organ-specific regulatory mechanisms of microvascular hemodynamics during critical illness. 

Building on this broader characterization, the observation of altered skeletal muscle-ABP 

coherence in non-survivors builds upon findings by Das et al. and Peng et al., who reported 

associations between tissue oxygenation parameters and adverse outcomes15,16. However, this 

study advances beyond these time domain analysis to characterize dynamic time-frequency 

microvascular interactions, providing deeper insights into the pathophysiological mechanisms 

underlying poor outcomes in critically ill patients. 

Further supporting this perspective, a study conducted by Mohammadzadeh et al. utilizing wavelet 

coherence analysis with optical intrinsic signal imaging (OISi) in stroke rat models revealed 

significant reductions in wavelet coherence between the motor and somatosensory cortices in 

ischemic hemispheres compared to healthy controls212. These findings suggest disrupted functional 

connectivity and diminished synchronization of cerebral hemodynamic oscillations post-stroke. 

Thus, wavelet coherence analysis proved to be a sensitive method for detecting frequency-specific 

connectivity alterations between healthy and pathological states. 

Complementing these interspecies and pathological comparisons, the findings of this study also 

align with Hermans et al.'s investigation into neurovascular coupling191. Although both studies 

employed wavelet coherence to assess physiological relationships, the current research uniquely 
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explored multi-organ microvascular coherence across a broader range of frequency bands (0.0095–

0.16 Hz for microvascular and 0.667–3.1 Hz for cardiac), compared to Hermans et al.'s narrower 

0.25–1 mHz focus. Both studies, however, converge on the conclusion that coherence is 

significantly diminished in adverse clinical conditions, emphasizing the potential of wavelet-based 

metrics as biomarkers of systemic physiological integrity. 

Expanding this analytical scope, the present study also extends the work of Highton et al., who 

demonstrated dynamic cerebrovascular slow-wave relationships in brain-injured patients using 

wavelet coherence27. While both studies leverage wavelet coherence analysis, the current analysis 

focuses on brain-skeletal muscle interactions, moving beyond cerebral autoregulation alone. 

Methodologically, this study advances the application of wavelet semblance analysis to capture 

phase relationships across both microvascular and cardiac bands. Notably, the identification of 

higher Skeletal Muscle-ABP wavelet semblance as a significant differentiator between ICU 

survivors and non-survivors suggests (refer Tables 4.8 and Figures 4.6) that peripheral-central 

vascular excessive coupling may serve as a critical prognostic marker. This distinction emphasizes 

the clinical value of integrating multi-site NIRS monitoring to uncover systemic vascular 

dysfunction not detectable through cerebral focused assessments alone. 

Further highlighting the importance of spatial and frequency-specific analysis, Tian et al. 

demonstrated regional heterogeneity in cerebral hemodynamics using multichannel NIRS in 

neonates, where MRI detected abnormalities corresponded with localized discrepancies in wavelet 

coherence measurements25,26. Their findings emphasize how coherence metrics can vary across 

spatial domains and reflect underlying pathological states. Similarly, the present study identifies 

frequency specific differences in physiological coherence between microvascular signal pairs: 

brain, skeletal muscle and ABP/NIBP, with ICU patients exhibiting significantly altered coherence 

patterns compared to healthy controls in microvascular and cardiac frequency bands. These 

findings reinforce the importance of considering dynamic microvascular interactions between 

organs. 

5.3 Interpretation of Results 

Having established the relationship between these findings and existing literature, the 

physiological significance and clinical implications of the observed microvascular coherence 

alterations provide a critical foundation for interpreting the results and support the future 
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applicability of the research hypotheses presented in this thesis. Therefore, Tables 5.1 and 5.2 

provide a structured summary of the key findings observed in wavelet coherence and semblance 

metrics, thereby offering a coherent framework for interpreting these complex dynamics. 

Table 5.1: Key Findings Matrix of ICU Patients vs. Healthy Controls. 

ICU patients vs. Healthy Control  

Analysis Type 
Frequency 

bands 

Physiological Signal pair  

Brain-Skeletal 

Muscle 

Brain-

ABP/NIBP 

Skeletal Muscle-

ABP/NIBP 

 

Wavelet 

Coherence 

Microvascular ❌ ❌ ↑*  
Cardiac ↓* ❌ ❌ 

 

Wavelet 

Semblance 

Microvascular ❌ ❌ ❌ ↑* 

Cardiac ↓* ↓* ↓*  
 

 

 

 

 

 

 

The matrix shows the statistical significance and direction of physiological signal pairs coherence 

changes in ICU patients relative to healthy controls. ↑* = significantly increased coherence in ICU 

patients; ↓* = significantly decreased coherence in ICU patients; ❌ = no significant difference             

(p < 0.05, Mann-Whitney U test). Arrows indicate actual directional changes in wavelet coherence 

and semblance values. ABP = Arterial Blood Pressure; NIBP = Non-invasive Blood Pressure. 
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Table 5.2 : Key Findings Matrix of ICU Survivors vs. Non-Survivors. 

ICU Non-Survivors vs. Survivors  

Analysis Type 
Frequency 

band 

Physiological Signal pair  

Brain-Skeletal 

Muscle 

Brain-

ABP/NIBP 

Skeletal Muscle-

ABP/NIBP 

 

Wavelet 

Coherence 

Microvascular ❌ ❌ ❌ ↑* 
Cardiac ❌ ❌ ❌ ↑* 

Wavelet 

Semblance 

Microvascular ❌ ❌ ↑* ↓* 

Cardiac ❌ ❌ ↓* ↓* 

The significant reduction in wavelet coherence and wavelet semblance of Cardiac band between 

brain and skeletal muscle in ICU patients suggests a fundamental disruption of rapid hemodynamic 

coupling mechanisms during critical illness compared to healthy controls (refer Tables 4.3-4.4 and 

Figures 4.3-4.4). The cardiac frequency band represents a central, unifying hemodynamic signal 

originating from centrally coordinated and synchronized cardiovascular rhythms of the heart, 

which are transmitted throughout the entire cardiovascular system of the body as pressure and flow 

waves. In the healthy state, this central cardiac signal creates highly synchronized hemodynamic 

oscillations across different organs, resulting in strong coherence between brain and skeletal 

muscle microcirculation in the cardiac frequency band. 

During critical illness, this central unifying cardiac signal becomes altered. As demonstrated in the 

findings of this study (refer Tables 5.1), alteration of central unifying cardiac signal leads to the 

decoupling of coordinated and synchronized cardiovascular oscillations between brain and skeletal 

muscle, potentially reflecting impaired autoregulatory mechanisms and disrupted physiological 

integration. The selective nature of these disruptions, where some coherence patterns (such as the 

The matrix shows the statistical significance and direction of physiological signal pairs coherence changes 

in ICU Non-Survivors relative to ICU Survivors. ↑* = significantly increased coherence in ICU non-

Survivors; ↓* = significantly decreased coherence in ICU non-Survivors; ❌ = no significant difference 

(all comparisons p < 0.05, Mann-Whitney U test). Arrows indicate actual directional changes in wavelet 

coherence and semblance values. ABP = Arterial Blood Pressure; NIBP = Non-invasive Blood Pressure. 



77 

 

microvascular frequency band) are preserved while others (cardiac frequency band) are disrupted 

(refer Tables 4.3-4.4 and Figures 4.3-4.4), suggests that critical illness affects specific regulatory 

mechanisms rather than causing uniform microvascular dysfunction. 

The excessive synchronization between skeletal muscle and systemic blood pressure in both 

cardiac and microvascular frequency bands, observed in ICU non-survivors compared to ICU 

survivors, represents a particularly important finding (refer Tables 4.8 and Figures 4.6). This 

pattern contrasts with the similar physiological signal pair, Brain–ABP, which did not show any 

significant time-phasic relationships (refer Tables 4.7 and Figures 4.6), highlighting the specific 

vulnerability of skeletal muscle microvascular hemodynamics in critically ill patients. 

The excessive synchronization was significantly observed in skeletal muscle rather than in the 

brain due to fundamental differences in autoregulatory capacity between these organs. The brain 

maintains robust cerebral autoregulation, enabling it to preserve microvascular independence from 

systemic blood pressure fluctuations, even during critical illness. In contrast, skeletal muscle acts 

as the primary effector of systemic vascular resistance under sympathetic nervous system control 

and becomes pathologically coupled to systemic hemodynamics when skeletal muscle 

microvascular regulatory mechanisms fail. This pattern may indicate the loss of local 

autoregulatory control within the skeletal muscle of ICU non-survivors, resulting in passive 

pressure-dependent perfusion that compromises the skeletal muscle microcirculation's ability to 

maintain adequate tissue oxygenation despite fluctuations in systemic hemodynamics. Such 

maladaptive coupling could contribute to the development of multiple organ dysfunction syndrome 

by failing to protect tissues from harmful pressure variations. 

The frequency-specific nature of these alterations provides insights into the underlying 

physiological mechanisms. The Microvascular frequency band (0.0095-0.16 Hz) comprises 

Endothelial, Neurogenic, and Myogenic regulatory mechanisms, while the Cardiac frequency band 

(0.667-3.1 Hz) reflects rapid cardiovascular oscillations. The differential patterns observed across 

these frequency ranges suggest that critical illness selectively impairs specific aspects of 

microvascular regulation while potentially preserving others (refer Tables 5.1 and 5.2). 
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5.4 Study Limitations 

Several methodological constraints limit the interpretation and generalizability of these results. 

The sample size, particularly for subgroup analyses of ICU survivors and non-survivors, limited 

the statistical power to detect differences between these groups. This may have contributed to the 

partial support for Hypothesis 1.2 and the reduced ability to detect nuanced but clinically 

meaningful differences. 

The observational experiment design of this research inherently limits the ability to determine 

causality between microvascular coherence alterations and clinical outcomes, allowing only for 

the identification of associative relationships. 

The heterogeneous characteristics of the ICU population, including varying diagnoses, 

comorbidities, and vasopressor requirements, introduce potential confounding variables that could 

independently influence microvascular function, apart from critical illness severity. While this 

heterogeneity reflects the reality of ICU populations, it complicates the interpretation of results 

and their attribution to specific pathophysiological mechanisms. 

Technical limitations included challenges with motion artifacts in NIRS recordings, requiring 

manual artifact removal despite the assistance from automated methods. This process was time-

consuming and potentially introduced subjective bias in data selection. The penetration depth of 

NIRS signals is limited by the thickness of adipose tissue (muscle) and superficial extra-cerebral 

tissue (brain), which can affect signal quality and comparability between subjects. Although this 

study excluded patients with a BMI greater than 40 and involved measuring adipose tissue 

thickness, variations within the acceptable range could still influence the analysis. 

The single-center design and specific ICU population studied may limit external 

validity. Additionally, the healthy control group was younger on average than the ICU population, 

which could have contributed to observed differences between groups independent of critical 

illness status.  

The analysis presented in this discussion synthesizes that microvascular coherence patterns 

between brain and skeletal muscle are fundamentally altered during critical illness, with distinct 

signatures associated with patient outcomes. These findings challenge existing paradigms of 

uniform microvascular dysregulation and demonstrate the clinical utility of wavelet-based signal 
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processing in characterizing dynamic physiological relationships in microvascular hemodynamics. 

The methodological framework established through this research provides a foundation for future 

investigations into personalized therapeutic strategies based on individual patterns of cross-organ 

microvascular dysfunction. 
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6 CHPATER 6 – CONCLUSION 

This study establishes, for the first time, that the physiological coherence of microvascular 

hemodynamics between the brain and skeletal muscle, as well as their relationship with systemic 

blood pressure, is altered during critical illness, with distinct alterations in coherence is associated 

with ICU patient outcomes. Through the application of wavelet-based signal processing techniques 

to high-resolution near-infrared spectroscopy data, this research provides novel insights into the 

dynamic coordination of microvascular regulation across organ systems. 

The primary findings demonstrate that ICU patients exhibit significantly reduced coherence 

duration and disrupted phase synchrony between brain and skeletal muscle microcirculation in the 

cardiac frequency band compared to healthy controls, supporting Hypothesis 1.1. This represents 

the first quantitative characterization of cross-organ microvascular coherence alterations during 

critical illness, revealing that disease states selectively impair specific regulatory mechanisms 

within microvascular hemodynamics rather than causing uniform microvascular dysfunction. 

Regarding patient outcomes, ICU non-survivors demonstrated excessive synchronization between 

skeletal muscle microcirculation and systemic blood pressure in the microvascular and cardiac 

frequency bands, providing support for Hypothesis 1.2. These findings suggest that maladaptive 

microvascular coupling, characterized by loss of local autoregulatory control and passive pressure-

dependent perfusion, may contribute to poor clinical outcomes. 

This research makes several important contributions to the field of biomedical engineering and 

critical care medicine. Methodologically, it establishes a novel analytical framework combining 

high-resolution NIRS monitoring with wavelet coherence and semblance analyses to quantify 

dynamic microvascular interactions across organ systems. This approach advances beyond 

traditional single-organ monitoring approaches to provide both local and system-level 

understanding of microvascular regulations. 

Physiologically, the study challenges the assumption of uniform microvascular dysregulation 

during critical illness by demonstrating organ-specific and frequency-specific alterations in 

coherence patterns. The identification of excessive skeletal muscle-systemic pressure coupling in 

non-survivors provides new insights into potential mechanisms underlying multiple organ 

dysfunction syndrome. 
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Clinically, these findings lay the groundwork for developing novel biomarkers for risk 

stratification and outcome prediction in critical care settings. The demonstrated ability to 

differentiate between survivors and non-survivors based on microvascular coherence patterns 

suggests the potential for early identification of patients at high risk of poor outcomes, enabling 

timely therapeutic interventions. 
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7 CHPATER 7 – FUTURE DIRECTION 

The theoretical contributions and methodological framework established in this study provide a 

foundation for several important future research directions that could advance both the scientific 

understanding and clinical application of microvascular coherence monitoring while 

systematically addressing the limitations observed in the current study. 

Therefore, to systematically advance both theoretical understanding and clinical 

application, future studies should prioritize larger, multi-center study designs that include 

predefined subgroups based on ICU admission diagnoses. Such an approach would enhance 

statistical robustness and facilitate a more granular understanding of how varying critical illness 

etiologies influence microvascular hemodynamics coherence. Additionally, longitudinal studies 

with more frequent and systematic monitoring throughout the ICU stay are essential for mapping 

the temporal progression of microvascular dynamics and assessing their responsiveness to clinical 

interventions. The incorporation of complementary physiological monitoring techniques, such as 

transcranial Doppler ultrasonography or tissue oxygen tension assessments, could enrich the 

interpretation of NIRS-derived data and strengthen the physiological validity of observed 

coherence patterns. Furthermore, examining and evaluating the temporal relationships between 

microvascular hemodynamics coherence and established biomarkers of organ dysfunction, such as 

lactate clearance or inflammatory cytokines, may offer deeper insights into the pathophysiological 

mechanisms at play and improve the clinical utility of coherence as a clinical indicator. 

To improve the quality and accuracy of NIRS monitoring data, future studies should consider 

integrating advanced optical technologies such as time-domain NIRS. or Diffuse Correlation 

Spectroscopy (DCS). These advanced optical technologies offer significant advantages over 

conventional CW-NIRS by enabling absolute quantification of microvascular blood flow and 

enhancing depth resolution. Such capabilities would allow for a more accurate and nuanced 

characterization of microvascular dynamics, thereby potentially increasing the clinical relevance 

and applicability of NIRS based findings. In addition, incorporating auxiliary sensors, such as 

gyroscopes to detect patient movement and temperature sensors to monitor local thermal 

conditions, could help to identify motion artifacts and assess the influence of temperature 

fluctuations on NIRS signals in real-time. 



83 

 

Moreover, the development of automated, explainable machine learning (XML)-driven methods 

integrated with data mining techniques and digital signal processing holds significant potential for 

improving artifact detection and signal correction in NIRS data. These advanced approaches could 

streamline preprocessing workflows, enhance the objectivity and reproducibility of data handling, 

and offer greater transparency in analytical decisions. By minimizing the reliance on manual 

correction, such systems can reduce human error and bias, ultimately leading to more reliable and 

clinically actionable insights. 

While the current study focused on analyzing global microvascular coherence metrics across entire 

recording periods for time-frequency and time-phasic microvascular relationships, future studies 

should focus on evaluating the feasibility of developing real-time anomaly detection algorithms 

capable of identifying transient alterations in microvascular coherence patterns. By implementing 

higher temporal resolution analysis windows and adaptive threshold detection methods, future 

research could enable the early identification of emerging cross-organ microvascular dysfunction 

before clinically apparent deterioration occurs. Such advances would facilitate the development of 

predictive monitoring systems that could alert clinicians to impending organ dysfunction based on 

subtle changes in microvascular coherence patterns, potentially enabling proactive therapeutic 

interventions. 
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APPENDIX A 

Table A.1: Comparative Analysis of Wavelet Coherence of ICU Survivors vs. Healthy Controls. 

 

 

 

 

 

 

Table A.2: Comparative Analysis of Wavelet Coherence of ICU Non-survivors vs. Healthy 

Controls. 

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU non-survivors (11)  

Microvascular (B2–B4) 2.72% (0.79% - 10.46%) 7.13% (0.92%-18.35%) 

Cardiac (B6) ** 97.14% (93.19% - 98.61%) 78.76% (57.07%-96.05%) 

 
Brain - ABP 

Healthy (12)  ICU non-survivors (8)  

Microvascular (B2–B4) 1.58% (0% - 5.91% ) 6.51% (2.94% - 18.68% ) 

Cardiac (B6) 94.78% (53.11% - 96.75%) 69.83% (43.91%- 78.46%) 

 
Muscle - ABP 

Healthy (12)  ICU non-survivors (9)  

Microvascular (B2–B4) ** 0.40% (0% - 1.97%)  6.05% (4.58% - 40.05%) 

Cardiac (B6) 86.21% (55.19% - 98.21%) 77.20% (51.23% - 79.99%) 

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU Survivors (20)  

Microvascular (B2–B4)  2.72% (0.79% - 10.46%) 2.78% (0.82% - 5.72%) 

Cardiac (B6) 97.14% (93.19% - 98.61%) 90.38% (56.37% - 98.43% ) 

 
Brain - ABP 

Healthy (12)  ICU Survivors (18)  

Microvascular (B2–B4)  1.58% (0% - 5.91%) 3.09% (1.00% - 16.97%) 

Cardiac (B6) 94.78% (53.11% - 96.75%) 92.00% (68.85% - 98.96%) 

 
Muscle - ABP 

Healthy (12)  ICU Survivors (17)  

Microvascular (B2–B4)  0.40% (0% - 1.97%) 4.81% (0.04% - 6.59%) 

Cardiac (B6) 86.21% (55.19% - 98.21%) 83.78% (65.73% - 98.54%) 

Comparative analysis of wavelet coherence (%signfCoherenceDuration) between ICU survivors and 

healthy controls across three physiological signal pairs: Brain–Skeletal Muscle, Brain–ABP/NIBP, and 

Skeletal Muscle–ABP/NIBP within the cardiac (B6) and Microvascular (B2–B4) frequency bands. Data 

are presented as median (IQR). Statistical comparisons were conducted using the Mann–Whitney U non-

parametric test. Asterisks (**) indicate statistically significant differences at p < 0.05. 

 

 

Comparative analysis of wavelet coherence (%signfCoherenceDuration) between ICU non survivors and 

and healthy controls across three physiological signal pairs: Brain–Skeletal Muscle, Brain–ABP/NIBP, 

and Skeletal Muscle–ABP/NIBP within the cardiac (B6) and Microvascular (B2–B4) frequency bands. 

Data are presented as median (IQR). Statistical comparisons were conducted using the Mann–Whitney 

U non-parametric test. Asterisks (**) indicate statistically significant differences at p < 0.05. 
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Comparative analysis of wavelet semblance between ICU Survivors and Healthy controls across three 

physiological signal pairs: Brain–Skeletal Muscle, Brain–ABP/NIBP, and Skeletal Muscle–ABP/NIBP 

within the cardiac (B6) and Microvascular (B2–B4) frequency bands. Data are presented as median (IQR). 

Statistical comparisons were conducted using the Mann–Whitney U non-parametric test. Asterisks (**) 

indicate statistically significant differences at p < 0.05. 

 

 

Table A.3: Comparative Analysis of Wavelet Semblance of ICU Survivors vs. and Healthy 

Controls. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU survivors (20)  

Microvascular (B2–B4)  0.39 (0.30 – 0.49) 0.36 (0.08 - 0.49) 

Cardiac (B6) ** 0.71 (0.59 – 0.75) 0.31 (0.22 - 0.53) 

 
Brain - ABP 

Healthy (12)  ICU survivors (18)  

Microvascular 0.20 (0.08 – 0.39) 0.22 (-0.07 - 0.55) 

Cardiac (B6) ** -0.034 (-0.08 – 0.00) -0.40 (-0.47 - -0.28) 

 
Muscle - ABP 

Healthy (12)  ICU survivors (17)  

Microvascular (B2–B4)  0.20 (0.12 – 0.29) 0.23 (-0.14 - 0.33) 

Cardiac (B6) -0.04 (-0.23 – 0.021) -0.28 (-0.36 - -0.18) 
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Table A.4: Comparative Analysis of Wavelet Semblance of ICU Non-Survivors vs. and Healthy 

Controls. 

      Frequency bands 
Brain – Muscle 

Healthy (15)  ICU non- survivors (11)  

Microvascular (B2–B4)  0.39 (0.30 – 0.49) 0.48 (0.14 - 0.55) 

Cardiac (B6) ** 0.71 (0.59 – 0.75) 0.43 (0.21 - 0.56) 

 
Brain - ABP 

Healthy (12)  ICU non- survivors (8)  

Microvascular (B2–B4)  0.20 (0.08 – 0.39) 0.20 (0.11 - 0.40) 

Cardiac (B6) ** -0.034 (-0.08 – 0.00) -0.28 (-0.38 - -0.20) 

 
Muscle - ABP 

Healthy (12)  ICU non-survivors (9)  

Microvascular (B2–B4) ** 0.20 (0.12 – 0.29) 0.52 (0.24 - 0.56) 

Cardiac (B6) ** 0.04 (-0.23 – 0.021) -0.44 (-0.47 - -0.38) 

 

 

 

 

 

 

 

Comparative analysis of wavelet semblance between ICU non survivors and healthy controls across three 

physiological signal pairs: Brain–Skeletal Muscle, Brain–ABP/NIBP, and Skeletal Muscle–ABP/NIBP within 

the Cardiac (B6) and Microvascular (B2–B4) frequency bands. Data are presented as median (IQR). Statistical 

comparisons were conducted using the Mann–Whitney U non-parametric test. Asterisks (**) indicate 

statistically significant differences at p < 0.05. 
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