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Abstract

Cerebrovascular reactivity (CVR) serves as a critical biomarker for assessing the ca-

pacity of cerebral blood vessels to adapt to physiological and pathological challenges.

Although numerous methods exist to measure CVR, accurately capturing its full dy-

namic range remains an ongoing challenge. This thesis presents advances in the under-

lying principles, measurement techniques, and modelling of CVR, integrating data from

transcranial Doppler ultrasound (TCD) and blood-oxygen-level-dependent functional

magnetic resonance imaging (BOLD-fMRI).

The thesis begins with a review of the pathophysiological bases of vascular smooth

muscle cell dysfunction, showing how impaired vascular regulation can occur before

clinical symptoms of neurodegeneration emerge and motivating CVR as a promising

tool for assessing brain health. The subsequent chapters develop and utilise different

methodologies to map CVR dynamics. First, CVR measured using TCD in combina-

tion with a fixed carbon dioxide challenge is compared with the pupillary light response

(PLR). Although the PLR reflects certain autonomic responses, it only partially aligns

with the broader haemodynamic changes measured by TCD. To investigate whether

a probability-driven approach would enhance CVR accuracy, a Bayesian modelling

framework is introduced for breath-hold-induced CVR in BOLD-fMRI. By treating

both data and parameters as probability distributions, this framework demonstrates

greater adaptability and computational speed than general linear modelling while main-

taining comparable accuracy. The TCD-based research is then extended using a novel

ramp protocol that delivers progressive hypercapnia, enabling fine-grained, non-linear

(sigmoidal) characterisation of vascular responses, elucidating inflection points and up-

per/lower limit plateaus that linear models are unable to identify. Incorporating the

Bayesian framework into these TCD ramp analyses further enhances the characteri-

sation of the full CVR response. Applying these non-linear methods to BOLD-fMRI

then facilitates side-by-side assessment with TCD, revealing both consistent trends

and modality-specific differences. Finally, the thesis validates key physiological as-

sumptions by comparing TCD-derived velocity measures with standard models linking
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altered cerebral blood flow to changes in the BOLD signal.

Taken together, these studies contribute to a more nuanced understanding of cere-

brovascular function, emphasising the importance of non-linear modelling and multi-

modal approaches. By advancing experimental protocols, computational frameworks,

and preliminary non-invasive metrics (such as the PLR), this thesis opens avenues for

earlier detection of vascular involvement in neurodegeneration and for broader clinical

adoption of CVR as a routine biomarker of cerebrovascular health.
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1 | Introduction

1.1 Motivation and Scope

Cerebrovascular disease represents one of the leading contributors to neurological mor-

bidity and economic burden in the developed world [254]. The brain, despite com-

prising only a small fraction of total body mass, is responsible for approximately 20

% of the body’s metabolic consumption and has minimal energy reserves [434]. This

high demand for oxygen and glucose renders cerebral function particularly vulnerable

to fluctuations in blood supply. Even subtle impairments in cerebral blood flow (CBF)

regulation can lead to metabolic dysfunction, oxidative stress, and neuroinflammation,

all of which contribute to neurodegeneration [3][90][224]. Understanding how the cere-

brovascular system responds to physiological challenges is, therefore, critical in both

identifying early disease markers and guiding patient-specific interventions.

Cerebrovascular reactivity (CVR) refers to the ability of blood vessels in the brain to

dilate and constrict in response to stimuli - driven by vascular smooth muscle cells

(VSMCs) - to ensure optimal perfusion under varying conditions. Dysfunction in CVR

has been linked to numerous neurodegenerative conditions, including Alzheimer’s dis-

ease, dementia, and small vessel disease [61][142][397][323][242]. As mounting evidence

suggests that impaired vascular function may precede overt neurodegenerative pathol-

ogy, CVR has emerged as a promising biomarker for early disease detection and in-

tervention [14][191][360][363]. However, a key challenge in clinically leveraging CVR

lies in distinguishing between intrinsic CVR dysfunction - arising from fundamental
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smooth muscle impairments - and extrinsic dysfunction, which reflects increased vessel

dilation at rest due to systemic or environmental factors such as age, BMI, or smoking.

While many extrinsic factors are modifiable through lifestyle changes or pharmacolog-

ical interventions, intrinsic dysfunction may require different therapeutic approaches.

Assessing CVR accurately and reliably remains a significant challenge in both research

and clinical settings. Conventional CVR assessment methods often rely on binary or

linear models that fail to capture the full spectrum of cerebrovascular responses. These

models assume a proportional relationship between vascular response and stimulus in-

tensity, overlooking the physiological reality that CVR often follows a non-linear, sig-

moidal pattern. As a result, they may underestimate vascular saturation effects at high

stimulus levels or fail to distinguish between subtle impairments in vasodilation and

vasoconstriction. For example, non-linear models could account for multiple parame-

ters in the CVR curve, such as the inflection point between lower and upper plateaus,

the range of the response, and an offset in baseline CBF. The limitations in linear

modelling are particularly relevant in the context of neurodegenerative diseases, where

vascular dysfunction may manifest in different ways depending on disease etiology. The

accessibility of CVR imaging also presents a barrier, as many current imaging modali-

ties require specialised equipment and expertise, limiting widespread clinical adoption.

Addressing these gaps requires advanced imaging and modelling techniques capable of

characterising both linear and non-linear aspects of CVR.

The primary aim of this thesis is to develop robust, accessible, and cost-

effective methods to comprehensively map a wide spectrum of the CVR

response, enabling multi-parametric characterisation of CVR.
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This work integrates transcranial Doppler ultrasound (TCD) and functional MRI (fMRI)

to map cerebrovascular responses to controlled vasoactive stimuli. A novel ramp stim-

ulus protocol is introduced to capture both dilation and constriction phases, improving

the accuracy of CVR characterisation beyond traditional linear models. Additionally,

Bayesian modelling techniques are applied to enhance parameter estimation and cap-

ture individual variability in CVR responses.

To facilitate this research, I assisted in establishing a new laboratory in the Institute for

Biomedical Engineering at the University of Oxford, setting up the equipment to pro-

totype and validate these methods, ensuring high-quality data acquisition and analysis.

This included developing a controlled experimental environment for CVR studies, im-

plementing gas stimulus delivery systems, and training to conduct participant studies.

The development of this infrastructure was essential to conducting a comprehensive

research study with human participants, the Eye-Brain Study, which allowed for sys-

tematic evaluation and refinement of CVR assessment techniques. Furthermore, I em-

ployed CVR acquisition and analysis protocols to contribute to an investigation of the

relationship between cerebrovascular smooth muscle function and ocular smooth muscle

activity via pupillometry. By establishing physiological correlations between cerebral

and ocular vasoreactivity, this work aims to uncover novel, non-invasive biomarkers for

cerebrovascular dysfunction.

In parallel with the TCD approach, this thesis also explores how the ramp stimu-

lus protocol and sigmoidal modelling can be extended to MRI-based acquisitions for

complementary measures of CVR. By leveraging fMRI data, it is possible to capture

spatially resolved information on blood oxygenation changes that complement velocity-
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based TCD measurements. This multimodal strategy not only improves the sensitivity

of CVR assessment but also provides a more comprehensive view of cerebrovascular

function, reinforcing the validity and applicability of the proposed methods across dif-

ferent imaging modalities.

The growing interest in advanced imaging and modelling approaches underscores the

importance of this research. This thesis contributes methodological approaches and

models for more precise characterisation of brain physiology, and seeks to inform early

disease detection strategies, optimise pipelines for determining subject-specific risk fac-

tors of disease, and ultimately reduce the healthcare burden associated with neurovas-

cular disorders. By improving CVR measurement techniques using non-invasive meth-

ods and advancing our understanding of vascular smooth muscle function in neurode-

generation, this thesis contributes to the broader goal of enhancing precision medicine

approaches for neurological health.

1.2 Background

Specific methods and background information relevant to each chapter are provided

throughout this thesis. This section outlines the essential concepts and methods of

the thesis and provides the necessary framework for understanding the approaches

employed.
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1.2.1 Characterising Blood Flow Changes

Understanding changes in cerebral blood flow is fundamental to assessing cerebrovas-

cular health. Several techniques exist for measuring blood flow dynamics, including

transcranial Doppler ultrasound (TCD), magnetic resonance imaging (MRI), positron

emission tomography (PET), single-photon emission computed tomography (SPECT),

and near-infrared spectroscopy (NIRS). PET and SPECT provide quantitative mea-

sures of cerebral blood flow but require exposure to radioactive tracers, making repeated

measures less safe and practical. NIRS, while non-invasive and portable, is limited in

its spatial resolution and depth penetration. Given these constraints, this thesis em-

ploys TCD and fMRI due to their complementary strengths. TCD offers high temporal

resolution, allowing for real-time assessment of cerebrovascular responses, while fMRI

provides superior spatial resolution to map CVR across the brain.

1.2.1.1 Transcranial Doppler Ultrasound

TCD ultrasonography is a non-invasive, bedside tool for obtaining information about

collateral blood flow through various branches of the circle of Willis. In TCD, pulses

of sound waves are sent into the centre of a large blood vessel, such as the middle

cerebral artery (MCA), and the blood velocity is determined by analysing the Doppler-

shifted frequency of the resulting signals [30]. TCD is widely used in cerebrovascular

research due to its high temporal resolution, portability, and ability to provide real-time

assessment of cerebrovascular responses [55][271].

5



Chapter 1 - Introduction

1.2.1.2 Magnetic Resonance Imaging

MRI methodologies such as arterial spin labeling (ASL) and blood-oxygen-level-dependent

(BOLD) imaging enable non-invasive assessment of cerebral perfusion and neural-

related activity by measuring blood flow, volume, and oxygenation-related signal changes

[96]. Arterial spin labeling (ASL) provides a direct and quantitative measurement of

cerebral blood flow (CBF) by using magnetically labeled arterial blood as an endoge-

nous tracer [438]. In contrast, blood-oxygen-level-dependent (BOLD) MRI detects sig-

nal changes in T2* relaxation, which are influenced by variations in deoxyhemoglobin

(dHb) levels, driven by a combination of physiological factors including CBF, cerebral

blood volume, and the cerebral metabolic rate of oxygen [137]. When a hypercap-

nia challenge is used, it is generally assumed that BOLD signal changes are primarily

driven by alterations in CBF [328]. Compared to ASL, BOLD imaging offers a higher

signal-to-noise ratio and is less susceptible to motion artifacts [381]. Nevertheless,

when compared with TCD, BOLD’s accessibility is limited by cost and the need for

specialised equipment.

1.2.2 Vasoactive Stimuli and Gas Challenges

To assess CVR, controlled vasoactive stimuli are required to provoke cerebrovascular

responses. This thesis employs both hypercapnic (increased CO2) via breath-hold

and gas inhalation, and hypocapnic (decreased CO2) via deep breathing to induce

vasodilation and vasoconstriction, respectively.
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1.2.2.1 Inducing Hypercapnia and Hypocapnia

The most common vasoactive challenge used for the assessment of CVR involves the

induction of hypercapnia and / or hypocapnia. Hypercapnia refers to an increase in

arterial blood partial pressure of CO2, leading to vasodilation and increased CBF.

This occurs due to the direct effect of CO2 and decreased extracellular pH leading to

VSMC relaxation and vasodilation [50]. Conversely, hypocapnia represents a reduction

in arterial CO2 levels, causing vasoconstriction.

One of the most established methods for inducing hypercapnia is the controlled in-

halation of air with elevated CO2 content. Fixed inspired CO2 techniques and more

advanced respiratory gas manipulation methods allow for the regulation of end-tidal

CO2 (PETCO2), a non-invasive surrogate for arterial CO2 concentration [387][251].

These techniques ensure controlled and reproducible hypercapnic responses, minimis-

ing variability across participants. Furthermore, the use of gas inhalation ensures the

delivery of O2 along with CO2, allowing for much longer acquisition times and higher

levels of PETCO2 than breath-holds alone, while ensuring participant safety and pro-

tocol tolerance.

Breath-holding is another commonly used method for inducing hypercapnia, as it leads

to a natural buildup of arterial CO2. This approach is simple and requires no external

gas delivery equipment, making it particularly useful in settings where controlled gas

inhalation is not feasible. However, breath-holds are highly dependent on individual

lung capacity and breath control, introducing variability in CO2 accumulation across

participants. Additionally, the duration of hypercapnia induced via breath-holds is
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inherently limited, restricting the temporal window available for data acquisition. De-

spite these challenges, breath-holding remains a practical and widely used method for

assessing CVR, especially in studies where accessibility and feasibility are key consid-

erations [328][394][478].

Alternative pharmacological approaches, such as acetazolamide administration, can

also induce hypercapnic vasodilation by inhibiting carbonic anhydrase and promoting

CO2 retention. While this method exhibits high reproducibility, inter-subject variabil-

ity in drug metabolism and cerebrovascular response can limit its precision. Addition-

ally, higher doses may lead to increased side effects and participant discomfort [151].

Hypocapnia, on the other hand, is typically induced via voluntary deep breathing or

hyperventilation, which increases the rate of CO2 elimination from the bloodstream.

Deep breathing is a practical and non-invasive method for inducing hypocapnia, allow-

ing for easy implementation in research and clinical settings. However, as arterial CO2

levels are influenced by multiple physiological factors beyond breathing rate, subject

variability must be carefully considered when using this approach. Despite these chal-

lenges, deep breathing remains a widely used and accessible strategy for investigating

CVR, particularly in settings where gas delivery systems may not be feasible [328].

1.2.3 Existing Models of Cerebrovascular Reactivity

The following section examines the array of modelling approaches used to quantify

CVR, ranging from conventional linear methods to advanced non-linear frameworks.

This thesis explores both linear and non-linear models.

8
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1.2.3.1 Linear CVR Models

The most standard approach to calculate CVR is using a two-point approach, mea-

suring CBF at baseline and again during hypercapnia. This method assumes a linear

relationship between PaCO2 and CBF [52][381][466]. In BOLD-fMRI, the traditional

method for characterising CVR employs the general linear model (GLM), which as-

sumes a direct proportionality between CO2 changes and the BOLD response (often

used as a proxy for the CBF response). While straightforward, this approach may not

fully capture the complex shape and orientation of cerebrovascular dynamics, limiting

its diagnostic and therapeutic utility.

Although they are the most common approach to CVR mapping, linear models rely

on a single slope parameter to indicate dysfunction. This simplification overlooks

critical features such as shifts in baseline CBF reserve, changes in response amplitude

or speed, and inflection points between lower and upper plateaus, which could reveal

distinct pathological mechanisms.

1.2.3.2 Non-linear CVR Models

In contrast to linear, non-linear models allow for a richer characterisation of CVR

dynamics, incorporating multiple parameters that could provide deeper insights into

the nature of vascular dysfunction [31][38][85][117][284]. These models often use four-

parameter logistic regression to capture key physiological features, including the min-

imum and maximum CBF responses, the inflection point of CO2 sensitivity, and the

slope in the linear response region. Alternative approaches, such as biphasic linear fits

and circuit analysis models, have also been explored to delineate CVR response types

9
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and vascular bed resistances under progressive CO2 challenges [126][107].

Moreover, accounting for temporal shifts (haemodynamic delays) between the measured

PETCO2 trace and the BOLD signal is also essential for accurate CVR quantification.

These delays result from both methodological factors (e.g. the time between CO2 ex-

halation and its recording by the gas analyser) and physiological factors (e.g. lung-

to-brain transit and local vasodilatory capacity) [288][289][393]. Notably, by shifting

the PETCO2 regressor in time to optimise the model fit and accommodating spatial

variability in these delays on a regional basis, estimates of CVR amplitude can be

substantially improved [393][52][261][289][329].

1.2.4 Bayesian Modelling

Bayesian modelling is a statistical approach that treats variables as probability distri-

butions instead of fixed values and can incorporate prior information into the model

fitting. This enables model refinement as new data becomes available and can allow for

a more physiological representation of cerebrovascular dynamics, along with a robust

estimation process that accounts for uncertainty and individual variability. This is par-

ticularly beneficial in CVR mapping, where vascular responses vary across individuals

and regions of the brain, introducing significant uncertainty in parameter estimation.

The work presented in this thesis marks the first application of Bayesian inference

to CVR modelling. By leveraging prior knowledge about expected cerebrovascular

responses - such as baseline reactivity, vascular reserve limits, and response curvature

- Bayesian techniques refine parameter estimation, making it more robust to noise

and individual variability. Additionally, Bayesian models facilitate multi-parameter

10
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fitting, which is essential for capturing the full sigmoidal CVR response rather than

relying solely on single-slope linear approximations. This approach enables a more

comprehensive characterisation of cerebrovascular function, potentially improving the

sensitivity of CVR mapping for both research and clinical applications.

1.3 Thesis Objectives

The overarching objective of this thesis is to advance CVR mapping by developing

and validating acquisition and analysis methods that improve sensitivity, accessibility,

and interpretability. CVR is an essential biomarker for cerebrovascular function, with

potential applications in evaluating neurovascular health, ageing, and neurodegener-

ative disorders. However, current methods face limitations in capturing the full dy-

namic range of CVR responses, integrating multiple imaging modalities, and ensuring

widespread clinical applicability. This thesis addresses these challenges by establish-

ing novel CVR assessment protocols, implementing Bayesian and sigmoidal modelling

techniques, and evaluating non-invasive methods such as fMRI, TCD and the PLR

as potential alternatives or complements to traditional approaches. To achieve these

goals, the thesis is structured around three primary objectives:

Objective 1: Develop an acquisition and analysis framework for robust CVR

assessment across a wide dynamic range, including non-linear features

1.1 Review CVR physiology and dysfunction

Examine the underlying mechanisms governing CVR, with a focus on how vascu-

lar smooth muscle cell dysfunction contributes to cerebrovascular pathology and

11
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neurodegenerative diseases. This review will establish the motivation for CVR

as a diagnostic and monitoring tool.

1.2 Develop and implement Bayesian modelling for CVR analysis

Design and test analysis pipelines incorporating Bayesian approaches to improve

parameter estimation and sensitivity in CVR modelling.

1.3 Design and validate a ramp PETCO2 CVR protocol

Develop an experimental framework for inducing graded hypercapnia, ensuring

accessibility and feasibility in research and clinical settings, using controlled gas

delivery with TCD and fMRI.

Objective 2: Collect and analyse CVR data using multimodal imaging tech-

niques

2.1 Conduct Phase 1 of the Eye-Brain Study (TCD-based CVR anal-

ysis)

Acquire CVR using TCD and PLR using clinical pupillometer data and analyse

CVR data to establish baseline cerebrovascular responsiveness.

2.2 Conduct Phase 2 of the Eye-Brain Study (TCD and fMRI-based

CVR analysis)

Expand data collection to include PLR, TCD, and BOLD-fMRI measures, allow-

ing for direct comparisons of the modalities.

2.3 Perform cross-modality comparison of CVR metrics

Analyse the concordance between TCD and fMRI-derived CVR measures to as-

sess their relative strengths and limitations.

12



Chapter 1 - Introduction

2.4 Identify key metrics for CVR characterisation

Establish which physiological and computational features provide the most robust

and clinically meaningful assessment of CVR.

Objective 3: Validate accessible and complementary methods for CVR as-

sessment, including TCD and PLR

3.1 Assess the relationship between PLR and CVR

Investigate whether the pupillary light reflex, a non-invasive autonomic response,

correlates with CVR measures, potentially serving as an alternative biomarker.

3.2 Compare TCD and BOLD-fMRI CVR measurements under a ramp

protocol

Evaluate the reliability and sensitivity of each technique in capturing CVR dy-

namics under controlled CO2 modulation in TCD and BOLD-fMRI.

3.3 Examine CBF assumptions in BOLD-fMRI using TCD

Test key physiological assumptions underlying BOLD-fMRI CVR analysis by

direct comparison with CBF velocity measurements from TCD.

By achieving these objectives, this thesis aims to enhance the methodological founda-

tion of CVR research, paving the way for more reliable and accessible neurovascular

assessments. The findings will contribute to both fundamental neuroscience and clinical

applications, potentially informing early diagnostics and monitoring strategies for cere-

brovascular and neurodegenerative diseases. Furthermore, the integration of Bayesian

modelling and non-invasive physiological measures like PLR could open new avenues

for more widespread and cost-effective CVR assessment in both research and clinical
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settings.

1.4 Thesis Outline

This thesis is structured to progressively build an understanding of CVR, from physi-

ological mechanisms to methodological advancements in its assessment. The chapters

follow a logical progression, beginning with a review of vascular smooth muscle cell

dysfunction in neurodegeneration, followed by experimental and computational stud-

ies exploring novel approaches for CVR assessment using TCD, PLR, and BOLD-fMRI.

The latter chapters introduce and validate innovative modelling techniques, including

Bayesian approaches and non-linear response characterisations, to enhance the relia-

bility and interpretability of CVR mapping. The thesis culminates with a discussion of

the key findings and their broader implications for research and clinical applications.

Chapter 2 provides an extensive review of vascular smooth muscle cell function and its

role in regulating cerebrovascular dynamics. It explores the underlying mechanisms of

CVR and its relationship with neurodegenerative disorders such as Alzheimer’s disease,

Parkinson’s disease, and multiple sclerosis. Additionally, the chapter discusses how

imaging modalities can be used to study CVR in vivo, providing the physiological and

clinical context for the methods developed in later chapters. This review establishes the

motivation for improving CVR mapping as a tool for understanding cerebrovascular

dysfunction and its implications for neurological health (objective 1.1).

Chapter 3 presents an exploratory study investigating the relationship between CVR

and the pupillary light response. Both vascular smooth muscle cell dysfunction and
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PLR abnormalities have been linked to neurodegeneration, suggesting that pupil dy-

namics may serve as a surrogate marker for cerebrovascular health. The study examines

whether PLR can provide insight into cerebrovascular function by comparing its re-

sponse patterns to TCD-derived CVR using a traditional step change gas stimulus

protocol. This chapter lays the groundwork for evaluating alternative, non-invasive

methods of assessing CVR beyond traditional imaging techniques (objective 3.1).

Chapter 4 explores the application of Bayesian modelling to improve the analysis of

breath-hold-induced CVR in BOLD-fMRI (objective 1.2). Conventional general linear

models (GLMs) are widely used but can fail to account for inter-individual variability

and the non-linearity of vascular responses. The Bayesian approach introduced here

enhances parameter estimation by incorporating prior knowledge and uncertainty quan-

tification. The model is validated against a standard GLM approach, demonstrating

its advantages in computational efficiency and robustness in handling temporal fea-

tures of CVR. This chapter contributes to the advancement of modelling frameworks

for CVR analysis, providing a more flexible and data-driven approach to interpreting

cerebrovascular responses (objective 2.4).

Chapter 5 introduces a novel ramp protocol for assessing non-linear features of CVR

using TCD (objective 1.3). Unlike traditional step-based hypercapnia challenges, the

ramp protocol provides a gradual increase in PETCO2, allowing for a more precise

characterisation of cerebrovascular response dynamics. The study evaluates the fea-

sibility of this protocol in 11 healthy adults and applies custom sigmoid models with

both linear regression and Bayesian fitting to characterise the CVR response (objective

1.2 and 2.1). The findings demonstrate the potential for this approach to enhance the
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sensitivity of CVR assessment in both research and clinical settings, particularly in

resource-limited environments where MRI may not be readily available.

Building on the findings from Chapter 5, Chapter 6 applies the ramp protocol and

advanced modelling techniques to BOLD-fMRI data, leveraging the spatial resolution

of MRI to map CVR variations in 25 participants undergoing the same ramp protocol

as in TCD (objective 2.2). This chapter presents a direct comparison between TCD and

BOLD-fMRI measures of CVR, using both linear and non-linear metrics, and assesses

their agreement and limitations (objective 2.3). This work underscores the importance

of modality-specific considerations when interpreting CVR data and highlights the

complementary strengths of TCD and MRI in cerebrovascular assessment (objective

2.4).

Chapter 7 extends this analysis by examining the physiological relationship between

CBF and BOLD-fMRI signal changes using TCD-derived CBF velocity measures.

Specifically, this study evaluates whether the Davis model - a widely used framework for

linking CBF, cerebral metabolic rate of oxygen consumption, and BOLD signal changes

- can reliably describe the dynamic interactions observed during ramp hypercapnia.

The Davis model was tested against experimental data using least-squares regression

and validated through statistical goodness-of-fit measures. This chapter contributes

to the understanding of BOLD as an estimator of CBF and provides a quantitative

framework for interpreting fMRI-based cerebrovascular assessments (objective 3.3).

Finally, Chapter 8 synthesises the key findings from the thesis, discussing their impli-

cations for both fundamental neuroscience and clinical applications. The contributions
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of the thesis are contextualised within the broader field of CVR research, emphasising

the advancements made in acquisition protocols, modelling techniques, and alternative

assessment methods. Limitations of the current work are acknowledged, and future

research directions are proposed, including the translation of these methods to clinical

populations. The thesis concludes with a discussion of how these findings contribute

to the evolving landscape of cerebrovascular research and the potential for improved

diagnostic and prognostic tools.
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2 | Vascular Smooth Muscle Cell Dysfunction in Neu-

rodegeneration

Preface

Building on emerging evidence that vascular smooth muscle cells (VSMCs) are inti-

mately linked to neurovascular health, this chapter examines the pivotal role of VSMCs

in both maintaining normal cerebrovascular function and contributing to neurodegen-

erative processes when dysregulated. By synthesising current literature on how VSMC

dysfunction manifests in conditions such as dementia, Alzheimer’s disease, and Parkin-

son’s disease, the chapter lays a critical foundation for understanding the mechanistic

interplay between vascular and neuronal decline. In doing so, it highlights the poten-

tial of techniques like cerebrovascular reactivity to detect VSMC dysfunction in vivo,

thereby illuminating new avenues for early intervention and therapeutic strategies.

This chapter was published as:

G. Hayes, J. Pinto, S. N. Sparks, C. Wang, S. Suri, and D. P. Bulte, "Vascular

smooth muscle cell dysfunction in neurodegeneration," Front. Neurosci., vol. 16,

p. 1010164, 2022. doi: 10.3389/fnins.2022.1010164

The material presented here establishes the rationale for the subsequent experimental

investigations in this thesis, underscoring the importance of characterising cerebrovas-

cular dynamics as a window into VSMC pathology and its broader implications for
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neurodegeneration.
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Abstract

Vascular smooth muscle cells (VSMCs) are the key moderators of cerebrovascular dy-

namics in response to the brain’s oxygen and nutrient demands. Crucially, VSMCs may

provide a sensitive biomarker for neurodegenerative pathologies where vasculature is

compromised. An increasing body of research suggests that VSMCs have remarkable

plasticity and their pathophysiology may play a key role in the complex process of

neurodegeneration. Furthermore, extrinsic risk factors, including environmental con-

ditions and traumatic events can impact vascular function through changes in VSMC

morphology.

VSMC dysfunction can be characterised at the molecular level both preclinically, and

clinically ex vivo. However the identification of VSMC dysfunction in living individuals

is important to understand changes in vascular function at the onset and progression of

neurological disorders such as dementia, Alzheimer’s disease, and Parkinson’s disease.

19



Chapter 2 - VSMC Dysfunction in Neurodegeneration

A promising technique to identify changes in the state of cerebral smooth muscle is

cerebrovascular reactivity (CVR) which reflects the intrinsic dynamic response of blood

vessels in the brain to vasoactive stimuli in order to modulate regional cerebral blood

flow (CBF).

In this work, we review the role of VSMCs in the most common neurodegenerative

disorders and identify physiological systems that may contribute to VSMC dysfunction.

The evidence collected here identifies VSMC dysfunction as a strong candidate for

novel therapeutics to combat the development and progression of neurodegeneration,

and highlights the need for more research on the role of VSMCs and cerebrovascular

dynamics in healthy and diseased states.

2.1 Introduction

Cerebrovascular disease is among the leading disease-related causes of societal and

economic burden in the developed world [432]. The brain consumes 20 % of the human

body’s metabolic reserve, but it has a limited capability for energy storage. As a result,

small changes in blood supply can lead to severe alterations in metabolic function,

which can also lead to the secretion of neurotoxic and inflammatory factors, a reduction

in cerebral blood flow (CBF), and hypoxia that might initiate and / or contribute to

neuronal degradation [476].

The aim of this review is to identify how vascular smooth muscle cells (VSMCs) partici-

pate in these vascular insults, and whether VSMC dysfunction may, in turn, contribute

to neuronal degradation. Understanding the role of VSMC dysfunction in neurodegen-
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eration is critical as it may inform on the underlying mechanisms behind cerebrovascu-

lar impairment that sometimes accompany and precede the onset of various neurological

disorders.

In this review, we first summarise how VSMCs normally function to control cere-

brovascular dynamics and blood flow, and key mechanisms by which VSMCs grow and

communicate. Additionally, we discuss the best candidates for identifying the pres-

ence of cerebral VSMC dysfunction. We then present studies on VSMC phenotype,

signalling pathways, and general contractility seen in a host of neurodegenerative dis-

orders, presented in order of disorder prevalence. While it is not possible to encompass

all neurodegenerative disorders, nor all the mechanisms at play, we review the role of

VSMCs in Alzeihmer’s disease, Parkinson’s disease, amyotrophic lateral sclerosis, mul-

tiple sclerosis, Huntington’s disease, cerebral small vessel disease, poststroke dementia,

Down’s syndrome, CADASIL, Lewy body dementia, and Moyamoya disease. In assess-

ing VSMC dysfunction in these disorders, the studies have only considered correlation

not causation. Finally, we review how extrinsic influences can affect VSMC function

and touch on a few potential therapeutic opportunities in the context of the evidence

we have collected on VSMC dysfunction in neurodegeneration.

2.2 VSMCs Control Cerebrovascular Dynamics

The vascular tree supplies the brain with blood flow and spans from the circle of

Willis, which is known to be highly variable, down to the capillary network. The circle

of Willis interconnects the anterior and posterior cerebral circulation network and gives
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rise to pairs of anterior, middle, and posterior cerebral arteries. Each artery divides

into progressively smaller arteries and arterioles which run along the brain’s surface

until they penetrate into the brain tissue [306].

Appropriate CBF is critical for brain function and survival. The regulation of CBF

involves a coordinated interplay between different types of cells, including neurons,

glia, and vascular cells. The neurons and glia generate signals which are translated

into vascular changes by the collaboration of endothelial and mural cells. In particular,

the mural cells, which include VSMCs and pericytes, surround the endothelial cell

layer and regulate cerebrovascular resistance and blood flow to downstream capillary

beds. Surrounding the smooth muscle is the adventitia layer that fuses to the basement

membrane of astrocyte end feet, an important mediator of signals from neurons to blood

vessels [260]. In recent years, much attention has also been placed on the participation

of glial cells, primarily astrocytes signalling pathways for cerebrovascular tone [21][124].

Together, these vascular and perivascular components make up the blood brain barrier

(BBB), the selective interface between the blood and central nervous system (CNS). A

simplified diagram of the anatomy of a cerebral artery is illustrated in Figure 2.1.

VSMCs are a particular contractile cell type characterised by their expression of con-

tractile proteins such as smooth muscle actin, myosin heavy chain, and myosin light

chain [332]. Through contraction and relaxation, VSMCs alter blood vessel diameter

and enable the maintenance of appropriate cerebral blood pressure and flow. A cas-

cade of events occurs in response to changing oxygen and nutrient needs, as chemical

signals are converted by VSMCs into mechanical constriction or relaxation by induc-

ing changes in calcium ion (Ca2+) concentrations, activating potassium channels, and
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altering the contractile state of the light chain of myosin. In response to mechanical

forces, such as high circumferential stress, VSMCs undergo mechanical signalling to

influence gene expression, regulate cellular function, and alter vascular tone, which oc-

curs even faster than the chemical signal cascade and is known as mechanotransduction

[253][296]. VSMCs are coupled by gap junctions which mediate the intramural prop-

agation of vascular signals between cells [185]. The renin-angiotensin system (RAS)

is a key mediator of VSMC constriction and the Notch signalling pathway is essen-

tial in the coordination of VSMC migration and adhesion [149][386]. Additionally,

the free radical, nitric oxide (NO) is a powerful vasodilator, produced most readily

through endothelial NO synthesis and is a vital component of the signalling cascade

[471]. Notably, changes in these pathways may play a role in pathological states and

are discussed in more detail below.

Some studies have reported that capillary pericyte contractility affects CBF as well,

though at a much slower time-scale than VSMCs due to their lack of smooth muscle

actin [159][164][461]. While there are still unresolved controversies regarding pericyte

contractility, it remains that in arteries and arterioles in the brain, VSMCs are likely

to be the primary regulators of cerebrovascular dynamics and blood flow changes in

response to the brain’s oxygen and nutrient demands [165].

2.2.1 VSMC Phenotypic Plasticity

VSMCs and endothelial cells exhibit a spectrum of genetically distinct phenotypes

along the arteriovenous pathway, known as zonation [421]. Within arterial zones,

VSMCs can also express different phenotypes that change their properties, assuring
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Figure 2.1: Simplified diagram of a cerebral artery. The key components of the cerebral
artery include the endothelial cells, elastic lamina (one internal and one external),
vascular smooth muscle cells (VSMCs), and the adventitia layer. The surrounding and
supporting cells include the astrocytes, microglia, and neurons. This figure was created
by GH rendering using BioRender.com.

that each vessel can adapt to changes in the local conditions. VSMC phenotype mod-

ulation is affected by innate genetic programmes and environmental cues. Contractile

and synthetic VSMCs represent the two ends of a spectrum of intermediate phenotypes

that have clearly different morphologies. While many different phenotypes exist, the

contractile and synthetic VSMCs are by far the most abundant and better researched

than the others.

Contractile VSMCs are long, spindly, and contain lots of contractile filaments, while

synthetic VSMCs are wider, with large extracellular matrices [346]. Contractile VSMCs

are more abundant in healthy vessels than the synthetic VSMC phenotype. Further-

more, synthetic VSMCs tend to exhibit higher proliferative and migratory activity

than contractile VSMCs, and increase local inflammation [412]. The VSMC phenotype
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and function can change in response to cell-signalling proteins, cell-to-cell contact, ex-

tracellular matrix interactions, injury stimuli, and mechanical forces. For example,

immediately after an insult, VSMCs dedifferentiate, becoming more synthetic-like to

promote the repair of the vessel. Then, once the injury is resolved, healthy VSMCs

return to a non-proliferative, contractile phenotype [93]. In rare cases, VSMCs may

also become hypercontractile due to excess contractile filaments which can increase the

speed and amplitude of shortening (contraction) in response to stimulation and impair

vasorelaxation [257].

These transitions between the different phenotypes can be transmitted and regulated

at multiple levels, including gene transcription, epigenetic modification, signal gen-

eration, and transduction [131]. It has been suggested that the switch to and from

differentiated/contractile and dedifferentiated/synthetic phenotypes is a key element

of disease progression and imbalanced VSMC plasticity might lead to progression of

VSMC-driven vascular disorders [131]. An illustration of contractile and synthetic

phenotypes is presented in Figure 2.2 along with their key attributes.

2.2.2 Renin-Angiotensin System in VSMC Function

The renin-angiotensin system (RAS) is an important mediator of VSMC contractility

[149]. When RAS is stimulated, the level of renin in the blood increases and promotes

the production of angiotensin II (Ang II). Ang II is essential for the function and

proliferation of healthy VSMCs but also plays a role in diseased states due to its

growth-promoting effects on dysfunctional cells. The two major isoforms of the Ang II

receptors, type-1 (AT1) and type-2 (AT2), appear to have opposing effects. Most of the
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Figure 2.2: Simplified illustration of contractile and synthetic vascular smooth muscle
cell (VSMC) phenotype plasticity. The key attributes for each phenotype are presented
relative to each other, including their expression of contractile protein genes, migration,
and proliferation. Higher levels are indicated by green, upward-facing arrows, and lower
levels are indicated by red, downward-facing arrows. This figure was created by GH
rendering using BioRender.com.

known effects of Ang II are attributed to the AT1 receptors, which have a hypertensive

effect, while AT2 receptors tend to produce hypotension [391].

The response of VSMCs to Ang II is multiphasic, first involving the mobilisation of

Ca2+ and phospholipase C [450]. Phospholipase C mediates two distinct pathways

which commonly result in VSMC contraction by activating several protein kinases,

including myosin light chain kinase and Rho-kinase [179]. The removal of Ca2+ from

the cytosol and the increase in myosin phosphatase initiate VSMC relaxation.

The prolonged effect of Ang II binded to AT1 receptors is the activation of NADH/-

NADPH oxidase which stimulates the intracellular formation of reactive oxygen species

(ROS) such as superoxide anions [149]. While their precise mechanisms remain unex-

plored, ROS appear to play an important role in VSMC proliferation, DNA synthesis,
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and apoptosis [342][414].

2.2.3 Notch Signalling in VSMCs

Notch receptors in VSMCs appear to promote the phenotypic transition towards a con-

tractile, differentiated state and promote VSMC survival [23][24]. The Notch signalling

pathway is one the prominent communication routes between vascular cells and has

been found to be upregulated in VSMCs after vessel injury, particularly in VSMC re-

gions close to endothelial cells in the regenerating endothelium [245]. Notch signalling

is reiteratively used in VSMCs to positively regulate differentiation, arterial specifica-

tion, and maturation. The connection between notch signalling and vasculature was

first recognised when dominant mutations in the Notch3 receptor were found to be

responsible for CADASIL [203].

2.3 Characterising VSMC Dysfunction In Vivo

A pure representation of VSMC dysfunction can be identified at the molecular level

both preclinically, and clinically ex vivo, however in vivo methods are necessary for

the identification of VSMC dysfunction in patients when interventions may still be

possible. Characterising VSMC dysfunction can be difficult in vivo due to the high

number of physiological and environmental parameters affecting in vivo measurements.

Here, we will discuss the most promising parameters and techniques for identifying the

presence of cerebral VSMC dysfunction.
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2.3.1 Cerebral Blood Flow and Cerebrovascular Reactivity

VSMCs directly participate in the regulation of CBF and due to their contractile

properties, they largely mediate vascular contraction and relaxation, [180]. Decreased

baseline CBF correlates with the severity of cognitive symptoms of dementia, showing

the potential contribution of CBF alteration to cognitive decline [46].

Cerebrovascular reactivity (CVR) is an indicator of the intrinsic ability of brain vessels

to contract or dilate in response to vasoactive stimuli and therefore characterises the

brain’s ability to support neuronal function under stress. Changes in vessel calibre

occur in response to a stimulus, such as alterations in the brain’s oxygen/nutrient re-

quirements, or changes in the partial pressure of carbon dioxide (CO2). As a result,

CVR might provide additional and more sensitive information on brain health com-

pared with baseline CBF. For example, in a comparison of MRI-derived CVR and CBF

using arterial spin labelling in healthy adults and adults with mild cognitive impair-

ment, whole-brain CVR in both grey and white matter was positively associated with

cognitive performance in response to hypercapnia, even in the absence of a statistical

relationship between baseline CBF and cognitive performance [217].

Furthermore, because the dilation of cerebral blood vessels, known as vasodilation, is

induced during CVR measurements, CVR may also be more representative of VSMC

function and morphology than baseline CBF.
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2.3.2 Imaging Cerebral Blood Flow and Cerebrovascular Reac-

tivity

Whole brain CBF and CVR mapping can be acquired using positron emission tomog-

raphy (PET) and single-photon emission computed tomography (SPECT), however,

they require the administration of radiotracers, limiting their ease of use and appropri-

ateness in many studies. Non-invasively, CBF and CVR can be measured using MRI

methodologies such as arterial spin labelling (ASL) and blood-oxygen-level-dependent

(BOLD) imaging [328]. ASL allows direct and quantitative measurement of CBF,

while the BOLD signal results from a combination of several physiological parameters

(CBF, cerebral blood volume, and cerebral metabolic rate of oxygen). When using

a challenge that increases the arterial blood partial pressure of CO2, it is assumed

that the BOLD signal changes predominantly result from changes in CBF. It should

also be noted that the BOLD signal has a better signal-to-noise ratio, higher temporal

resolution, and is more widely available in conventional MRI scanners than ASL [64].

Nevertheless, CVR and CBF quantification obtained using MRI techniques have been

shown to have similar accuracy and precision to 15O H2O PET, which is considered

to be the gold-standard measurement of CBF [166][172]. Hauser and colleagues found

that CO2-triggerent BOLD MRI correlates strongly with 15O H2O PET acetazolamide

challenge [166]. Heijtel and colleagues compared ASL MRI and PET in both baseline

and CO2-induced hypercapnia, and found intra- and inter-session measurements to be

highly comparable with similar precision [172].

Transcranial Doppler (TCD) ultrasound, near infrared spectroscopy (NIRS) can also
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be used as non-invasive and indirect measures of CBF regulation and CVR [5][12].

TCD measures blood velocities within an artery, often the middle cerebral artery, as a

proxy for CBF. Although it is inexpensive, portable, and relatively easy to use, TCD

has low spatial resolution and cannot be used for regional analysis. NIRS provides a

real-time assessment of fluctuations in cerebral blood haemoglobin differences in large

blood vessels, which is highly correlated with CBF [415]. It should be noted that lo-

calised pathologies may not manifest as global changes in cerebrovascular dynamics,

and therefore CVR measured using TCD and NIRS might not show changes, while

regional CVR measured using PET, SPECT, or MRI may. Other imaging techniques

exist for the quantification of CBF in preclinical models including two-photon fluores-

cence microscopy and laser Doppler flowmetry which can both image the motion of

red blood cells in microvasculature and at the subcellular level in the cortex in vivo

[98][219].

2.3.3 Methods for Inducing Hypercapnia and Hypocapnia

The most common vasoactive challenge used for CVR assessment involves inducting

hypercapnia and / or hypocapnia. In hypercapnia, the arterial blood partial pressure

of CO2 is increased leading to vasodilation and increased CBF. This is achieved by

the direct effect of CO2 and its conversion to carbonic acid (H2CO3) via the enzyme

carbonic anhydrase. Carbonic acid rapidly dissociates into bicarbonate (HCO−
3 ) and

hydrogen ions (H+), thereby decreasing extracellular pH. This lowered pH acts on

VSMCs to open their potassium channels, resulting in hyperpolarisation [48]. This de-

creases the activity of voltage-dependent Ca2+ channels, thus decreasing intracellular
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Ca2+ and leading to VSMC relaxation and vasodilation [323]. Hypocapnia represents

the inverse, whereby the arterial blood partial pressure of CO2 is decreased leading to

vasoconstriction. Cerebral vasodilation and vasoconstriction requires the orchestration

of the whole neurovascular unit including endothelial cells, astrocytes, parenchymal

neurons, and perivascular nerves, in addition to VSMCs [158][186][228]. Therefore,

VSMC dysfunction cannot be completely isolated under hypocapnic and hypercap-

nic conditions, however their functionality may still be well characterised under these

conditions as they change and maintain vascular tone [50][83].

One well-known method of inducing hypercapnia in subjects is the inhalation of air

with increased CO2 content. Different techniques have been developed in order to more

precisely control CO2 concentrations, including those based on fixed inspired CO2 [251].

Some more complex respiratory gas manipulation techniques allow for the precise tar-

geting and maintenance of end-tidal CO2 (PETCO2), a non-invasive surrogate for the

corresponding arterial gas concentration [387]. Since room air has very low concentra-

tions of CO2, hypocapnia is usually achieved through hyperventilation to increase CO2

removal from the blood. PETCO2 is derived from air expelled from the lungs during

hypocapnia or hypercapnia. PETCO2 and CVR exhibit a sigmoidal relationship which

is best modelled using progressively applied levels of hypo-/hypercapnia [38].

Vasodilation can also be induced with exogenous chemicals such as acetazolamide,

which can be done in a single dose with a high reproducibility. Acetazolamide is a

carbonic anhydrase inhibitor which prevents the conversion of CO2 to bicarbonate

and H+, thereby promoting vasodilation. In most cases, the administration of CO2

is still preferred over intravenous acetazolamide because the final serum concentration
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for a given dose of acetazolamide and the cerebrovascular responses to that serum

level can vary considerably between subjects. These variations are reduced at higher

concentrations of acetazolamide, but higher concentrations also increase the severity

and frequency of side-effects and subject discomfort [151].

Strategies based on breathing tasks have also been used, such as breath holding or

paced deep breathing that can readily induce changes in arterial pressure of blood gases

and consequently drive hypercapnia (vasodilation) and hypocapnia (vasoconstriction),

respectively. Breathing tasks are often simple and inexpensive to implement, therefore

they may offer an accessible option for CVR mapping. However due to the many factors

that affect arterial blood CO2 other than the breathing rate, subject variability must

be considered to make this a reliable stimulus to identify cerebrovascular pathology

[123].

2.4 Vascular Smooth Muscle Cell Dysfunction and

Neurodegenerative Disorders

Many neurological disorders share a common pathological triad of vascular damage,

neuronal degeneration, and neuroinflammation. This vasculo-neuronal-inflammatory

triad was termed by Zlokovic and colleagues, and involved not just neurons, but brain

endothelium, VSMCs, pericytes, astrocytes, and activated microglia [476]. Specifically,

many brain disorders share VSMC dysfunction as a mechanism for the progression of

neurodegenerative pathology. Although there may be overlap between many of these

pathologies, here we discuss and summarise existing research on the role of VSMCs in
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prevalent neurodegenerative disorders.

2.4.1 Alzheimer’s Disease

Alzheimer’s disease (AD) is characterised by progressively impaired memory, cognition,

and behavioural changes, and it is the most common cause of dementia. Of the three

polymorphic alleles of the human apolipoprotein E (APOE) gene, ϵ2, ϵ3, and ϵ4, the

presence of APOE ϵ4 has been identified as the most prominent genetic risk factor for

late-onset AD [35]. Notably, increasing evidence indicates that APOE genotypes dif-

ferentially modulate cerebrovascular function, and that APOE ϵ4 induces detrimental

cerebrovascular effects including reduced CBF, increased BBB leakiness, and disrupted

transport of nutrients and toxins [10][161][467].

Decreased VSMC density was identified in the blood vessels of the arachnoid, grey

matter, and white matter of patients with AD compared with age-matched, healthy

controls [114]. Patients with AD expressing the APOEϵ4 gene also have less smooth

muscle actin immunoreactivity, associated with more severe AD, than patients with

AD expressing APOE ϵ3 [114]. Furthermore, APOE ϵ4 is associated with impaired

intramural periarterial drainage (IPAD) in mice [167].

Studies have reported that in patients with AD and mouse models of AD, the over-

expression of molecules that control the rate of cell transcript in cerebral VSMCs

generates a hypercontractile VSMC phenotype with reduced clearance receptors for

the notorious amyloid-beta (Aβ) peptides [32][80]. Autoimmune response mechanisms

may also be involved in the degeneration of VSMCs during the development of AD.

For example, an increase in anti-smooth muscle antibodies was found to be strongly
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correlated with brain atrophy in patients with early AD [141].

Furthermore, specific genes have been associated with changes in VSMC in AD. An

upregulation of synthetic-VSMC genes has been found in patients with AD, while the

expression of VSMC contractile-genes is significantly reduced in AD cerebral pathology

compared to healthy brains [131][259][307]. Notably, changes in the gene encoding for

the sarco-endoplasmic reticulum calcium ATPase isoform 2 (SERCA2), a gatekeeper

of normal VSMC function, have been associated with AD [53]. The overexpression

of SERCA2b was shown to lead to elevated Aβ production, while the knockdown of

SERCA2b caused a drastic decline in Aβ [147]. Gallego and colleagues further support

the importance of maintaining SERCA activity and show that dysfunctional SERCA

can have damaging effects on VSMC Ca2+ homeostasis causing AD-associated neuronal

cell death [135].

Growing evidence shows that cerebrovascular contractility may be impaired in AD as

well as in mild cognitive impairment (MCI), a stage of cognitive decline more severe

than what is expected through normal ageing, but less serious than the decline seen

in AD. People with MCI are significantly more likely to progress to AD and dementia

than healthy adults and are therefore a group of interest for better understanding the

development and progression of AD [127]. Several studies have shown that neurocog-

nitive decline in MCI and AD is paralleled by reduced CVR and deficits in vascular

contractility, identified using hypercapnic challenge in CO2 BOLD MRI, TCD, and

PET imaging [61][349][422][462]. A recent investigation using ASL MRI showed that

impaired CVR in grey matter regions and the whole brain white matter may be an

early imaging biomarker revealing the relationship between cerebrovascular function
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and cognitive decline [217]. However, other studies have shown that baseline CBF and

global CVR are preserved in AD [142][192][353]. Rodell and colleagues found that after

factoring out the effects of CO2 on blood flow, people with AD no longer showed signif-

icant inter-subject global CBF variability, though reduced water and oxygen clearance

was reduced in specific regions of the brain. While clinical studies are not yet con-

clusive, there is a substantial body of research that highlights that CVR may be a

prospective means to detect early vascular dysfunction in subjects at risk [143]. How-

ever, it is also clear that the way in which CVR is measured must be standardised to

make it clinically useful.

A common pathological feature associated with AD is cerebral amyloid angiopathy

(CAA). CAA results from the build-up of Aβ in the basement membrane of VSMCs

in cerebral arteries and the basement membrane of cortical capillaries. Studies have

demonstrated that VSMCs can undergo dramatic phenotypic transitions in CAA-like

neuroinflammatory conditions, adopting synthetic and proliferative phenotypes [3]. Ad-

ditionally, these phenotypic transitions often occur in conjunction with tau protein

hyperphosphorylation and accumulation in the brain [3].

Aldea and colleagues have studied the impact of vasomotion, a rhythmic relaxations

and contractions of cerebral vasculature of 0.1 Hz, on the IPAD mechanism in CAA,

and propose that the failure of the vasomotion-driven IPAD mechanisms are responsible

for the progression of CAA [8][343]. Their mathematical models showed that the con-

tractile VSMCs of cerebral arteries act as the drivers of IPAD in the brain by inducing

basement membrane deformation in the direction of the vasomotion, contributing to

the drainage of fluid and soluble metabolites from the brain. It has been suggested that
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the force of contractile VSMCs in arteries and arterioles contribute to drainage along

the IPAD pathway all the way down to the capillary level, and that impaired VSMCs

could result in the accumulation of Aβ in the walls of macro- and microvasculature,

contributing to CAA pathology [8]. In CAA, Aβ peptides may also contribute to the

transition of VSMCs from contractile to synthetic phenotypes. One study showed that

VSMCs exposed to Aβ1-40-peptide, the main amyloid peptide found to accumulate in

the vessel wall in sporadic forms of CAA before the addition of proinflammatory cy-

tokines, was greatly intensified compared to those only exposed to the cytokines [428].

Additionally, changes in transcription factors were suggested as a possible path leading

to VSMC phenotypic changes and vascular dysfunction in CAA.

Further research into VSMC function and signalling in AD and CAA pathologies is re-

quired to better understand the mechanisms underlying vascular and neuronal degrada-

tion. However, the cumulation of these findings support that VSMC dysfunction may

be a potential biomarker for characterisation or treatment during the development and

progression of disease.

2.4.2 Parkinson’s Disease and Lewy Body Dementia

Parkinson’s disease (PD) is characterised by the presence of intracellular Lewy bodies

containing alpha-synuclein (aSyn) fibrils, which are thought to lead to the cell death

of dopaminergic neurons in the substantia nigra, affecting motor control, tremors, and

gait [458]. The mechanism by which aSyn causes neurodegeneration is unclear, however

these fibrils are linked to mural cell function because VSMCs and pericytes appear to

be able to take up, secrete, and transfer aSyn [121][402]. A loss in BBB integrity has
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been observed post-mortem and it has been suggested that aSyn may be responsible

for the breakdown of mural and endothelial cells in the BBB [99].

The specific role of VSMC dysfunction is not yet clear in PD pathologies. One study

showed that the global response of CBF and CVR did not differ significantly between

patients with PD and healthy controls, though a correlation was identified between

increased CBF in posterior regions of the brain and severity of cognitive impairment

in the PD group [7]. Another study also did not find any significant difference between

the whole-brain CBF and CVR measurements between patients with PD and health

controls [318]. However, similar to Al-Bachari and colleagues, Pelizzari’s group found

that regional increases in CBF correlated with the severity of PD motor symptoms,

most significantly in the postcentral gyrus. Furthermore, significant negative correla-

tions were found between CVR and PD severity, corrected for age, in specific regions

of the brain, such as the corpus striatum, which is involved in the generation and

inhibition of movement.

Genetics also play a role in PD pathogenesis, such as protein deglycase Dj-1 and

NDUFV2 [243][359]. Dj-1 is a gene accountable for the autosomal recessive early-onset

form of PD and is multifunctional [27][86]. Mutations in Dj-1 result in neurodegenera-

tion, leading to an early onset familial form of PD [44]. Dj-1 also responds to oxidative

stress in VSMCs, inhibits hyperplasia, and maintains vasorelaxation by participating in

endothelial NO synthesis, though the effects of Dj-1 in VSMC phenotype switching re-

main unclear [444]. The NDUFV2 gene, also involved in AD pathogenesis, contributes

to VSMC communication and may play a role in phenotypic switching to synthetic,

pro-inflammatory phenotypes [136]. Furthermore, like with AD, changes in the gene
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encoding for SERCA2 have recently been associated with aSyn and PD pathology. The

investigators proposed that abnormal accumulation of aSyn could lead to intracellu-

lar Ca2+ dyshomeostasis due to the downregulation of SERCA2 activity in preclinical

models [416].

Lewy body dementia (LBD) is a type of dementia in which the same aSyn Lewy bod-

ies found in PD clump in the cytoplasm of neurons, which disrupts the production of

dopamine and causes cognitive decline often as well as motor symptoms such as muscle

weakness and rigidity. The role of VSMCs in LBD has been very minimally studied

and is largely based on evidence of changes to general cerebrovascular function. Re-

ductions in CBF and microvessel density associated with deficient vascular endothelial

growth factor have been described in the occipital cortex of LBD patients compared

with controls, though it was unclear whether this was secondary to the accumulation of

aSyn [283]. The contribution of hypoxia and hemodynamic changes has been hypoth-

esised based on the high levels of cortical microinfarcts in LBD which is also found in

CAA and vascular dementia [348]. LBD patients appear to experience a significant in-

flammatory response and vascular abnormalities, which exacerbate Lewy body-induced

neuropathology, though specific research on VSMCs in LBD has not yet been explored

[344]. Changes in CVR and CBF mechanisms have yet to be investigated in patients

with LBD.

2.4.3 Amyotrophic Lateral Sclerosis

Amyotrophic lateral sclerosis (ALS) is a progressive neurodegenerative disease of the

motor system characterised by focal to generalised weakness leading to paralysis and
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respiratory failure [321].

Patients with ALS can exhibit more than a 50 % reduction in pericyte numbers in

the spinal cord and a significant increase in platelet-derived growth factor (PDGF)

expression, a potent protein, which enhances the rate of cell division and is involved in

VSMC recruitment, differentiation, and homeostasis [441]. PDGF also induces VSMC

phenotypic switching from a contractile to proliferative and proinflammatory state, and

it has been suggested that this plays an important role in atherosclerosis [222][470].

There have been very few studies that have investigated the role of VSMC dysfunction

in ALS pathology, however it has been speculated that VSMCs could be involved

in ALS due to upregulation of Ang II in the CNS [386]. This is accompanied by a

significant reduction in Ang II found in cerebrospinal fluid (CSF) from patients with

ALS, which has been associated with disease severity and progression rates [211]. This

indicates that changes to RAS and Ang II levels may induce VSMC dysfunction and

ALS pathology, but more research is required to better understand the mechanisms

and integrity of VSMCs and cerebrovascular dynamics in ALS.

2.4.4 Multiple Sclerosis

Multiple sclerosis (MS) is a complex inflammatory autoimmune disease, largely affect-

ing the white matter of the CNS characterised by demyelination, axonal loss, and the

formation of focal and diffuse lesions [175].

Compared with other neurodegenerative diseases, the role of VSMCs in MS progression

is not very well understood, though it’s clear that Ang II plays a role in the pathogenesis
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of MS. Enhanced levels of Ang II in the CNS are culprits of vascular disease and

inflammation, and are also seen in MS along with decreased CSF Ang II and increased

serum angiotensin-converting enzyme [156][269]. Increased CNS Ang II was also found

in a mouse model of MS accompanied by an up-regulation of AT1 receptors in MS

brain lesions [331]. In VSMCs, up-regulated AT1 can promote hypertensive effects and

increase ROS activity.

A significant decrease in grey matter CVR has been shown in patients with MS com-

pared to healthy controls [265]. The same study found that impaired CVR was sig-

nificantly correlated with increased lesion volume and grey matter atrophy, suggesting

that impaired vasodilation may be an underlying cause of neurodegeneration in MS.

More research is needed to properly understand the role and mechanisms of VSMC

dysfunction and altered vascular dynamics in MS.

2.4.5 Huntington’s Disease

Huntington’s disease (HD) is an autosomal-dominant neurodegenerative disorder af-

fecting the CNS, which can lead to involuntary choreiform movements, personality

changes, and dementia [313].

The role of VSMCs in HD is not yet conclusive and is largely based on preclinical

studies. Models using mice expressing the huntingtin gene indicate that vascular dys-

function might develop earlier in life in the HD mice than in wild-type mice [341].

The HD mice presented with reduced contractility in arteries of varying vascular beds,

attributed to altered Ca2+ fluctuations in the arterial VSMCs. However, in a different

HD mouse model, the response to potassium chloride was tested as a global measure
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of vascular smooth muscle structure, mass, and function, and no difference was found

compared to wild-type mice [205].

Studies have also investigated the role of myosin phosphatase target subunit 1 and

Rho kinase in HD [297]. Myosin phosphatase target subunit 1 is essential for VSMC

relaxation through the regulation of myosin light chain phosphatase, and Rho kinase

contributes to Ca2+ sensitisation in VSMC contraction. Both the myosin phosphatase

target subunit 1 and Rho kinase were significantly increased in patients with HD and

were found to lead to increased apoptotic cell death [297]. More research is required to

better understand the implications of VSMC dysfunction and their molecular pathways

in HD.

2.4.6 Down’s Syndrome

Down’s syndrome (DS) is caused by complete or partial trisomy of chromosome 21,

frequently causing intellectual disability and reduced lifespan [312]. People with DS

are at a high risk of developing AD at an early age, but are much less likely to develop

cardiovascular disease than those without, despite DS being associated with premature

ageing, the early onset of AD, and a higher prevalence of risk factors for cardiovascular

disease such as obesity, dyslipidemia, and sedentarism [293][312][384].

Structural MRI studies have shown notable increases in cerebrovascular pathology in

people with DS, including lobar microbleeds, infarcts, and WMHs, not strongly asso-

ciated with Aβ pathology [97]. CBF is significantly lower among adults with DS with

probable AD compared with controls and participants with DS without dementia when

measured using pulsed ASL [406]. The implications of VSMCs on these changes have
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not yet been explored.

Two genes are found on chromosome 21 in DS that appear to play a role in vascu-

lar health, neural development, and the onset of AD: DYRK1A and RCAN1 [357].

DYRK1A has recently been shown to decrease neprilysin enzyme levels in subjects

with DS [212]. Neprilysin degrades natriuretic peptides and vasodilators, which are

negatively correlated with VSMC migration and proliferation, and the inhibition of

neprilysin is related to the accumulation of Aβ peptides and the development of AD in

adults with DS [138][209][282]. Interestingly, it has the opposite effect in cardiovascular

disease where its inhibition has been shown as an effective treatment for heart failure

and hypertension [255][427]. The effect of RCAN1 on VSMC phenotype is unclear,

though it appears to play a role in VSMC migration. The genetic ablation of RCAN1

in mice led to decreased VSMC migration and resistance to Ang II induced aneurysm

and restenosis [116]. In contrast, endogenous RCAN1 knockout was found to increase

migration in cancer cells in vitro, whereas the expression of exogenous RCAN1 re-

duced migration [115]. RCAN1 thus appears to have different effects on cell migration

depending on the setting.

2.5 Vascular Smooth Muscle Cell Dysfunction and

Cerebrovascular Pathology

Here we review the existing research on the role of VSMCs in pathologies that are well

known to present a clear vascular component: cerebral small vessel disease, CADASIL,

stroke, post-stroke dementia, and Moyamoya disease.
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2.5.1 Cerebral Small Vessel Disease and CADASIL

Cerebral small vessel disease (CSVD) is composed of several diseases affecting the small

arteries, arterioles, capillaries, venules, and small veins, which may include genetic,

idiopathic, infectious, and immune-related pathologies [60]. While the manifestation

and progression of CSVD is broad reaching, VSMC migration and hypertrophy due to

the upregulation of Ang II and leading to increased ROS may be a common link to

vascular remodelling and dysfunction [425]. In preclinical and in vitro studies of Ang

II-induced CSVD, ROS have been shown to alter blood pressure, vascular structure,

and collagen deposition [148][425].

Beyond investigating the role of Ang II and ROS in VSMC function in CSVD, much

of the research on VSMCs in CSVD has been based on CVR and CBF studies. It

has recently been demonstrated that patients with advanced hypertensive CSVD have

impaired CVR in the basal ganglia, temporal lobe, and frontal lobe, determined using

ASL MRI with an intravenous vasoactive stimulus [231]. The same study found that

the reduced vasoconstriction was significantly associated with conventional MRI mark-

ers of CSVD, including cerebral microbleeds, white matter hyperintensities (WMHs),

and deep lacunar infarcts. Furthermore, lower CVR determined using BOLD MRI

under hypercapnic challenge was found to be indicative of WMHs and perivascular

spaces associated with CSVD when controlling for patient characteristics [40]. An-

other BOLD MRI study showed that areas of reduced CVR precede the progression

of normal-appearing white matter to WMHs suggesting that impairment of vascular

contractility may contribute to the pathogenesis and progression of CSVD [363]. A
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systematic review of CSVD and ischaemia associations showed that baseline CBF was

also negatively related to WMH severity linked to CSVD, and Shi and colleagues noted

that investigating CVR in patients with CSVD may provide new insights [374].

Cerebral autosomal dominant arteriopathy with subcortical infarcts and leukoencephalopa-

thy (CADASIL) is a rare, hereditary CSVD characterised by VSMC degradation and

the accumulation of Notch3 receptors on the VSMCs of small and middle-sized arteries

[201][202]. A common pathological feature of CADASIL is the dramatic reduction of

VSMCs in cerebral arterioles walls, which may be attributed to irregular mitochondrial

proliferation and function in CADASIL VSMCs [423].

In a study comparing proteomic expression of cultured CADASIL and control VSMCs

isolated from human umbilical cord, it was found that CADASIL is likely caused by

misfolded Notch3 molecules [188]. This impairs the Notch3 signalling cascade, increases

ROS, inhibits cell proliferation, and degrades VSMCs. Ihalainen and colleagues found

that this also induces the overproduction of collagen type I, leading to fibrosis, vascular

stenosis, and ischaemic lesions as seen in patients with CADASIL. Similarly, cultured

CADASIL VSMCs have been shown to have a lower proliferation rate compared to

control VSMCs and also showed an increased gene expression of transforming growth

factor-beta that, when neutralised, corrected the proliferation rate [309].

The CVR and mean CBF in the middle cerebral artery, measured using TCD and MRI,

have been shown to be reduced in CADASIL compared with controls, attributed to

VSMC dysfunction [22][242][291][323]. Pfefferkorn and colleagues also found reduced

CO2 reactivity in patients with CADASIL before they became disabled, suggesting
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that CVR plays an early role in the evolution of the disease. In an MRI analysis

using an intravenous acetazolamide vasoconstrictive challenge, CVR was significantly

reduced in CADASIL and was identified as an important determinant of development

of WMHs [242]. Furthermore, an overall decrease in relative CBF and cerebral blood

volume, before and after an acetazolamide challenge, were detected in patients with

CADASIL when measured using MRI [66].

There have also been studies that found that CVR was not impaired in patients with

CADASIL when measuring large arterial flow using MRI and TCD [45][379]. Both of

these studies found that baseline CBF was lower in subjects with CADASIL than in

controls. As a result, Van den Boom and colleagues suggested that flow impairment

may give rise to the development of WMHs and lacunar infarcts in patients with

CADASIL [45].

More research specifically on the contribution of VSMCs to vascular changes in CSVD

and CADASIL is essential to better understand the underlying mechanisms of these

disorders.

2.5.2 Stroke and Post-Stroke Dementia

Ischaemic strokes are caused by a sudden blockage of blood flow to an area of the

CNS. Having a stroke doubles the risk of dementia and the prevalence of post-stroke

dementia (PSD) has been predicted to increase in the future because of better survival

after stroke and ageing of the population [237]. VSMCs appear to play an important

role in the early development of ischaemic stroke and PSD due to their role in stabilising

BBB integrity and perfusion, and maintaining healthy vasculature [274].
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Phenotypic switching of VSMCs to a synthetic state has been shown to induce BBB

disruption after ischaemic stroke in mice [274]. Meng and colleagues found that a

deficiency in myosin phosphatase target subunit 1 stimulated the phenotypic switching

to a synthetic, pro-inflammatory state in human brain VSMCs and after ischaemic

stroke in mice. It was also found that modifications in VSMC phenotype after stroke

in vivo can impact the incidence, severity, pattern, and outcome of ischaemic stroke

[332].

Furthermore, stroke-induced hypoxia can lead to the overexpression of amyloid precur-

sor protein (APP) in VSMCs, which could exacerbate or expedite the development and

progression of CAA, worsen stroke outcome, and lead to PSD [347]. Notably, before

the deposition of Aβ in the brain and blood vessels, mice with APP mutations show

reduced hypercapnic CVR and altered neurovascular coupling [300]. Zlokovic proposed

a model to explain how cerebrovascular diseases, such as stroke, can lead to AD and

dementia [475]. He proposed that stroke-induced hypoxia compromises the BBB and

the overexpression of APP alters the balance between Aβ production and clearance in

favour of production, which induces neuroinflammation. As a result, this may lead to

synaptic dysfunction, and the accelerated onset of CAA and PSD.

Atherosclerotic plaque stability, a leading cause of ischaemic stroke, also appears to

be highly dependent on the VSMC phenotype, which may either undergo apoptosis or

activate the production of inflammatory mediators that can trigger plaque rupture and

thrombosis [134][176]. In an experimental focal cerebral ischaemia model, simvastatin

promoted arteriogenesis through increased Notch receptor expression in the ischaemic

cerebral arteries and peri-infarct area and it was suggested that the regulation of VSMC
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function through Notch signalling may be a determinant of the outcome of cerebral

ischaemic disease [465].

Further assessment of the role of VSMCs in ischaemic brain disease and PSD may

offer a new avenue for understanding the development and severity of stroke, and its

progression to AD and dementia.

2.5.3 Moyamoya Disease

Moyamoya disease (MMD) is a rare cerebrovascular disease characterised by progressive

stenosis or occlusion of the terminal portion of the internal carotid arteries [225].

VSMCs in patients with MMD have shown specific differentially expressed contractile

protein genes such as increased expression of smooth muscle actin and myosin heavy

chain, compared with healthy control volunteers [206]. Notably, these mutations are

related to VSMC adhesion, cell migration, immune response, and vascular development.

The increased expression of α-smooth muscle actin may be involved in the increased

proliferation of VSMCs, contributing to MMD stenosis [154]. Post-mortem analysis

of patients with MMD has shown degeneration in the cerebral VSMCs, and migration

and morphological changes of VSMCs in the thickened intima [244].

It has also been suggested that endothelial cell dysfunction contributes to the early

development of MMD and that VSMCs may require additional factors to contribute to

the pathophysiology of MMD. In the analysis of VSMCs from neural crest stem cells,

MMD patients and healthy control subjects were observed to have similar VSMCs

proliferation, migration and contractile abilities, in contrast to the endothelial cells,
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which displayed distinct transcriptome profiles [409].

Studies have shown a significant CVR impairment in patients with MMD, based on

ASL MRI and PET measurements following the injection of vasodilator acetazolamide

[468][94]. These studies showed that the CBF of patients with MMD did not increase

after the injection of acetazolamide, suggesting that the cerebral vessels were already

at maximal vasodilation to compensate for CBF reduction. Heyn and colleagues also

identified decreased regional CVR in patients with MMD using CO2 BOLD MRI [177].

Interestingly, unilateral surgical revascularisation, a widely used preventative treatment

for MMD, was found to improve PET-derived CVR in MMD patients not only in the

hemisphere ipsilateral to the flow restoration, but also in the non-intervened hemisphere

[94][364]. It remains that more research is required to better understand how and at

what stage VSMC dysfunction may contribute to MMD development and progression.

2.6 Extrinsic Influences on VSMC Dysfunction

Extrinsic influences such as lifestyle choices, environmental effects, and traumatic

events can impact the function, migration, and proliferation of VSMCs, and are likely

to be factors in the onset and progression of neurodegenerative disorders. Many of

these have been identified as risk factors for cerebrovascular and cardiovascular disor-

ders as well as neurodegenerative disorders [254]. Understanding how extrinsic factors

may influence VSMCs may inform novel interventions and therapies for preventing and

arresting neurodegeneration.
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2.6.1 Toxins

Toxins such as those introduced to the body through cigarette smoking, alcohol or drug

consumption, or air pollution are major risk factors for the early-onset of neurodegen-

erative disorders [63][195][268][362]. Exposure to toxins can also lead to profound

remodelling and apoptosis of cerebral VSMCs.

Exposing cultured cerebral VSMCs to cigarette smoke extract was found to induce

phenotypic switching to a pro-inflammatory, synthetic state, and suggested an avenue

for the major risk that cigarette smoking causes for cerebral vascular injury such as

atherosclerosis and stroke [392]. In a preclinical study, nicotine exposure has been

shown to stimulate abnormal growth of VSMCs and fibroblasts due to an enhanced

Ang II type 1 receptor-mediated functional response [238]. The same study showed

that nicotine can also cause phenotypic changes of contractile VSMCs to synthetic

VSMCs. The effects of nicotine on VSMCs in humans is not yet conclusive, but it has

been proposed that nicotine can induce imbalances in RAS, which can cause VSMC

dysfunction [301].

High concentrations of ethanol have been shown to increase neuronal apoptosis due

to increased ROS and induced apoptosis of cerebral VSMCs [240]. Similarly, exposure

to even small doses of cocaine induces rapid apoptosis in cerebral VSMCs, contribut-

ing to the development of stroke and neurodegeneration [395]. Exposure to smaller

concentrations of ethanol has been found to inhibit Notch signalling and, therefore,

decrease proliferation and migration in VSMCs in vitro and during vessel remodelling

in response to flow reduction in vivo in mice [173][292]. In these studies, VSMC pro-
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liferation was found to increase when Notch pathways were artificially turned back on.

Morrow and colleagues suggest that the inhibitory effect of moderate alcohol on VSMC

growth may prevent vessel thickening associated with atherosclerosis and stroke [292].

However, recent studies suggest that no level of alcohol consumption is safe in humans.

These studies show that even moderate alcohol consumption has been associated with

ROS generation, hypertension, stroke, vascular alterations in the peripheral and central

nervous systems, cognitive decline, and more [78][140][304][354][411].

Exposure to air pollutants and ambient particulate matter has been shown to induce

the transitioning of VSMCs from contractile to synthetic phenotypes, increasing cell

migration and expression of proinflammatory cytokines [181]. Furthermore, organic

matter from ambient particulates and polycyclic aromatic hydrocarbons induce VSMC

migration through ROS generation leading to vascular pathology [204]. NO is a com-

mon free radical which is both present in the environment and can be produced in the

body as a vital signalling molecule. In the blood vessels, NO decreases the intracellular

concentration of Ca2+ and causes VSMC relaxation, and is thus a potent vasodilator

[471]. In the environment, NO can react with other gases in the atmosphere to form

nitrogen dioxide (NO2) and nitrous oxide (N2O). Notably, evidence is emerging that

air pollution, including high ambient particulate matter, NO, and carbon monoxide, is

also associated with increased risk of dementia and vascular damage [65][322]. More

research on the effect of poor air quality on cerebral VSMCs and in neurodegenerative

pathology is required to better understand the neurotoxic effect of air pollution.
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2.6.2 Pulsatility

Pulsatility is generated by oscillations in arterial blood flow and pressure that occur

with each heartbeat. Normal haemodynamic pulsatility can be affected by age, hyper-

tension, diabetes mellitus, hyperlipidaemia, and haematocrit levels [197]. Pulsatility

factors such as blood flow-induced vessel wall shear stress, cyclic strain, and hydrostatic

pressure can affect the function and phenotype of VSMCs, which has been attributed

to vascular disorders [375]. A recent review by Thorin and colleagues suggests that

age-related increased arterial stiffness may promote high pulse pressure in cerebrovas-

culature that leads to functional and structural alterations that could promote neuronal

dysfunction and cognitive decline [408]. Notably, a chronic increase in pulse pressure

has been associated with cognitive decline and dementia [314][371].

VSMCs have multiple sensing mechanisms to perceive mechanical stimuli generated

from pulsatile stretch and transduce signals resulting in the modulation of gene ex-

pression, and cellular functions such as proliferation, apoptosis, migration, and re-

modelling [157][339]. A recent review found that high pulsatile shear stress induces

VSMC apoptosis due to the increased release of NO from endothelial cells and low

shear stress increases VSMC proliferation and migration through endothelial-released

platelet-derived growth factor [339]. Other studies have shown that both the pressure

amplitude and frequency of pulsatile flow can affect VSMC morphology and alterations

in the cyclic oscillations modulated VSMC function and tissue stiffness [273][299].

While more research is needed to understand the vascular changes that occur in re-

sponse to pulsatile load, the effects of pulsatility on blood vessel contractility and
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VSMC function are notable and warrant further investigation in healthy and patho-

logical states.

2.6.3 Traumatic Brain Injury

Traumatic brain injury (TBI) leads to an increased risk of progressive neurodegenera-

tion and dementia [146]. While the mechanisms for this are not yet clearly understood,

it has been shown that TBI results in a loss in cerebrovascular tone and changes in the

function of VSMCs and the neurovascular unit, which may contribute to the increased

risk of neurodegenerative disease.

TBI has been reported to increase concentrations of endothelial-released NO, severely

blunting pressure-induced vasoconstriction [424]. This was found in conjunction with a

decrease in VSMC Ca2+ levels, which collectively led to VSMC apoptosis and profound

cerebral artery dilation after TBI.

In preclinical studies, it has been demonstrated that TBI reduces gap junction coupling

in VSMCs through mechanisms related to increased ROS [464]. Substantial increases

in hydrogen peroxide were found in VSMCs of cerebral arteries after TBI leading to

decreased pressure-induced constriction of cerebral arteries in rats [399]. The impaired

VSMC contractility was restored after the VSMCs were treated with a mitochondria-

targeted antioxidant that blocked specific ion signalling channels in VSMCs.

A study of patients with blast-induced TBI found an overexpression of mRNA markers

in contractile VSMCs and suggested that TBI leads to phenotype switching mechanisms

in VSMCs of cerebral arteries, as well as prolonged hypercontraction and vasospasm
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[9]. Alford and colleagues proposed that trauma causing small perturbations in tissue

tension results in contractile-dominant VSMC phenotypes, while larger perturbations

shift VSMCs towards a synthetic phenotype, causing large-scale remodelling.

2.7 Therapeutic Opportunities

The key to developing novel therapeutic treatments for neurodegenerative disorders

depends on the understanding and investigation of the underlying molecular mecha-

nisms. Some of these are genetic, such as in Huntington’s disease, Down’s syndrome,

and CADASIL, however others such as Alzheimer’s disease, Parkinson’s disease, ALS,

and multiple sclerosis, can occur sporadically, and their mechanisms have been harder

to establish.

Despite their variability in symptoms and progression, VSMC dysfunction appears to

be a common link between these disorders and could prove to be a promising target

for intervention. Studies have shown that targeting the vascular tissue with drugs may

be effective at modulating and / or preventing neurodegenerative disorders such as AD

and PD [4][390]. It has also been suggested that intervening during the differentiation,

proliferation, and / or migration mechanisms of VSMCs could be a therapeutic strategy

to reduce pathological VSMC functions while maintaining their stabilising roles in CBF

[447]. Here, we will review recent insights on VSMC-based therapeutics in vascular

pathology and discuss how VSMCs could be targeted to intervene in the development

and progression of neurodegenerative disorders.
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2.7.1 Signalling Pathways

It has been proposed that targeting VSMC signalling mechanisms could be protective

against the onset of neurodegeneration [243][264]. Notably, increased VSMC prolif-

eration and migration exhibited in AD, ALS, and Moyamoya disease can be harmful

to cerebrovascular function and may contribute to the accumulation of toxic plaques

in the central nervous system [3][154][222]. In other pathologies, such as CADASIL, a

dramatic reduction in VSMC proliferation can lead to vessel thinning and reduced CVR

amplitude [242][309]. VSMCs have several signalling pathways to control cell function

and proliferation, however a few players have been identified as key contributors in

VSMC proliferation.

VSMC proliferation and migration can be manipulated by inhibiting the degradation

of cyclin-dependent kinase (CDK) with pharmaceuticals like thiazolidinediones, which

have been developed for treating type II diabetes [429]. These drugs are also peroxisome

proliferator-activated receptor γ (PPARγ) agonists and the activation of PPARγ in

VSMCs has been shown to inhibit synthetic VSMC proliferation and migration, which

may have vascular-protective effects [229][456]. The CDK pathway is also involved

in telomere activity, which stabilises chromosomes. Telomerase reverse transcriptase

(TERT) phosphorylation, which is upregulated during and following hypoxia, has been

shown to increase VSMC proliferation [281]. Some evidence has shown that inhibiting

TERT in vivo, such as via the CDK pathway, may reduce vascular disease [133].

The transient receptor potential vanilloid (TRPV) family is expressed abundantly in

cerebral artery VSMCs and has been shown to be an important mediator of vascular
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tone [153]. The overexpression of TRPV1 has been found to inhibit Ang II induced

VSMC migration and phenotype transitions from a contractile to secretory state [433].

Another study found that activated TRPV1 inbited VSMC proliferation, migration,

and ROS production by upregulating the expression of PPARγ [473]. Additionally,

TRPV4 channel activity has been found to increase vasoconstriction and elevate resting

blood pressure in mice and patients with hypertension [76].

RhoA/Rho-kinase have been shown to modulate VSMC phenotype switching including

affecting proliferation, dedifferentiation, apoptosis, and migration in VSMCs, which is

discussed extensively in the review paper by Sawma and colleagues [367]. Notably,

the inhibition of Rho signalling using fasudil hydrochloride is currently used clinically

for the treatment of vasospasm [290]. It has been suggested that it may also reduce

inflammation and lesion volume in multiple sclerosis [6].

Interestingly, berberine has been increasingly found to have vascular- and neuro-protective

effects against neurodegenerative pathology, which could be attributed to its effects on

signalling pathways [223][459]. Berberine is an organic compound in classical natural

medicine, proven by modern research to have various pharmacological effects, includ-

ing antiviral, anti-inflammatory, and lipid regulation [460]. Preclinically, berberine was

found to affect smooth muscle contractility by regulating the VSMC handling of in-

tracellular Ca2+ [258]. In vitro, berberine inhibited early signalling pathways induced

by VSMC injury, reducing the contraction and proliferation of dysfunctional VSMCs

[241]. Other studies have shown that berberine inhibits induced VSMC proliferation

via the PPARγ signalling pathway by stimulating a beneficial increase in NO [58][338].
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Notch signalling has gained significant attention in the context of vascular biology

and has been identified as a possible culprit for VSMC and pericyte reduction seen

in some neurodegenerative disorders [243]. As mentioned earlier, Notch3 is a gene

involved in the pathogenesis of CADASIL, though it is currently not known if the

mutations in Notch3 are causative [188]. One study showed that Notch3 is necessary

for pericyte proliferation in zebrafish [435]. In contrast, another study found that

while Notch3 mutations disrupt and compromise the BBB, the mutations have no

direct effect on mural cells [174]. While very minimal research has been conducted

on Notch-based therapeutics in neurodegeneration, targeting Notch receptors in mice

models of inflammatory disorders that share features with human MS has shown very

minimal side effects while safely preventing and reversing inflammation [285][365].

The renin-angiotensin system may also be a potential target for therapeutic interven-

tion for VSMC dysfunction. Angiotensin-converting enzyme inhibitors and angiotensin

receptor blockers have been shown as effective modulators of AD in preclinical models

[233]. In a mouse model, angiotensin receptor blockers alone were not found to restore

Aβ-related cognitive and cerebrovascular deficits [358]. However, captopril (another

angiotensin converting enzyme inhibitor) alone was found to reduce Aβ deposition in

vitro and in vivo, and improve cognition in animal models [2][19].

Another major signalling molecule, adenosine, is synthesised by VSMCs and endothelial

cells via multiple pathways, and may be useful for controlling VSMC growth in vascular

disease [316]. Studies have shown that adenosine inhibits VSMC growth and that a

reduction in local adenosine levels may initiate VSMC growth and contribute to the

vascular remodelling in hypertension and atherosclerosis [105]. Additionally, abnormal
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adenosine homeostasis has been observed in Parkinson’s disease, Huntington’s disease,

and ALS [15][232][463]. The review by Chang and colleagues summarises this topic

more extensively and highlights the therapeutic opportunities for targeting adenosine

homeostasis in neurodegenerative disorders [67].

VSMCs are crucial in hypertension progression and the response of VSMCs to statins,

most commonly used to treat and prevent hypertension, has therefore been more exten-

sively researched, though only more recently in the context of neurodegeneration [366].

Statins can affect several components of RAS pathways in conjunction with lowering

low-density lipoprotein cholesterol. Notably, statins can inhibit the harmful overex-

pression of Ang II and AT1 receptors, and support healthy VSMC contraction [216].

It has been shown that statins can inhibit VSMC proliferation and reduce vascular

inflammation, likely by decreasing the sensitivity of VSMCs to Ca2+ leading to struc-

tural remodelling, and reduced vascular constriction [138][207]. As a result, statins may

have vasodilatory and antithrombotic properties, which could enhance collateral cir-

culation and improve CVR, notably in cases where VSMCs are hypercontractile [139].

It appears that statins may also reduce the accumulation of Aβ in the brain and have

protective effects against cognitive decline, however it is unclear which mechanisms

drive these outcomes [369].

Here we have identified signalling pathways such as PPARγ, CDK, Notch, Rho, TRPV,

adenosine, and RAS, which may be potential targets for intervening in VSMC dys-

function. Further research is critical to clearly understand the effect of these signalling

pathways on VSMC physiology in both healthy and diseased states.
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2.7.2 Inhibiting Reactive Oxygen Species

Another method of inhibiting VSMC phenotype transitions could be through the in-

hibition of ROS. In VSMCs, ROS are known to mediate many physiological processes

such as phenotypic switching and signalling pathways, as well as pathophysiological

processes, including migration, proliferation, apoptosis, and inflammatory cytokine se-

cretion [149][342][414].

In mice, the inhibition of ROS via the oral administration of the antioxidant drug

apocynin suppresses proinflammatory and proliferative synthetic VSMCs associated

with vascular disorders [324]. While the precise mechanisms underlying the effect of

ROS remain unclear, the same study suggested that ROS induces VSMC phenotype

switching through the upregulation of toll-like receptor 4 (TLR4) in endothelial cells,

which can be modulated using drugs such as apocynin. Shimokawa and colleagues

showed that the growth factor cyclophilin A contributes to ROS effects in VSMC by

promoting growth and, as a result, the effect of ROS on VSMC function may be possible

by blocking the cyclophilin A signalling or binding pathways [377].

It has been demonstrated that ROS mediates vascular contraction and remodelling by

activating Rho-signalling [199]. For example, the long-term blockage of the Rho-kinase

pathway was shown to inhibit induced vascular remodelling in mice by blocking the

synthesis of ROS, such as NO [189]. As a result, the Rho pathways may be a target

for inhibiting ROS.

These findings suggest that novel pharmacological strategies aimed at mediating the

effect of VSMC phenotype switching through the inhibition of ROS may have thera-
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peutic potentials in treating VSMC dysfunction.

2.7.3 Gene Therapy

Gene therapy is an emerging therapeutic tool by which functional genetic material

is delivered to specific cells to correct a defective gene. Several clinical studies have

tested gene therapy for treating neurodegenerative disorders, including Parkinson’s

disease and Alzheimer’s disease, though the efficacy of these approaches has yet to be

determined [29][308][419].

Among the most promising of potential gene therapy targets for VSMC dysfunction is

SERCA2a, the SERCA isoform present in the nervous system, which has been approved

as a human gene therapy target to treat heart failure [198]. This has been attributed to

the normalisation of Ca2+ cycling in VSMCs and inhibiting Ca2+-dependent transcrip-

tion factors [275]. This could be used to target VSMC dysfunction as forced expression

of SERCA2a in contractile VSMCs has been shown to prevent injury-induced dediffer-

entiation towards a synthetic, inflammatory phenotype, whereas forced expression in

synthetic VSMCs reduces their proliferation and migration, but has no effect on their

phenotype [43].

The review papers by Martier and colleagues, and Piguet and colleagues explore the

past, current, and future perspectives of gene therapy for neurodegenerative disorders

[266][325]. Importantly, it has been noted that delivering therapies administered before

the onset of neurodegeneration is essential to improve the efficacy of gene therapies

[266]. Therefore, the discovery of biomarkers for early detection of neurodegenerative

disorders and a better understanding of factors leading to these disorders is essential
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to improve clinical applications of gene therapy.

2.8 Concluding Remarks

In this work, we reviewed the role of VSMCs in the most common neurodegenerative

disorders and identified mechanisms by which VSMC dysfunction may contribute to

neurodegeneration. In particular, changes in VSMC phenotype, signalling pathways,

and interactions with ROS are seen in a host of neurodegenerative disorders and could

serve as targets for novel therapeutic interventions. We identified CVR and CBF mea-

surements as promising techniques by which VSMC dysfunction could be characterised

in vivo, but further research is required to understand how to isolate VSMC contri-

butions. Note that correlations between VSMC dysfunction and some of the disorders

were more extensively studied than others, and methodologies varied greatly between

them. Furthermore, inferences drawn from some of the studies analysed in this re-

view should be taken with caution as not all of them were specifically assessing VSMC

dysfunction in this context, and it remains unclear whether VSMC dysfunction is a

cause or a consequence of these disorders. In conclusion, the evidence collected here

highlights the critical role of VSMC dysfunction in the development and progression of

neurodegeneration, and the need for more investigation into VSMCs and cerebrovas-

cular dynamics in neurodegenerative disease.
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3 | Characterising Cerebrovascular Reactivity and

the Pupillary Light Response – A Comparative

Study

Preface

Based on the role of smooth muscle in both cerebral and ocular physiology, this chapter

presents a novel investigation into the relationship between cerebrovascular reactivity

(CVR) and the pupillary light response (PLR). By measuring the middle cerebral

artery’s blood flow response to controlled CO2 and the eye’s reaction to flashes of

light and dark, the study explores whether shared underlying vascular smooth mus-

cle mechanisms might manifest across these two distinct physiological pathways. The

analysis reveals a significant negative correlation between CVR and PLR latency in a

dark flash protocol, suggesting that smooth muscle dysfunction could influence both

cerebral blood flow regulation and pupil dynamics. These findings provide an impor-

tant starting point for future research aimed at developing non-invasive biomarkers of

vascular and autonomic function.

This chapter was published as:

S. Sparks* and G. Hayes*, J. Pinto, and D. P. Bulte, "Characterising cere-

brovascular reactivity and the pupillary light response - a comparative study,"

Front. Physiol., vol. 15, 2024. doi: 10.3389/fphys.2024.1384113
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A subset of these results was presented at the following conferences:

S. Sparks, G. Hayes, J. Pinto, J. Martin, M. Spitschan, and D. P. Bulte, “Com-

paring the pupillary light response to white, red, and blue stimuli with cere-

brovascular reactivity,” Association for Research in Vision and Ophthalmology

(ARVO), May 2024, Seattle, USA.

S. Sparks, G. Hayes, J. Pinto, J. Martin, M. Spitschan, and D. P. Bulte, “Com-

paring the pupillary light response using two pupillometers with cerebrovascular

reactivity,” Oxford Ophthalmological Congress, S. Sparks, G. Hayes, J. Pinto, J.

Martin, M. Spitschan, and D. P. Bulte, “Comparing the pupillary light response

to white, red, and blue stimuli with cerebrovascular reactivity,” Association for

Research in Vision and Ophthalmology (ARVO), Jul. 2024, Oxford, UK.

Drawing parallels between brain and ocular dynamics, this work underscores the broader

relevance of smooth muscle function in maintaining both cerebral perfusion and pupil

regulation. It lays the groundwork for subsequent chapters focused on refining method-

ologies for CVR assessment and further exploring their clinical implications.

Author Contribution Statement

S. Sparks contributed to the pupillometry study concept and design, acquisition,

analysis and interpretation, writing of the manuscript. G. Hayes contributed to the

CVR study concept and design, acquisition, analysis and interpretation, writing of the

manuscript. J. Pinto contributed to ethics approvals, data acquisition, and critical

revision of the manuscript. D. P. Bulte developed the original study concept and
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design, critical revision of the manuscript, and study supervision. All authors read and
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Abstract

Introduction: Smooth muscle is integral to multiple autonomic systems, including cere-

brovascular dynamics through vascular smooth muscle cells and in ocular muscle dy-

namics, by regulating pupil size. In the brain, smooth muscle function plays a role

in cerebrovascular reactivity (CVR) that describes changes in blood vessel calibre in

response to vasoactive stimuli. Similarly, pupil size regulation can be measured using

the pupillary light response (PLR), the pupil’s reaction to changes in light levels. The

primary aim of this study was to explore the interplay between cerebral blood flow and

pupil dynamics, evaluated using CVR and PLR, respectively.

Methods: A total of 20 healthy adults took part in a CVR gas stimulus protocol and

a light and dark flash PLR protocol. CVR was calculated as the blood flow velocity

change in the middle cerebral artery, measured using transcranial Doppler ultrasound

in response to a 5 % increase in CO2. Multiple PLR metrics were evaluated with a

clinical pupillometer.

Results: CVR and PLR metrics were all within the expected physiological ranges

for healthy adults. Nine different PLR metrics, assessed through the light and dark

flash protocols, were compared against CVR. A significant negative relationship was

observed between the latency of the PLR in the dark flash protocol and CVR. No

statistically significant relationships were found between CVR and other PLR metrics.
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Conclusion: This is the first study to investigate the relationship between cerebral

blood flow and pupil dynamics. A significant relationship between dark flash latency

and CVR was observed. Future work includes evaluating these relationships using

more robust CVR and PLR measurement techniques in a larger, more diverse cohort.

Notably, more research is warranted into the PLR using a dark flash protocol and its

connection to cerebrovascular function.

3.1 Introduction

Cerebrovascular dynamics are crucial for the maintenance of adequate cerebral blood

flow (CBF) to the brain and can be quantified using a metric known as cerebrovascu-

lar reactivity (CVR). CVR describes the intrinsic ability for cerebral blood vessels to

dilate and constrict in response to vasoactive stimuli, a phenomenon that is largely me-

diated by vascular smooth muscle cells (VSMCs) that surround arteries and arterioles

[165][168].

CVR can be measured by varying the arterial partial pressure of CO2 (PaCO2), induc-

ing either hypercapnia (increased PaCO2) or hypocapnia (decreased PaCO2) through

stimuli such as voluntary breathing tasks or gas protocols [252][328][351]. Alternatively,

cerebral vasodilation can be induced pharmacologically using acetazolamide, which in-

creases hydrogen ion concentration via inhibition of carbonic anhydrase, rather than

by increasing PaCO2 directly. The concomitant CBF changes can be measured non-

invasively using an appropriate imaging modality such as magnetic resonance (MR)

imaging or transcranial Doppler ultrasound (TCD). While MR provides CVR mea-
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sures with relatively high spatial resolution including brain micro-vasculature [381],

TCD is a simpler, more widely available and cost-effective alternative that measures

blood velocity in single major arteries [55][271]. Measurements of CVR are emerg-

ing in clinical use to assess cerebrovascular function including in Alzheimer’s disease

and dementia [11][118][355][397][431], carotid artery stenosis [278][350], stroke [372],

congestive heart failure [451], hypertension [28][248].

Smooth muscle can also be found outside of the brain, such as in the iris in the form

of sphincter and dilator muscles to control the size of the pupil [190]. These muscles

can be easily assessed using the pupillary light response (PLR, also called the pupil

flash reflex). The PLR characterises pupillary size changes to different light conditions

[235]. These changes are mainly controlled by opposing branches of the autonomic

nervous system: whilst the parasympathetic nervous system controls the constriction

facilitated by the sphincter muscles of the iris, the sympathetic nervous system controls

the dilation facilitated by the dilator muscles of the iris [434][442][449]. In response

to a light stimulus, the PLR can be categorised into four dynamic phases: response

latency, maximum constriction, pupil escape, and recovery [160]. Various parameters

of the PLR can be extracted from these four phases for further assessment, depending

on the application.

The PLR has been used in clinical and research settings as a diagnostic tool for

several mental and physical health problems, including acute and traumatic brain

injury [305][311][413], depression [34][129][276][279], diabetes [39][208][227][457], and

increased intracranial pressure and intracranial hypertension [75][193][310][356][404].

Changes in the PLR have also been reported in both preclinical and clinical Alzheimer’s
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disease cases [79][128][132][449], as well as in those identified to have increased risk of

developing neurodegenerative disorders [389].

Given that both of these measures appear to be related to a variety of factors including

smooth muscle dynamics and function, and additionally show overlapping changes in

several pathologies, it is important to investigate their association to better understand

pathological mechanisms and their identification. Therefore, this pilot study aims to

explore the relationship between the PLR and CVR in healthy adults with no history of

cerebrovascular or eye disorders as a means of assessing the interplay between dynamics

in the brain and in the pupil.

3.2 Materials and Methods

3.2.1 Subjects

We acquired data from twenty healthy subjects with no record of neurological disorders

(9F, age range 23-68 years, with a mean of 33.5 ± 11.5 years at the time of acquisition).

Inclusion criteria consisted of having no diagnosed cognitive impairment, psychiatric

conditions, diabetes, high blood pressure, respiratory, or cardiac health issues. Par-

ticipants with corrective prescription glasses did take part in the study, but none who

had known vision loss and none who had undergone eye or brain surgery. They were

also instructed to refrain from consuming caffeinated drinks for two hours before the

session. All participants provided informed written consent before each session, and

the study was approved by the Medical Sciences Interdivisional Research Ethics Com-

mittee (MS IDREC) of the University of Oxford’s Central University Research Ethics
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Committee (CUREC).

3.2.2 Data Acquisition

Data acquired in this study included cerebral blood velocities using TCD and a res-

piratory gas stimulus, and pupil dynamics using pupillometry with light stimuli. For

all participants, the sequence of protocols involved the completion of the TCD and

gas stimulus first, followed by the dark adaptation and pupillometry protocols, with at

least 10 minutes between protocols to change equipment and transfer setups.

3.2.2.1 Transcranial Doppler Ultrasound and Gas Stimulus

A 2 MHz pulsed transcranial Doppler ultrasound system (7760EN Doppler-BoxX Dig-

ital, Compumedics DWL) was used to measure cerebral blood velocities in the middle

cerebral artery (MCA). A transmission gel was applied to the transtemporal window

of the volunteer and the TCD probe was placed over the gel and secured using an

adjustable headset. The location and angle of the probe was changed until a steady

blood flow velocity with good signal-to-noise ratio was achieved.

CO2 and O2 levels in respired air were sampled using a thin nasal cannula placed into

both nostrils and an infrared gas analyser (ML206, ADInstruments). The CO2, O2,

and TCD signals were recorded using a PowerLab 8/35, 8 Channel recorder (PL3508

ADInstruments) and accompanying LabChart Software.

For the gas stimuli, a custom gas delivery system was used to carry out the procedure

and accurately monitor physiological parameters throughout it. This system was built

in-house at the University of Oxford [398]. It consisted of a disposable non-rebreathing
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anaesthetic face mask with a Laerdal bag placed over the participant’s nose and mouth,

secured using a head strap. Holes on either side of the mask were covered by unidi-

rectional silicon membranes to allow exhaled air to escape the mask while being sealed

during inhalation. A medical-grade respiratory filter was placed at the junction of the

disposable circuit and the permanent fixtures to prevent cross-contamination. On the

permanent side of the filter, a short length of tubing led to a parallel Y-pieces where

respiratory gas mixtures could be delivered one at a time.

Two different levels of inspired gases (medical air and air with 5 % CO2) were delivered

to the face mask at a rate of 15 L/min through unidirectional tubing. The gas cylinders,

each fitted with a pressure regulator and flow metres, were operated by hand, following

a predefined protocol.

The gas stimulus protocol consisted of a period of baseline measurements of blood

flow velocity while the subject breathed normally on medical air for 3 minutes. After

this period, the gas was switched from synthetic medical air (21 % O2 / 79 % N2)

to a mixture of 5 % CO2 balance air (BOC Group, Linde, Surrey, UK) for another 3

minutes and the subject was instructed to continue breathing normally. Finally, the

gas was switched back to medical air and another baseline measurement was taken for

2 minutes.

3.2.2.2 Pupillometry and Light Stimuli

The NeurOptics PLR-3000 hand-held pupillometer was used to measure the pupillary

light response (NeurOptics, Irvine, CA). This hand-held pupillometer uses an infrared

camera to capture and measure the pupil size, is automated and monocular, and is
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widely used in clinical practice and research settings.

There were two protocols used to assess the pupillary light response. Before both

protocols, subjects had 2 minutes of adaptation in a dark, quiet testing room, and

throughout the pupillometry testing the subject was sat in a chair. Each protocol was

done using the NeurOptics PLR-3000 device on one eye at a time.

For each subject, six measurements were performed on each eye, alternating eyes be-

tween each trial, starting with the right eye. The first three measurements on each

eye, the light flash protocol, were with the positive step-input stimulus, which had a

1-second baseline measurement, a 1-second flash of 50 uW white light, and 7 seconds

of post-stimulus measurement, with a 1-minute interstimulus interval. The last three

measurements on each eye, the dark flash protocol, were with the negative step-input

stimulus, which had a 1-second baseline measurement with the 50 uW light on, a 1-

second dark flash with the light off, and a 7-second measurement with the light back

on, also with a 1-minute interstimulus interval. These two protocols were matched to

be the opposites of each other for comparison of the positive and negative pulses and

the responses they evoked in subjects.

During the measurements, subjects were instructed to keep their eyes wide open and

to avoid blinking, and to hold a constant gaze position. The pupillometer was held

at a right angle to the subject’s line of sight. All measurements were taken between

09:00 and 16:00 to avoid interference from circadian rhythms. While this time win-

dow avoids the extremes of diurnal variation typically seen in early morning and late

evening, we acknowledge that some residual circadian effects may persist across this
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interval. However, measurement times were distributed evenly across participants, and

no systematic bias was introduced by time of day.

3.2.3 Data Analysis

3.2.3.1 Cerebrovascular Reactivity Analysis

The CO2, O2, and TCD, and time courses were exported at a time resolution of 200

Hz and processed using custom scripts in Python 3.10.8. The CO2 and O2 signals

were converted from percent to mmHg using a conversion factor based on the midday

pressure reading on the day of each acquisition in Oxford, UK [113]. The raw Doppler-

BoxX TCD outputs were converted to cm/s using a calibration factor of 202.1 cm/s/V

based on the DWL application software and values below 14 cm/s were removed since

they corresponded to the bottoming out of the signal.

Two minutes of near-steady state data were extracted from each of the baseline and

5 % CO2 periods, starting at least 30 seconds after a transition. The end-tidal CO2

(PETCO2) peaks were automatically segmented using tools from the SciPy package

[426] to be used as a surrogate for arterial PaCO2 [387]. The mean PETCO2, PETCO2,

and TCD blood flow velocity were taken within each segment. The CVR was calculated

by dividing the relative change in measured blood flow velocity by the change in the

mean PETCO2 between the segments as shown in Equation (3.1), where MCAv 5CO2

and MCAvbaseline are the mean blood flow velocities during the 5 % CO2 gas and

baseline medical air segments respectively, and the PETCO2 5CO2 and PETCO2 baseline
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are the mean end-tidal CO2 values within each segment.

CVR(percent/mmHg) =
MCAv5CO2

−MCAvbaseline

MCAvbaseline

PETCO25CO2
− PETCO2baseline

· 100 (3.1)

3.2.3.2 Pupillometry Analysis

The time course data from the pupillometry experiments were extracted directly from

the NeurOptics PLR-3000 pupillometer in a CSV file format and processed using cus-

tom scripts in MATLAB.

The NeurOptics pupillometer automatically calculates several metrics: initial and end

pupil diameters, latency, average and maximum constriction velocity, dilation velocity,

and time to 75 % recovery for each 9-second measurement. All values were averaged

across all trials for each participant.

Due to the nature of the PLR protocols, constriction parameters, dominated by the

sphincter muscles and parasympathetic nervous system, were only assessed in the light

flash protocol, as the dark flash protocol’s constriction amplitude was significantly

smaller than that of the light flash protocol where the pupil starts at a larger, dark-

adjusted diameter. Dilation parameters, however, were assessed in both the light and

dark flash protocols, and have contributions from the dilator muscles and sympathetic

nervous system as well as the sphincter muscles and parasympathetic nervous system.

For the light flash protocol, the key parameters that were assessed were (a) the aver-

age constriction velocity, (b) the maximum constriction velocity, (c) the constriction

amplitude, (d) the dilation velocity, (e) the time to 75 % recovery, and (f) the latency

72



Chapter 3 - Characterising CVR and PLR

of the response. For the dark flash protocol, the key parameters assessed were (g) the

dilation velocity, (h) the dilation amplitude, and (i) the latency of the response. All

these parameters are visually depicted in Figure 3.1.

Figure 3.1: Key components of the pupillary light response to a) the light flash protocol
(positive stimulus) and b) the dark flash protocol (negative stimulus). Each stimulus
starts at 1 s and lasts for 1 s. Note that the latency in the dark flash protocol (shown
in a red box) is longer than in the light flash protocol (shown in a blue box).

3.2.3.3 Comparative Analysis

To identify the strength and direction of any linear relationships between the PLR and

CVR, we performed a linear correlation analysis for each PLR parameter (significance

level p <0.05, uncorrected for multiple comparisons).

3.3 Results

Data from 18 of the 20 subjects were included for analysis. One of the subjects was

excluded due to a noisy TCD signal which was likely the result of the probe moving

out of alignment with the MCA during the gas protocol. The other participant was

excluded due to recent history of smoking, as this could have been a confounding factor

to the results.
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3.3.1 Cerebrovascular Reactivity Results

The TCD-derived blood flow velocity, CO2, and O2 traces for a representative subject

during the protocol are shown in Figure 3.2 where the baseline and 5 % CO2 gas

stimulus periods are both highlighted.

Figure 3.2: TCD blood flow velocity (cm/s), CO2 (%), and O2 (%) traces for a rep-
resentative subject while the subject breathed medical air (baseline) and air with 5
% CO2 gas. The baseline and 5 % CO2 periods are shaded in grey and the end-tidal
points for the CO2 and O2 traces are illustrated by red and green stars respectively.

PETCO2 increased significantly from baseline with a mean PETCO2 difference between

the 5 % CO2 hypercapnia period and baseline periods across subjects of 10.01 ± 2.05

mmHg (t-statistic = 9.17, p « 0.01). Similarly, MCA blood flow velocity increased

with hypercapnia from baseline with a mean difference across subjects of 9.43 ± 3.24
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cm/s (t-statistic = 3.83, p « 0.01). Breathing rates, end tidal points, mean blood flow

velocities varied between subjects, but all were within normal and expected ranges

[55][218][317][451]. CVR was calculated using Equation (3.1) (relative change in MCA

velocity compared to the change in PETCO2), yielding an average CVR value of 2.90

± 0.56 %/mmHg, across all subjects.

Minimal differences in breathing rate and heart rate were observed between the baseline

period and the 5 % CO2 period. The mean and standard deviation of the breathing

rate and heart rate for each period across all 18 subjects are presented in Table 3.1.

Table 3.1: Mean and standard deviation of the breathing rate in breaths per minute
(brpm) and heart rate in beats per minute (bpm) of the participants during the baseline
period and during the 5% CO2 period.

Parameter Mean ± Standard Deviation
Baseline Breathing Rate (brpm) 11.9 ± 5.5
5 % CO2 Breathing Rate (brpm) 12.0 ± 5.0
Baseline Heart Rate (bpm) 69.1 ± 10.3
5 % CO2 Heart Rate (bpm) 71.9 ± 6.7

3.3.2 Pupillometry Results

The pupillary light and dark responses for the same representative subject in their

right eye are shown in Figure 3.3, where the mean response across the three trials in

the right eye is highlighted.

Data from both eyes were collected to ensure that any inconsistencies among subject

eyes were noted. However, for the analysis, only the right eye was included for further

analysis due to the more complete data among all included subjects. This was also to

ensure that the average across both eyes did not introduce any artefacts.
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Figure 3.3: Pupillary light and dark flash response for the right eye of a representative
subject. Three trials were performed in the right eye for both the light and dark flash
protocols, which are shown on the plot in dashed blue and red lines, respectively. The
average response of the light and dark flash protocols in the right eye across trials is
shown in a thicker blue and red line, respectively. The stimulus for both protocols
started at t = 1 s and ended at t = 2 s, and is shown in a shaded area on the plot.

Figure 3.3 shows minor differences among individual trials, but the overall pupillary

light response characteristics in the right eye were as expected and were comparable

to previous studies [47][267]. The selected interstimulus interval was sufficient for the

pupil diameter to return to baseline before subsequent trials. Data from all three

trials were averaged to account for minor variations due to hippus and other minor

physiological variations that can be expected in assessing pupillary dynamics [417].
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3.3.3 Comparison Results

The constriction parameters of the light flash protocol compared to CVR are shown in

Figure 3.4. The dilation parameters of both the light and dark flash protocol compared

to CVR are shown in Figure 3.5. Finally, the latency in both the light and dark flash

protocol compared to CVR is shown in Figure 3.6.
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Figure 3.4: Constriction parameters of the light flash protocol, plotted against CVR.
This includes a) the average constriction velocity (p = 0.307), b) the maximum con-
striction velocity (p = 0.201), and c) the constriction amplitude (p = 0.349), all from
the light flash protocol compared to the CVR.
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Figure 3.5: Dilation parameters of the light and dark flash protocols, plotted against
CVR. The light protocol a) dilation velocity (p = 0.668) and b) time to 75 % recovery
(p = 0.237) are shown on the left in blue. The dark protocol c) dilation velocity (p
= 0.764) and d) dilation amplitude (p = 0.561) are shown on the right in red. Note
that one subject is not included in the light flash plots as they did not have a complete
dataset for their right eye in the light dilation parameters, due to blinking and other
artefacts.
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Figure 3.6: Latency plotted against CVR. This includes the latency in both a) the light
flash protocol (p = 0.902) and b) the dark flash protocol (p = 0.0127) compared to the
CVR. It should be noted that the correlation between the dark flash latency and CVR
(b) is still on the cusp of significance even if the data point in the bottom right of the
plot is removed (p = 0.0501).

There were no statistically significant linear relationships between the constriction or

dilation parameters of the PLR and CVR. There was, however, a statistically signifi-

cant negative trend (p = 0.0127) with the latency in the dark flash protocol and CVR.

It should be noted that the correlation between the dark flash latency and CVR (Fig-

ure 3.6b) is still on the cusp of significance even if the data point in the bottom right

of the plot is removed (p = 0.0501). There was no trend between the latency in the

light flash protocol and CVR.

80



Chapter 3 - Characterising CVR and PLR

3.4 Discussion

To the authors’ knowledge, this is the first study to provide an analysis of CVR and

PLR measurements taken together.

CVR was calculated based on mean MCA blood velocity at baseline and during the

inhalation of air with 5 % CO2 gas. The relative as opposed to absolute change in mean

blood velocity between baseline and 5 % CO2 was used as the measure of interest for

the CVR calculation, as this approach mitigates differences in probe location and angle

that inherently occurs when collecting TCD data from different subjects. Participants

were told to relax and breathe normally throughout the gas stimulus procedure and

minimal differences were observed in the breathing rate and heart rate between the

baseline and 5 % CO2 gas periods.

It should be noted that the cerebrovascular response is entangled with physiologi-

cal mechanisms that affect cerebrovascular function including ventilatory sensitivity,

chemoreflexes, and nitric oxide (NO). NO bioavailability has been shown to be a key

contributor to cerebral shear-mediated dilation [420], however some studies have shown

that NO synthase inhibition does not influence CVR based on a steady-state CO2 stim-

ulus [183][187].

The CVR response to the inhalation of air with 5 % CO2 can also be impacted by the

sensitivity of chemoreflexes including central and peripheral chemoreceptors, central

nervous system, and ventilatory response to PaCO2 [5][62]. Notably, the sensitivity of

central chemoreflexes in response to changes in PaCO2 can differ between subjects and
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alter their ventilatory response [452]. An increase in the ventilatory response to CO2 is

especially pronounced when CBF is reduced such as in subjects with congestive heart

failure and sleep apnea [453] and changes in breathing could significantly alter CBF and

PaCO2 measures. As a result, despite relatively constant breathing rate and heart rate

in our study, the CVR response is likely in-part also representative of chemoreceptor

and ventilatory sensitivity [5].

As a result of the complex interplay between these mechanisms, vascular smooth muscle

function is unlikely to be the only contributor to the CVR response. CVR may still be

a good method for characterising vascular smooth muscle cell function in-vivo [168],

however the involvement of numerous mechanisms is still poorly understood in humans

due to the experimental limitations of isolating independent involvement.

For the PLR analysis, we investigated several parameters relating to both constriction

and dilation of the pupil, as there are opposing systems working in both the con-

striction and dilation phases. Pupillary constriction and dilation are controlled by a

variety of physiological mechanisms and neural pathways, including opposing muscles

and different branches of the autonomic nervous system. In particular, the parasympa-

thetic/sphincter system dominates the constriction phase with negligible contribution

from the sympathetic/dilator system, while both systems contribute to the beginning

of the dilation phase [434]. This means that it is difficult to isolate the specific con-

tributions of smooth muscle alone on various parameters of the PLR, as the smooth

muscle dynamics relate strongly to contributions from the sympathetic and parasym-

pathetic nervous systems. Despite the complexities associated with disentangling these

relative contributions, assessing specific parameters of the PLR in relation to CVR can
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potentially provide a valuable insight into the relationship between the eye and the

brain.

The average dilation velocity in the light flash protocol (1.22 ± 0.21 mm/s) was con-

sistently smaller than the average dilation velocity in the dark flash protocol (1.61 ±

0.31 mm/s) and this difference was statistically significant (p « 0.001). This could

be due to the nature of the protocols. In the light flash protocol, the stimulus first

elicits a greater contribution from the sphincter/parasympathetic system to cause con-

striction, which is likely still active to a certain extent when the dilator/sympathetic

system works to dilate the pupil post-stimulus. In the dark flash protocol, however,

the stimulus first elicits a contribution from the dilator/sympathetic system, which

would explain the larger magnitude of dilation velocity. Additionally, the pupil is only

moderately constricted during the light flash protocol when it first begins to dilate,

compared to the highly constricted pupil in the dark flash protocol, which would also

support a smaller dilation velocity.

The latency of the dark flash protocol (mean = 0.37 ± 0.04 s) was consistently larger

than that of the light flash protocol (mean = 0.22 ± 0.02 s). Conversely, the time to

change response directions after the end of the second stimulus, was consistently larger

in the light flash protocol than in the dark flash protocol - this demonstrates that the

latency in response to a loss of light was larger than that in response to the onset of

light.

When comparing the PLR to CVR measurements, most constriction and dilation PLR

parameters did not yield statistically significant results. The maximum constriction
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velocity and the time to 75 % recovery showed negative trends associated with CVR,

but these were not statistically significant.

Interestingly, there was a significant negative trend relating the latency in the dark

flash protocol to CVR (p = 0.00918). In contrast, no statistically significant trend was

observed with the latency in the light flash protocol and CVR. However, the range

of values in latency for the light flash protocol, was significantly smaller than that of

the dark flash protocol, which might partially explain the lack of trend. In the dark

flash protocol, this statistically significant negative relationship between the pupillary

latency and CVR, implies that with a higher CVR, the latency, or time to react to a

stimulus change, is smaller. However, if accounting for multiple comparisons, the dark

latency falls just outside of statically significant, therefore additional data and tests are

necessary to confirm any significance of the results. Further research is warranted into

pupillary parameters of the dark flash protocol, as this protocol has been less studied

than the standard light flash protocol.

3.4.1 Limitations and Future Work

For CVR assessment, we used a 2-point CVR measure as this is the most common

method for deriving CVR using TCD [252][286][466]. This strategy assumes a linear

relationship between CVR and changes in PETCO2. Although, it is known that CVR

response is in fact sigmoidal in shape [38][350], given our small dynamic range in

CVR and PETCO2 measurements, we expect that our results fall within the linear

range of the sigmoidal curve [144][271]. Nevertheless, future research is warranted to

further explore more descriptive models of the response of cerebral VSMCs to vasoactive
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stimuli.

It was also assumed that a steady state was achieved after 30 seconds of breathing

the 5 % CO2 gas. While we know that PETCO2 can continue to increase over even

a 10-minute period [336], minimal change occurs after the 1st minute and a long pe-

riod of breathing air with increased levels of CO2 can be challenging for participants.

Therefore, to maintain a clinically viable vasoactive stimulus, 3 minutes was agreed

upon as a reasonable upper limit for most volunteers to comfortably breathe 5 % CO2.

Another possible limitation of the gas protocol was leakage of room air into the face

mask during the gas stimulus which was an issue for some participants since the stan-

dardised mask did not create a tight seal with all face shapes. Minimal leakage of the

5 % CO2 gas mixture is visible in Figure 3.2 by the drops in the CO2 trace during

the inhales (troughs). Worse leakage was mitigated by using only one ventilation valve

which was often one site of room air entry and refitting the mask to ensure no gaps

were left around the participant’s nose and mouth.

While a baseline blood pressure measurement was taken for all subjects using an arm

cuff to rule out hypertension, continuous arterial blood pressure (ABP) measurements

were not acquired in this study. Some studies have shown that changes in ABP, both

spontaneous or induced by the inhalation of air with increased CO2, can impact CBF

velocity in response to vasoactive stimuli and therefore CVR in some adults adults

[184][345][440]. However, other studies have shown that even when using air with

up to 7 % inspired CO2, the increase in ABP has minimal effects on MCAv and

CVR [445]. Notably, Dumville et al. also reported that in healthy adults with no
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vascular disease and intact cerebral autoregulation, the CVR assessment as determined

by the relative changes in velocity and PETCO2 are independent of ABP provided that

the pressure change is contained within the autoregulatory plateau [108]. This was

echoed by Battisti-Charbonney et al., who showed that the MCAv response to CO2

was unchanged by ABP considerations up to a threshold of approximately 50 mmHg,

above which both MCAv and ABP appeared to increase linearly with CO2 tension

[31]. However, in patients with pathophysiology such as carotid artery disease, ABP

has been shown to significantly alter CVR index calculations in response to inhalation

of air with 5 % CO2 [108]. In our study, assessing only healthy adults below that

threshold (maximum PETCO2 of 46.5 mmHg) when undergoing the gas stimulus, the

effects of ABP on our CVR calculations are assumed to be negligible. None-the-less,

future studies may benefit from including continuous ABP monitoring (such as by using

finger photoplethysmography or more accurately using an arterial catheter) during gas

stimulus protocols, especially when investigating pathology.

Furthermore, regional differences in CVR are likely to exist throughout the brain

[51][234][329], therefore CVR values based on the blood velocity measures in the MCA

alone may only be representative of the brain regions supplied by the artery and may

not illustrate cerebrovascular function in other regions of the brain.

Lasting cerebrovascular responses triggered during hypercapnic challenges can take

additional time to return to baseline post-stimulus, and although the pupillometry was

done at least 10 minutes after the gas stimulus for each participant, there is a small

chance that there were still residual hypercapnic effects while the beginning of the

pupillometry protocols were being performed. In the future, the PLR data could be
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collected prior to the gas stimulus. Alternatively, in a larger study cohort, the sequence

of protocols could be swapped in half of the study cohort to clarify the PLR without

the potential contamination of the after-effects of hypercapnia.

There are also some technical limitations that might have impacted the PLR data

collected. Firstly, the frame rate of the NeurOptics pupillometer is low, with only 30

frames per second (i.e., 0.033 seconds per measurement). When comparing this to the

entire range of average latency values in the light flash protocol, which is 0.043 seconds,

this shows that the range of values is comparable to the sampling period of the device.

The latency in the dark flash protocol avoids this problem due to the larger magnitude

and range of values. With a smaller sampling period, there is potential that a trend

could be identified in the light flash latency - this could not be investigated with the

limitation of the current equipment. In future experiments, equipment with a higher

frame rate should be used to thoroughly investigate any trends between the light flash

latency and CVR.

An additional limitation was the assessment of the time to 75 % recovery in the light

flash protocol. The protocol only included 7 seconds of recovery time post-stimulus,

as it was important to ensure that the entire protocol was short enough so that par-

ticipants could withstand not blinking for the duration of each trial. In some cases,

however, 7 seconds was not enough time for subjects to recover to 75 % of their baseline,

initial pupil diameter. When the pupil did not recover to 75 % of its initial diameter,

no value was reported for this parameter, reducing the number of trials to be included

in the average. Additionally, if the subject blinked, the time to 75 % recovery and

dilation velocity parameters were also not calculated - this also reduced the number of
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trials included in the analysis for some subjects. In the future, using equipment that

can remove blinking artefacts in the data, which would enable a longer recovery time

to be included in the analysis, would enable a more confident assessment of dilation

parameters in the light flash protocol - especially with the time to 75 % recovery, where

we would expect to see some higher values recorded.

Although CVR and certain PLR metrics are known to be dependent on age [112][119][319]

and sex [210][380][401], we did not observe significant differences between ages and

sexes. This is likely explained by our small sample size of groups, and as a result

statistics could not be confidently performed on the influences of sex and age.

In the future, we plan to increase the dynamic range in vasoactive stimuli, vary the

light stimuli for the eye, and improve the imaging resolution for both the blood flow

measures and pupil measures. Notably, independently repeating the experiment of the

dark flash protocol is necessary to confirm any significance in latency correlating with

CVR. This analysis will take place in a larger participant group with a wide range of

ages, lifestyle factors, and demographics for a more robust statistical analysis of the

interplay between cerebral blood flow and pupil dynamics.

3.5 Conclusion

In this work, we compared the pupillary light response in light and dark flash proto-

cols, to cerebrovascular reactivity assessed using transcranial Doppler ultrasound, to

investigate the relationship between dynamics in the eye and brain. We found a signif-

icant negative relationship between the latency of the PLR in the dark flash protocol
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and CVR. No statistically significant relationships were found between CVR and other

PLR metrics. This is the first study that has investigated the relationship between

cerebral blood flow and pupil dynamics. Future work will incorporate other protocols

and equipment, in both pupillometry and in CVR assessment, that might retrieve addi-

tional information of interest and further control for confounding factors. Furthermore,

a broader range of subjects across age, health, and lifestyle factors will be considered to

investigate the validity of these relationships when subject to a larger dynamic range

of subjects.

Data Availability

The data that support the findings of this study are available from the corresponding

author upon reasonable request.
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4 | Bayesian Modelling Approaches for Breath-Hold

Induced Cerebrovascular Reactivity

Preface

This chapter advances the methodological toolkit for cerebrovascular reactivity (CVR)

mapping by introducing a variational Bayesian framework to analyse breath-hold BOLD-

fMRI data. Building on conventional time-shifted general linear model approaches, the

chapter demonstrates how Bayesian methods can more efficiently estimate CVR ampli-

tude and delay, particularly in low-signal regions. Through multiple sessions in a cohort

of healthy participants, the results reveal strong repeatability of CVR maps and high-

light the potential for future extensions that integrate physiologically informed priors

or more complex noise models.

This chapter was published as:

G. Hayes, D. P. Bulte, S. Moia, M. Craig, M. Chappell, E. Uruñuela, S. Sparks,

C. Caballero-Gaudes, and J. Pinto, "Bayesian modelling approaches for breath-

hold induced cerebrovascular reactivity," 2024. doi: 10.1101/2024.02.06.579134

A subset of these results was presented at the following conferences:

G. Hayes, J. Pinto, S. Moia, M. Craig, M. Chappell, C. Caballero-Gaudes, and

D. P. Bulte, “Bayesian and lagged general linear modelling strategies in breath-

hold induced cerebrovascular reactivity mapping with multi-echo BOLD fMRI,”
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Toronto, Canada.
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D. P. Bulte, “Cerebrovascular reactivity mapping with multi-echo BOLD fMRI,”
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G. Hayes, C. Caballero-Gaudes, and D. P. Bulte, “Optimising cerebrovascular

reactivity mapping for glioma imaging,” Glioma in Magnetic Resonance COST

Action, Oct. 2022, Kuşadası, Turkey.

By emphasising computational efficiency and robust parameter estimation, this work

sets the stage for the wider application of Bayesian modelling in CVR research and

underscores the importance of capturing nuanced vascular dynamics for both basic

neuroscience and clinical applications.
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Abstract

Cerebrovascular reactivity (CVR) reflects the ability of blood vessels to dilate and

constrict in response to a vasoactive stimulus and is an important indicator of cere-

brovascular health. CVR can be mapped non-invasively with functional magnetic res-

onance imaging (fMRI) based on blood oxygen level-dependent (BOLD) contrast in

combination with a breath-hold (BH) task. There are several ways to analyse this

type of data and retrieve individual CVR amplitude and timing information. The

most common approach involves employing a time-shifted general linear model with

the measured end-tidal carbon dioxide signal as a regressor of interest. In this work,

we introduce a novel method for CVR mapping based on a variational Bayesian ap-

proach which is compared against the general linear modelling strategy. We analysed

BOLD-fMRI data from six participants who performed a BH task in ten different ses-

sions each, and computed the corresponding CVR amplitude and delay maps for each

session/subject. No statistically significant differences were observed between the mod-

elling approaches in the CVR delay and amplitude maps in grey matter. Notably, the
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largest difference between methods was apparent in the case of low CVR amplitude,

attributed to how each method addressed noisy voxels, particularly in white matter

and cerebral spinal fluid. Both approaches showed highly repeatable CVR amplitude

maps where between-subject variability was significantly larger than between-session

variability. Furthermore, our results illustrated that the Bayesian approach is more

computationally efficient, and future implementations could incorporate more complex

noise models, non-linear fitting, and physiologically meaningful information into the

model in the form of priors. This work demonstrates the utility of variational Bayesian

modelling for CVR mapping and highlights its potential for characterising BOLD-fMRI

dynamics in the study of cerebrovascular health and its application to clinical settings.

4.1 Introduction

The maintenance of appropriate cerebral blood flow (CBF) is critical for brain function

and survival, and is closely regulated by the contraction and dilation of cerebral blood

vessels. Cerebrovascular reactivity (CVR) reflects this intrinsic mechanism of blood

vessels to alter their calibre in response to vasoactive stimuli. Notably, CVR has been

identified as an imaging biomarker of cerebrovascular health in a number of diseases

including stroke [221][263], brain tumours [122][327], carotid occlusion [68][102][437],

Alzheimer’s disease [61][142][397], Parkinson’s disease [59], multiple sclerosis [265], and

traumatic brain injury [81][89][295], among others. Vascular smooth muscle cell dys-

function attributed to vascular and neurodegenerative pathologies may also be identi-

fied by changes in CVR [168][215].
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Non-invasive magnetic resonance imaging (MRI) has emerged as a promising tool for

characterising anatomical and haemodynamic changes in the brain. In particular,

functional magnetic resonance imaging (fMRI) based on blood oxygen level-dependent

(BOLD) contrast acquired during a breath-hold (BH) task is a robust method to derive

CVR maps in response to vasoactive stimuli [328][394][478]. The BOLD signal arises

from differences in the magnetic properties of oxyhaemoglobin and deoxyhaemoglobin,

providing an indirect measure of neural activity through changes in blood oxygenation.

During a BH task, the partial pressure of CO2 (PaCO2) in the blood increases, trig-

gering vasodilation and an elevation in CBF. While BOLD-fMRI is sensitive to these

haemodynamic changes, it is important to note that BOLD is only a proxy for CBF, as

it is influenced by multiple factors, including cerebral blood volume, oxygen extraction

fraction, and the metabolic rate of oxygen consumption [249][57][130]. The end-tidal

CO2 (PETCO2), measured at the end of exhalation, serves as a non-invasive surrogate

of arterial PaCO2 [272][385][400]. Consequently, CVR can be determined by quantify-

ing the ratio between the change in the BOLD signal and the change in PETCO2, as

depicted in Equation (4.1).

CVR(percent/mmHg) =
∆BOLD
∆CO2

· 100 (4.1)

The CVR metric defined in Equation (4.1), assumes that the CVR response occurs at

the same time across the different brain regions. However, there are known differences

in CVR delays across the brain, due to a variety of factors including different blood

arrival times and tissue reactivity to PaCO2 along the vascular tree [261]. These tem-

poral features need to be taken into account to accurately characterise CVR amplitude
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across the brain [329].

The most common way to model CVR amplitude and delay is through the application

of time-shifted regressors in a general linear model (GLM) approach [288][381]. In this

work, we compare this method with a novel variational Bayesian (VB) approach for

CVR mapping which allows for the incorporation of prior information and simultaneous

fitting of CVR amplitude and delay [69]. In this study, we evaluate the performance of

these two methods on multi-echo BOLD-fMRI data, acquired in ten subjects perform-

ing a BH task during ten repeated sessions each [289], to obtain subject-specific CVR

and haemodynamic delay estimates, and their corresponding repeatability metrics.

As this is an initial proof-of-concept study, we employ wide, non-informative priors

in the VB approach. These broad priors allow for flexibility in parameter estimation

but do not yet incorporate physiologically informed constraints. Future work will aim

to refine these priors by incorporating known characteristics of CVR responses, which

could further enhance the robustness and interpretability of the Bayesian framework.

4.1.1 Lagged General Linear Modelling

The conventional approach to derive CVR from the BOLD-fMRI time series is to use

a general linear model (GLM), in which the acquired signal is separated into pertinent

parameters of interest. In the GLM approach, the measured BOLD-fMRI signal from

each voxel, Y , is expressed as the sum of experimental design variables in a scaled design

matrix comprised of regressors of interest (in this case the corresponding PETCO2

time course), and a weighted combination of nuisance regressors where βi denotes the

fitted coefficients for each regressor. The regressors included the motion parameters
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and their temporal derivatives (denoted Mot), Legendre polynomials of up to the

fourth order (denoted Poly) which accounts for low-frequency signal drift, and rejected

independent components (denoted ICrej) that have been orthogonalised with respect to

the PETCO2 trace and the accepted components (denoted ICacc), and residual random

noise (denoted E) as show in Equation (4.2).

Y = β1PETCO2 + β2Mot+ β3Poly + β4[ICrej⊥(PETCO2,Mot, Poly, ICacc)] + E

(4.2)

GLM is a univariate approach by which each voxel is treated as independent from

one another, and it is assumed that the errors are random and follow a Gaussian

distribution with a mean of zero.

To achieve accurate estimates of CVR amplitude using a GLM, it is important to also

consider spatially variable haemodynamic delays (lags) between the PETCO2 regressor

and the measured BOLD signal. To account for this, several GLMs are performed, each

using a time-shifted PETCO2 regressor, and a single delay is selected for each voxel by

selecting the shift that yielded the highest CVR amplitude [289][393][478].

4.1.2 Variational Bayesian Modelling

In Bayesian modelling, variables are treated as probability distributions as opposed to

fixed values. Based on the Bayes theorem, the series of measurements, y, are used to

determine the parameters, w, using the chosen model, M . The posterior probability

of the parameters given the data and the model, i.e. P (w|y,M), is then a product of

the likelihood of the data given M and w, i.e., P (y|w,M), the prior probability of the
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parameters given the model, i.e., P (w|M), and the evidence for the measurements in

the chosen model, i.e. P (y|M), as shown in Equation (4.3).

P (w|y,M) =
P (y, w|M)

P (y|M)
=

P (y|w,M)P (w,M)

P (y|M)
(4.3)

In most cases, it is not feasible to evaluate the posterior probability distribution ana-

lytically. Alternatively, a variational Bayesian (VB) approach implements this solution

as derived by [69]. In this case, an approximate posterior distribution q(w) can be

computed and parameterised to define the form of the distribution on the parameters

of interest, w. Then, the true posterior distribution can be inferred by minimising

an error measure that quantifies the deviation of the approximate distribution q(w)

from the exact Bayes’ posterior. The fit of the approximate distribution to the true

distribution can be calculated using the variational free energy, F (which encodes the

divergence between the approximate and true probability distributions) as shown in

Equation (4.4).

F =

ˆ
q(w)log

[
P (y|w)P (w)

q(w)

]
dw (4.4)

The correct estimation of P (w|y) is achieved by maximising free energy over q(w),

which is equivalent to minimising the statistical dissimilarity, between q(w) and the

true posterior distribution [20].

A common form for the prior distributions is a Gaussian distribution with a defined

mean and variance as shown in Equation (4.5) and Equation (4.6). P (θ) has a normal

distribution with mean mθ and variance σ2
θ for the parameter of interest, θ, and P (t)

is the temporal prior with mean mt and variance σ2
t .
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P (θ) ∼ N(mθ, σ
2
θ) (4.5)

P (t) ∼ N(mt, σ
2
t ) (4.6)

The mean and variance of the posterior distribution are commonly estimated using

the priors and the data. In the context of deriving CVR maps from BOLD data,

the VB approach replaces multiple GLMs with time-shifted regressors (lGLM) to a

single model fit, where CVR delay is a parameter obtained simultaneously with CVR

amplitude. Notably, VB inference also provides useful regularisation to deal with noisy

imaging data and is far less computationally intensive than other Bayesian methods

[69].

4.2 Materials and Methods

4.2.1 Data Collection

Multi-echo BOLD-fMRI data was previously acquired in ten subjects with no history

of psychiatric or neurological disorders (5 females, range of 24-40 years of age). Each

subject performed a BH protocol which was repeated for ten sessions over ten weeks

(one each week), on a 3T Siemens PrismaFit scanner with a 64-channel head coil

(340 scans, TR=1.5 s, TEs=10.6/28.69/46.78/64.87/82.96 ms, FA=70°, multiband=4,

GRAPPA=2 with gradient echo reference scan, 52 slices with interleaved acquisition,

Partial Fourier=6/8, voxel size=2.4x2.4x3 mm3) [289]. The protocol consisted of eight

99



Chapter 4 - Bayesian Modelling for BH Induced CVR

repetitions of a BH task composed of four paced breaths of 6 s each, a 20 s BH, an

exhalation of 3 s, followed by a recovery period of 11 s without pacing. Subjects

were instructed prior to scanning about the importance of the exhalations preceding

and following the apnoea to accurately characterise the PETCO2 [328]. During the

fMRI acquisitions, exhaled CO2 and O2 levels were measured using a nasal cannula

(Intersurgical) with an ADInstruments ML206 gas analyser unit. Informed consent

was obtained from all participants for being included in the study, and the study

was approved by the local ethics committee. A complete detailed description of the

participants and acquisition protocol are described in [289].

4.2.2 Data Preprocessing

The end-tidal CO2 peaks across the CO2 time courses were automatically and manually

identified using custom scripts in Python 3.6.7 [262][289] after high-pass filtering and

downsampling. Linear interpolation between the end-tidal peaks was used and a cross-

correlation bulk shift was applied to the time series to match PETCO2 values with

the optimally-combined BOLD images. The PETCO2 signal was not convolved with a

haemodynamic response function (HRF) as the time-scale of the effect is assumed to

be negligible during the gradual increase in PaCO2 that occurs throughout a BH [100].

Preprocessing of the MRI data was done in AFNI [91], FSL [196], and ANTs [418]

using custom scripts [289][287]. The T2-weighted images were skull-stripped and the

obtained brain map was coregistered to the T1-weighted space. The latter was tissue-

segmented in grey matter (GM), white matter (WM), and cerebral spinal fluid (CSF),

and normalised to the MNI template (FSL 2mm). The MNI atlas was chosen for robust
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region and inter-subject comparisons while maintaining a balance between anatomical

specificity and statistical power, reducing the risk of overfitting in highly granular anal-

yses. The first 10 volumes of the MRI data were discarded to remove the rest portion

of the task data, and ensure that a steady state of magnetisation was achieved. After

motion realignment, the multiple echo time series were optimally combined voxelwise

by weighting each time series by its T2* value, providing a weighted average of the

time series across echoes. Multi-echo independent component analysis decomposition

was then performed on the optimally combined data using tedana [109], and man-

ual classification of the independent components was conducted by experts based on

temporal, spatial, and spectral features. The output of the multi-echo independent

component analysis included a cleaned, denoised fMRI time series in which non-BOLD

artefacts had been regressed out. Contrarily to [289], voxelwise denoising was applied

via nuisance regression before subsequent data analysis. The set of nuisance regressors

included: the motion realignment parameters and their temporal derivatives, Legendre

polynomials up to fourth order, and the rejected independent components from ME-

ICA which were previously orthogonalised with the accepted independent components

and the PETCO2 signal at delay time zero. This approach was chosen so that both the

VB and lGLM could be compared with the same denoising and preprocessing steps. It

should be noted that simultaneous fitting of the nuisance regressors and the regressor

of interest is preferable, but is expected to be very similar to the sequential modelling

approach [246][288].
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4.2.3 Data Analysis

Data analysis was performed using Quantiphyse, an open source analysis and visuali-

sation platform for medical imaging data, particularly well suited for quantitative and

physiological imaging methods [340]. The CVR toolbox in Quantiphyse was used for

the VB and lGLM analyses to estimate the CVR amplitude and delay maps for each

subject and session. To account for measurement delay, Quantiphyse applied a bulk

time-shift to individual PETCO2 traces, where at the time of the bulk shift corresponds

to a delay of 0 s. This time-shift was obtained by selecting the shift that yielded the

highest cross-correlation between PETCO2 trace and the corresponding average whole-

brain fMRI signal. For the lGLM approach, we established a window for the candidate

CVR delays of ± 8 s from the bulk time-shift with a 0.25 s timestep. This temporal

range was based on previous literature, which rarely reports haemodynamic delays over

± 8 s in healthy individuals, with spurious large delays most often caused by noise or

poor model fits [51][289][101]. The lGLM calculation was repeated at a higher time

resolution (with a time step of 0.025 s from -8 s to 8 s) for a representative case to

see how it impacted the lGLM delay map. The VB analysis was done with the BOLD

timeseries modelled as a scaled difference between the PETCO2 timeseries with a time

delay tdelay relative to the minimum PETCO2 with error ϵ, as shown in Equation (4.7).

BOLD(t) =
ϵ

100
·
(
1 + θCV R(PETCO2(t− tdelay)−min(PETCO2(t))

)
(4.7)

The VB analysis used 10 iterations, starting with wide non-informative priors. The

prior distribution for the CVR was P (θ) ∼ N(1, 2000), and the prior for the delay was
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P (t) ∼ N(0, 100).

4.2.4 Statistical Analysis and Repeatability

All CVR and delay maps were co-registered to the MNI152 template using the ANTs

tool and nearest neighbour interpolation [145]. A revised linear mixed effects (LMEr)

model was then applied voxelwise, taking into account variability within and across

subjects [70]. The LMEr model was formulated as presented in Equation (4.8) where

V ar represents the variable CVR or delay of each voxel.

V ar ∼ model + (1|subject) + (1|session) (4.8)

Z-scores produced by the LMEr calculation were thresholded to investigate statistical

significance, defined as cluster-corrected p-value < 0.01. Cluster correction was applied

to control for multiple comparisons and reduce the likelihood of false positives, ensuring

that significant findings reflect spatially coherent effects rather than isolated statistical

noise.

Additionally, to directly compare the outputs of the two methods, we fit a voxelwise

linear model to the comparison plots of methods for the CVR and delay values respec-

tively. This model assessed the correspondence between the methods and quantified

the degree of agreement.

The repeatability of the CVR and delay maps for each method was assessed by com-

puting the intraclass correlation coefficient (ICC) considering two-way random effects,

absolute agreement, and a single measurement (ICC(2,1)) with AFNI’s tool 3dICC
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[72][220]. The ICC(2,1) is calculated as shown in Equation (4.9) where MSsub is the

mean square for subjects, MSses is the mean square for sessions, MSn is the mean

square for residuals, k is the number of sessions, and n is the number of subjects [378].

ICC(2, 1) =
MSsub −MSn

MSsub + (k − 1)MSn +
k
n
(MSses −MSn)

(4.9)

Note that a high ICC score (up to 1) indicates high repeatability, where intrasubject

variability is lower than intrasession variability. For fMRI studies, an ICC score below

0.40 is considered poor, 0.40-0.59 is considered fair, above 0.60-0.74 is good, and above

0.75 is excellent [16][82][111].

The ICC analysis was first conducted voxelwise across the lGLM and VB maps for

both methods. A regional analysis was also performed using the MNI-maxprob-thr25

brain atlas at 2.5 mm in FSL [88], [270], applied to the standardised CVR and delay

maps. The ICC scores were calculated from the mean and median values within each

region across all subjects and sessions.

4.3 Results

Four subjects were excluded due to incomplete PETCO2 traces in one or more of the

10 sessions. Excluded traces were most often the result of inadequate execution of the

exhalations preceding and following the BH which prevented accurate determination

of the PETCO2 traces.
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4.3.1 Cerebrovascular Reactivity and Delay Maps

The CVR amplitude and delay maps derived for a representative subject and session

are presented in Figure 4.1 and Figure 4.2, respectively, for each method. Figures

showing the CVR and delay maps for the same subject across all sessions with both

methods are available in Figure A.1 and Figure A.2 of Appendix A.

Figure 4.1: CVR amplitude maps obtained using the lagged-GLM (lGLM) and varia-
tional Bayesian (VB) analyses for representative subject 002 and session 04.

Figure 4.2: CVR haemodynamic delay maps obtained using the lagged-GLM (lGLM)
and variational Bayesian (VB) analyses for representative subject 002 and session 04.

Scatter plots comparing the CVR values derived by both methods of a representative

session are presented in Figure 4.3 along with the best fit line corresponding to y =

0.93x − 0.0002 and a Pearson R of 0.98. The same comparison for the delay maps
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are presented in the top plot of Figure 4.4. The lGLM delay map calculation was

repeated at a higher time resolution (with a time step of 0.025 s from -8 s to 8 s) for

the representative case and the scatter plot comparison is presented in the bottom plot

of Figure 4.4. The best fit line for both delay value comparisons corresponds to the

equation y = 0.36x− 0.35 and a Pearson R of 0.34. The least sum of absolutes fit for

the CVR, and both delay maps correspond to Spearman rho constants of 0.94 and 0.65

respectively.

Figure 4.3: Scatter plot of CVR amplitude values obtained using the variational
Bayesian (VB) method as a function of those obtained using the lagged general lin-
ear model (lGLM) approach for representative subject 002 and session 04. The least
squares fit line is plotted in red which corresponds to the equation y = 0.93x− 0.0002
and a Pearson R of 0.98. The least sum of absolutes fit of this data corresponds to a
Spearman rho constant of 0.94. The y = x line is plotted in green.

106



Chapter 4 - Bayesian Modelling for BH Induced CVR

Figure 4.4: Scatter plots of haemodynamic delay values obtained using the variational
Bayesian (VB) method as a function of those obtained using the lagged-GLM (lGLM)
approach for representative subject 002 and session 04. The scatter plots show the
lGLM delay values calculated using a 0.25 s timestep (top) and a 0.025 s timestep
(bottom). The least squares fit line is plotted in red which corresponds to the equation
y = 0.36x−0.35 and a Pearson R of 0.34 for both timesteps. The least sum of absolute
fits of these comparisons both correspond to a Spearman rho constant of 0.65.

To test the time-efficiency of each method, the analysis of a subset of the data was

timed on a shared high-performance computer with an Intel Xeon CPU with 32 cores

and 132 GB of RAM. For 10 sessions, the VB method took 69 mins and the lGLM

method took 130 mins. We expect the computation cost to scale with the number of

sessions because no parallelisation was implemented.
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4.3.2 Statistical Analysis

The results of the revised linear mixed effects (LMEr) analysis are presented in Fig-

ure 4.5. Notably, the CVR difference range (-0.03 to 0.03 percent/mmHg) is much

smaller than the full CVR value range (-0.6 to 0.6 percent/mmHg). The LMEr delay

difference range (-1 to 1 s) is similarly small compared to the full delay range (-8 to

8 s). There are no statistically significant differences between the CVR values of the

lGLM and VB methods in grey matter (using p < 0.01, FDR corrected). Statistically

significant differences between the methods (p < 0.01, FDR corrected) are apparent

in white matter and CSF, especially around the ventricles. P-values were adjusted for

control of false discovery rate (FDR) [33], and then compared against an alpha of 0.01

to determine significance. The thresholded z-score maps for the CVR and delay LMEr

comparison are available in Figure A.3 of Appendix A.
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Figure 4.5: Revised linear mixed effects (LMEr) pairwise comparison between the
lagged-GLM (lGLM) and variational Bayesian (VB) analyses. Note that the CVR
difference range (-0.03 to 0.03 percent/mmHg) is much smaller than the overall CVR
value range (-0.6 to 0.6 percent/mmHg). Similarly, the LMEr delay difference range
(-1 to 1 s) is much smaller than the full delay value range (-8 to 8 s).

4.3.3 Repeatability

4.3.3.1 Voxelwise Repeatability

The ICC scores in the CVR amplitude maps are presented in Fig. 6 and indicate a

high repeatability with higher inter-subject variability than intrasubject variability in

both methods. Poor repeatability (< 0.4) is illustrated for the delay maps for both

methods, attributed to high variability in fitting this parameter and differences in bulk

shifts between sessions.
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Figure 4.6: Intraclass correlation coefficient ICC(2,1) maps of CVR amplitude (left)
and delay maps (right) for the lagged-GLM (lGLM) and variational Bayesian (VB)
methods in grey matter and white matter. The maps are thresholded at 0.4 since
scores lower than it indicate poor repeatability. The bottom row depicts the whole
brain distributions of ICC scores across voxels for CVR amplitude (solid lines) and
delay (dashed lines) for the lGLM (red) and VB (blue) methods.

4.3.3.2 Regional Repeatability

The regional ICC scores for both methods are presented in Table 4.1 using the mean

and median values within each region. Notably, a handful of outliers using the lGLM

method skewed the mean value in some regions, significantly reducing the ICC score

(denoted by * in Table 4.1). The median was used to remove the effect of outliers. The

group-level mean and median CVR and delay values for both methods in each region

are available in Table A.1 of Appendix A.
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Table 4.1: Regional intraclass correlation coefficient ICC(2,1) values of the CVR am-
plitude and delay maps for lGLM and VB methods in 8 MNI-atlas regions of the brain.
*denotes regions containing significant outlier values in the mean calculation.

ICC(2,1) CVR ICC(2,1) Delay

lGLM VB lGLM VB

Regions Mean Median Mean Median Mean Median Mean Median

Caudate 0.71 0.73 0.67 0.61 0.31 0.24 0.51 0.41
Frontal Lobe 0.58 0.76 0.70 0.70 0.22 0.20 0.13 0.27
Insula 0.76 0.74 0.74 0.70 0.12 0.15 0.32 0.43
Occipital Lobe 0.50 0.69 0.51 0.62 0.41 0.44 0.47 0.58
Parietal Lobe* 0.10 0.78 0.70 0.74 0.38 0.39 0.12 0.31
Putamen 0.73 0.66 0.69 0.56 0.28 0.24 0.56 0.61
Temporal Lobe* 0.20 0.61 0.57 0.47 0.20 0.26 0.44 0.58
Thalamus 0.57 0.58 0.55 0.53 0.10 0.13 0.38 0.50

4.4 Discussion

In this study, we compared two modelling approaches, lagged-GLM (lGLM) and varia-

tional Bayes (VB), to estimate CVR amplitude and delay maps based on BOLD-fMRI

data acquired during a BH protocol. To the authors’ knowledge, this is the first time

these approaches have been compared in the context of CVR and delay mapping using

multi-echo BOLD-fMRI.

Regarding our BOLD-fMRI data preprocessing, multi-echo independent-component

analysis denoising was used to remove components exhibiting noise-like signal decay

patterns across echos [109]. An optimal combination of the echos was used as it has

been shown to improve BH-induced CVR mapping sensitivity, specificity, repeatability,

and reliability [87]. For both modelling approaches, a conservative nuisance regression

approach was used prior to the CVR fitting to preserve the BOLD variance associated

with local CVR responses while still adequately removing noise-related effects from the
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time series [289]. The PETCO2 signal was not convolved with an HRF in the CVR

mapping presented here as this was assumed to play a negligible role at the time-scale

of a 20 s BH. A recent study showed that when computing CVR amplitude and delay

maps, using a PETCO2 regressor without an HRF convolution performed very simi-

larly to a single-gamma HRF convolution and performed better than convolving with

a canonical (double-gamma) HRF [100]. However, a previous study showed that con-

volution with a canonical (double-gamma) HRF explained significantly more variance

in CVR than without convolution, although haemodynamic delay was not considered

[294].

The main difference between the lGLM and VB modelling strategies is that the VB

method treats the inputs and outputs as probability distributions, and simultaneously

fits the CVR amplitude and temporal delay parameters. Visually comparing the maps

derived using the lGLM and VB methods indicates that the output CVR maps are very

similar between methods. The LMEr analysis confirms that the CVR amplitude maps

do not show statistically significant differences between methods in grey matter (using

p < 0.01, FDR corrected). Within these grey matter regions, the CVR values are highly

comparable to results from previous studies that also take regional haemodynamic

delays into account [247][289][329]. White matter and CSF show statistically significant

differences between methods (p < 0.01, FDR corrected), likely illustrating that the VB

and lGLM methods treat low SNR voxels differently. This is also seen in the scatter

plot comparison where low signal voxels result in low CVR amplitude values in the

lGLM method, but are close or equal to zero in the VB method.

The LMEr of the delay maps shows a variation of ± 1 s of the mean whole-brain delay
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time between methods. The scatter plot comparison of the delay maps showcases how

the discrete time step in lGLM approach forces all estimates into bins as opposed to

allowing for a continuous distribution. At the expense of computational resources, this

was improved by increasing the time step in one representative subject (illustrated in

Figure 4.4). Notably, in comparing the delay values for both methods, the VB method

forces more voxels towards a delay of 0 s, attributed to the prior distribution reverting

low SNR voxels to the prior distributions. Consistent with previous studies, we find

considerable variations in the delay across the brain with both methods, supporting

the use of modelling strategies that include temporal aspects of the CVR response

[13][51][234].

The voxelwise and regional CVR ICC scores in this analysis are similar to previous work

and illustrate high repeatability for both methods [52][261][289][329]. The regional ICC

values of the CVR amplitude for the VB method (Mean: 0.51-0.74; Median: 0.47-0.74)

are all above 0.4, considered the acceptable minimum in fMRI studies [16][82][111].

The regional ICC values for the lGLM method (Mean: 0.10-0.76; Median: 0.58-0.78)

highlighted large outliers that skewed the mean and resulting ICC scores in the parietal

and temporal lobes, while all other regions are above 0.4. This issue was overcome by

using the median CVR values within each region, which brought all ICC values above

0.4 (fair) and most above 0.6 (good). The ICC values are comparable to previously

reported regional CVR ICC, notably showing higher repeatability in the frontal and

parietal lobes, and lower repeatability in the parietal and temporal lobes (Bright and

Murphy, 2013).

The voxelwise ICC scores of the delay map are lower than previously reported [289].
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Fewer subjects were included in our analysis compared to [289], which is expected to

have altered the results of the repeatability assessment. Furthermore, we are using

a different ICC test model since in [289], the t-statistic maps associated with the

estimation of the CVR using the lGLM method were attributed to the delay values

and were included in their ICC calculation [71][289]. The t-statistics were excluded

from the repeatability comparison for fairness to both methods since t-statistic maps

are not currently calculated during the VB implementation in Quantiphyse. Without

the t-statistic, both the lGLM and VB methods show good repeatability in CVR maps,

but poor repeatability in the delay maps, likely due to high-variance estimates between

sessions from the ICC calculation itself as a result of session-specific temporal shifts.

The regional delay ICC results for the VB method (Mean: 0.12-0.56; Median: 0.27-

0.61) and lGLM method (Mean: 0.10-0.41; Median: 0.13-0.44) range from fair (ICC

> 0.4) to poor ICC levels (ICC < 0.4). Notably, the regional delay repeatability is

higher than the voxelwise repeatability as it averages over noisy voxels. Fair delay

repeatability was found in the caudate, insula, occipital lobe, putamen, temporal lobe,

and thalamus when using the median VB-derived values. Only the occipital lobe

showed fair repeatability when using the lGLM-derived delay values.

Both methods reported primarily positive CVR amplitude values in GM; however,

negative CVR values are visible in WM and CSF. This negative CVR might originate

from inaccurate modelling in noisy voxels with reduced CVR-related changes and /

or other flow and volume changes (e.g., CSF). The vascular steal effect has also been

reported as an underlying physiological cause of negative CVR, which may be used

as a biomarker of pathology [333]. The vascular steal phenomenon occurs when a
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stimulus results in redistribution of blood flow from regions of exhausted vasodilatory

capacity to areas with preserved cerebrovascular reserve. However, vascular steal does

not appear to be an expected physiological event in the absence of pathology [17], and

due to the consistent pattern of negative CVR values in the WM and CSF in all healthy

subjects, the negative CVR voxels are likely not caused by this effect. However, the

mechanisms behind negative CVR in specific brain tissues in healthy subjects are not

yet explained; hence, further work is still required to validate this observation.

Practically speaking, the VB method can be more time-efficient at scale as it fits the

CVR and delay simultaneously, while the lGLM approach requires several GLMs to

assess both parameters. Additionally, the lGLM approach uses a step-fit and requires

the user to select the delay range and step size a priori. To illustrate this, the analysis

of a subset of the data was timed on a shared high-performance computer and demon-

strated a more than 80 % increase in performance of the VB method compared to the

lGLM method. We expect the computation cost to scale with the number of sessions

since no parallelisation was implemented. To approach the continuous distribution of

delay values generated by the VB modelling, the lGLM method will take exponentially

more time, as the model recomputes a GLM for each voxel at each specified delay value

in a discreet manner.

Another approach to estimating CVR delays is the Rapidtide package, which applies a

phase optimisation algorithm to determine voxelwise haemodynamic delays in a con-

tinuous manner [410]. Unlike the lGLM method, which assesses delays at predefined

intervals, Rapidtide estimates delays without requiring a priori step sizes, potentially

improving sensitivity to fine-scale variations in vascular response timing. Integrating
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such methods could offer an alternative means of accounting for CVR delays alongside

the Bayesian approach.

When using Quantiphyse, the denoising and voxelwise response estimation could not

take place simultaneously since multiple regressors are not yet implemented. Simulta-

neous regression has previously been shown to improve output precision as it ensures

that the degrees of freedom and the interactions between regressors are accounted for

[200][246]. This is a difference from [288] and [289] which showed that simultaneous

modelling is more appropriate to account for potential correlations between modelling

regressors in BOLD-fMRI. Future implementations of Quantiphyse could address this

by allowing for multiple regressors.

4.4.1 Limitations

Despite the advantages of the VB approach, several limitations should be acknowledged

in this study. First, while the Bayesian framework allows for incorporating prior infor-

mation, we employed wide, non-informative priors, making this work an initial proof of

concept rather than a fully optimised implementation. The primary motivation behind

this was to allow the priors to be generalisable to participants with a wide range of de-

mographics and ages, and not to bias the CVR fitting. However, future studies should

explore the integration of physiologically informed priors, which could help constrain

parameter estimates and improve the accuracy of CVR amplitude and delay mapping.

Furthermore, while the VB method improves computational efficiency compared to the

lGLM approach, it does not yet account for more complex noise models, which could

impact CVR estimation, particularly in regions with lower SNR such as white matter
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and CSF [69]. Incorporating noise priors could be a valuable next step to enhance

the robustness of the model. This may be particularly useful for analysing task-based

functional MRI data, where changes in stimuli and tasks may introduce different levels

of noise throughout an acquisition. In the case of noisy data, variance maps can be

calculated during the VB method and may be useful to assess the confidence in the VB

model fit, however minimal trends were found to distinguish between tissue types or

SNR in the CVR or delay maps and were not used in this analysis (see Figure A.4 of

Appendix A). More research on confidence metrics on both the VB and lGLM methods

is warranted, as it would benefit their clinical and research utility.

As in the case of both VB and lGLM approaches, linear models are the most common

form for generating CVR maps [381]. However, CVR has a sigmoidal non-linear relation

to PETCO2, and BH-induced hypercapnia can also have a complex shape in terms of

temporal and amplitude responses through the brain due to multiple physiological

factors [38][261]. Accounting for these non-linear components is an important next

step to improve the full characterisation of the CVR response, and demonstrates a

potential benefit of the VB approach which can be expanded to allow for non-linear

modelling.

Additionally, when comparing the VB and lGLM estimates, we used the sum of squared

differences to quantify voxelwise disagreement. While commonly used, this metric

assumes all variance lies in the dependent variable (the VB method in our case), treating

the lGLM as the reference method ("ground truth") and did not account for error

in both estimates. Since both VB and lGLM outputs contain uncertainty, this may

underestimate total variance.
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Finally, our study analysed a limited number of participants (N = 6), and while re-

peated measures were used to assess repeatability, future work should validate these

findings in larger cohorts, including patients with cerebrovascular disease, to assess the

generalisability of the VB method to clinical populations.

4.4.2 Implications for Clinical Practice

The ability to accurately map CVR is increasingly recognised as a valuable tool in

clinical diagnostics and treatment planning, particularly for conditions affecting cere-

brovascular health such as stroke [221][263], neurodegenerative diseases [142][397][59],

and traumatic brain injury [81][89][295]. The findings of this study suggest that the

VB approach offers a computationally efficient alternative to traditional GLM-based

methods, providing simultaneous estimation of CVR amplitude and delay without re-

quiring multiple GLM iterations. By improving CVR quantification and reducing com-

putational burden, this method has the potential to facilitate the integration of CVR

mapping into routine clinical MRI protocols.

In addition, accounting for haemodynamic delays is critical in clinical settings where

delayed vascular responses may indicate cerebrovascular pathology, such as in patients

with carotid artery stenosis or small vessel disease. The Bayesian framework provides

a flexible modelling approach that could be further extended to incorporate non-linear

effects and patient-specific priors, potentially improving diagnostic precision and treat-

ment monitoring in cerebrovascular disorders. Future work will aim to validate this

method in clinical populations and explore its utility in detecting early cerebrovascular

impairment.
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4.5 Conclusion

Both lGLM and VB modelling strategies provide robust CVR amplitude and delay

maps for breath-hold BOLD-fMRI data, with no statistically significant differences ob-

served between them in grey matter. Noteworthy distinctions are apparent for low CVR

amplitude, attributed to how each method addressed noisy voxels, particularly in white

matter and cerebral spinal fluid. The CVR mapping was found to be highly repeatable

for both methods. Despite higher variability in the haemodynamic delay maps between

sessions for both methods, the VB method exhibited fair repeatability in more regions

than the lGLM method. Furthermore, the VB method estimated a continuous delay

map, which is discrete for the lGLM method, and with a delay timestep of 0.25 s, the

VB estimation performed 80 % faster than the lGLM. More research is still required

to identify goodness-of-fit and confidence metrics for both approaches, as well as to

discriminate against low SNR voxels. Future work will include implementing different

physiologically relevant priors and incorporating non-linear modelling into Bayesian

CVR modelling. This study underscores the utility of variational Bayesian modelling

for CVR mapping, emphasising its potential to interpret BOLD-fMRI dynamics in

cerebrovascular health studies and clinical applications.

Data Availability

The methods pipeline for this analysis is available at https://github.com/genhayes/

vbayes_lglm_cvr_pipeline, and all MRI images, physiological data, and manual clas-

sification used in this study are available on OpenNeuro [288]. Original preprocess-
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ing and analysis scripts are available at https://github.com/smoia/EuskalIBUR_

dataproc. Additional tutorials explaining how to use Quantiphyse are available at

https://github.com/physimals/quantiphyse.
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5 | Ramp Protocol for Non-linear Cerebrovascular

Reactivity with Transcranial Doppler Ultrasound

Preface

This chapter introduces a novel ramp-based approach for capturing the non-linear

aspects of cerebrovascular reactivity (CVR) using transcranial Doppler ultrasound.

By systematically driving end-tidal CO2 levels from hypocapnia to hypercapnia, the

study reveals sigmoidal vascular responses that are poorly captured by conventional

linear models. Leveraging both least squares regression and Bayesian methods, the

chapter demonstrates that non-linear modelling offers a more physiologically faithful

quantification of cerebral blood flow dynamics. These findings underscore the feasibility

of a low-cost, accessible protocol with significant potential for clinical translation.

This chapter was published as:

G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, "Ramp protocol for non-linear

cerebrovascular reactivity with transcranial doppler ultrasound," J. Neurosci.

Methods, vol. 416, p. 110381, 2025. doi: 10.1016/j.jneumeth.2025.110381

A subset of these results was presented at the following conference:

G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, “Evaluating the nonlinear dy-

namics of cerebrovascular reactivity with transcranial doppler ultrasound,” Or-

ganisation for Human Brain Mapping (OHBM), Jun. 2024, Seoul, South Korea.
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By highlighting the limitations of traditional linear CVR assessments and showcasing

a scalable, cost-effective alternative, this work opens new avenues for detailed investi-

gation of cerebrovascular function in both research and clinical settings.

Author Contribution Statement

G. Hayes contributed to the study concept and design, recruitment, and led the data

acquisition, analysis and interpretation, and writing of the manuscript. S. Sparks

contributed to data acquisition, recruitment, and critical revision of the manuscript.

J. Pinto contributed to ethics approvals, study design, data acquisition, and critical

revision of the manuscript. D. P. Bulte developed the original study concept and

design, and contributed to critical revision of the manuscript, and study supervision.

All authors read and approved the final manuscript.

Abstract

Cerebrovascular dynamics are vital for maintaining brain health and can be evaluated

using cerebrovascular reactivity (CVR), the ability of blood vessels to adjust their di-

ameter in response to vasoactive stimuli. CVR is commonly assessed using a two-point

measurement that assumes a linear relationship between cerebral blood flow and arte-

rial CO2, however this neglects plateaus at the extremes of the CO2 spectrum. This

study introduces a cost-effective end-tidal CO2 (PETCO2) ramp protocol to assess the

non-linear aspect of CVR by monitoring blood velocity responses to increasing levels of

arterial CO2 using transcranial Doppler ultrasound. All eleven participants completed
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the protocol with an average PETCO2 of 26 ± 4 mmHg from hypocapnia to hyper-

capnia and blood velocity range of -29 % to +50 % relative to baseline. Non-linear

CVR characteristics were observed across all subjects. Sigmoid models provided sig-

nificantly better fits than linear models and Bayesian approaches appeared to follow

expected physiological ranges more accurately than least squares regression strate-

gies. This study demonstrates the effectiveness of the ramp PETCO2 protocol and

non-linear CVR modelling. Given the high completion rate, simple implementation,

and low equipment cost, these methods and models hold promise for more accurate

quantification of CBF dynamics with significant potential for clinical application.

5.1 Introduction

Cerebrovascular reactivity (CVR) describes the capacity for blood vessels in the brain

to constrict and dilate in response to vasoactive factors. This metric can be measured

by applying a vasoactive stimulus, such as voluntary breathing tasks, gas inhalation

protocols, or an acetazolamide injection [252][328][351], and measuring the concomitant

blood flow changes with a non-invasive imaging modality such as magnetic resonance

imaging (MRI) or transcranial Doppler ultrasound (TCD).

MRI-based techniques, such as blood-oxygen-level-dependent (BOLD) and arterial

spin labelling (ASL) imaging, offer high spatial resolution to non-invasively map CVR

[328][381]. However, TCD provides a simpler, widely available, and cost-effective alter-

native, enabling the measurement of blood velocity in major cerebral arteries [55][271].

Hypercapnia induced by inhaling gas mixtures with elevated CO2 content is a common

123



Chapter 5 - Ramp Protocol for Non-linear CVR with TCD

method to elicit CVR. This increases the partial pressure of arterial CO2 (PaCO2),

typically estimated via end-tidal CO2 (PETCO2) measurements. While many studies

calculate CVR using a two-point approach, one measure at baseline and another during

hypercapnia, this method assumes a linear relationship between PaCO2 and cerebral

blood flow (CBF) [52][381][466]. However, at the end ranges of PaCO2 levels, both

hypo- and hypercapnia, the relationship between CO2 and CBF exhibits non-linear

characteristics, often plateauing due to maximal vasoconstriction or vasodilation. This

plateau effect indicates that beyond certain CO2 thresholds, further changes in CO2 do

not elicit corresponding changes in CBF resulting in a non-linear relationship between

PaCO2 and blood flow. Progressive changes in CO2 have indeed demonstrated the

sigmoidal nature of CVR in healthy subjects [31][38][85][350].

Existing methods for eliciting and measuring non-linear CVR responses have primar-

ily relied on rebreathing protocols, computerised targeted end-tidal forcing systems,

and sequential gas delivery methods. These approaches often involve progressive CO2

challenges to map CBF responses, leveraging techniques such as TCD or MRI for assess-

ment [31][38][85][117][126][350][383]. While effective, these protocols often require spe-

cialized equipment and complex methodologies, limiting their accessibility for broader

clinical and research applications. Current non-linear models of CVR commonly utilize

a 4-parameter logistic regression to capture physiologically relevant features, such as

maximum and minimum CBF responses, the inflection point of CO2 sensitivity, and

the slope in the linear response region [31][38][85][117]. Alternative approaches, such as

biphasic linear fits or circuit analysis models, have also been applied to delineate CVR

response types or vascular bed resistances under progressive CO2 challenges [126][107].
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Despite these advances, asymmetric sigmoid models, which may account for differen-

tial mechanisms governing cerebral blood vessel dynamics at their smallest and widest

calibres, remain unexplored in CVR research.

Motivating our research is the need for more clinically relevant and broadly applicable

measures of CVR. The two-point measure, a common surrogate for CVR, fails to cap-

ture the complex shape and orientation of the full CVR response, which may limit its

diagnostic and therapeutic utility. For example, a shift in baseline CBF reserve or a

change in the amplitude or speed of the CVR response could signify distinct pathologi-

cal mechanisms, yet these nuances remain indistinguishable with a simplified measure.

Linear models, while useful, are inherently limited as they rely on a single parameter,

slope, to indicate dysfunction. In contrast, non-linear models can account for multiple

parameters, such as the inflection point between lower and upper plateaus, the range

of the response, and the baseline offset, which may provide deeper insights into the

nature of dysfunction and improve our understanding of vascular responses in differ-

ent pathologies. Given the association of altered CVR with conditions such as stroke,

cognitive decline, and traumatic brain injury, advancing our ability to assess these

dynamics comprehensively is critical [81][89][221][263][295][18]. While further research

is needed to validate these applications, capturing the full spectrum of CVR dynam-

ics without the need for complex protocols or equipment could ultimately enhance

diagnostic precision and support the development of tailored therapeutic strategies.

In our study, we aim to address these limitations by presenting a cost-effective and

widely accessible protocol for eliciting non-linear CVR responses using a combination

of voluntary breathing techniques and gas stimuli. We measure the resulting CBF
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changes in the middle cerebral artery (MCA) using TCD, providing a robust and

practical approach to characterizing cerebrovascular dynamics. In addition, we evaluate

and compare multiple modelling strategies, including 4-parameter (symmetric) and

5-parameter (asymmetric) sigmoidal models, to capture the full spectrum of CVR

responses. By incorporating least-squares regression and Bayesian methods, we aim to

identify an accurate and clinically relevant approach to modelling CVR.

5.2 Materials and Methods

5.2.1 Ethical Approval

All experimental procedures and protocols were approved by the Medical Sciences

Interdivisional Research Ethics Committee (MS IDREC) of the University of Oxford’s

Central University Research Ethics Committee (CUREC), all of which conformed with

the Declaration of Helsinki. Written informed consent was obtained for all participants

before taking part in the study.

5.2.2 Data Acquisition

A total of 11 healthy participants (5 female, 33 ± 9 years of age) were included in

this study. All participants were non-smokers with no history of psychiatric or brain

disorders, hypertension, diabetes, or cardiovascular disease. The sample size of 11

subjects was chosen based on precedent set by similar studies employing non-linear

CVR methods, which have typically used sample sizes ranging from 8 to 18 subjects

[31][38][85][37][126].
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To characterise the dynamics of the cerebral blood flow response to the novel CVR

protocol, blood flow velocity in the left MCA was measured continuously using a 2

MHz probe and clinical TCD (7760EN Doppler-BoxX Digital, Compumedics DWL).

Along with transmission gel, the TCD probe was placed on the transtemporal window

and was secured using an adjustable headset. The location and angle of the probe

was changed until a consistent blood flow velocity was achieved with a high signal-

to-noise ratio. All TCD data were acquired by a single trained operator to ensure

consistency and minimize operator-dependent variability. Signal quality was confirmed

qualitatively by the trained operator, ensuring stable, pulsatile waveforms with clear

spectral delineation of systole and diastole, and high peak-to-background amplitude.

A thin nasal cannula placed into both nostrils was used to sample CO2 and O2 levels

in respired air and an infrared gas analyser (ML206, ADInstruments). The CO2, O2,

and TCD signals were recorded using a PowerLab 8/35, 8 Channel recorder (PL3508

ADInstruments) and accompanying LabChart Software.

Inspired gases were delivered using a custom gas delivery system built in-house at

the University of Oxford [388]. The setup consisted of a disposable non-rebreathing

anaesthetic face mask (Model 1181015, Intersurgical EcoLite Oxygen Mask) placed over

the participant’s nose and mouth, secured using a head strap. Unidirectional silicon

membranes on either side of the mask allowed exhaled air to escape the mask while

being sealed during inhalation and a medical-grade respiratory filter (Model 1644007,

Clear-Guard Midi Low Volume Breathing Filter) was placed at the junction of the

disposable circuit and the permanent fixtures to prevent cross-contamination. On the

permanent side of the filter, a short length of tubing attached to two interconnected
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Y-pieces where respiratory gas mixtures could be delivered one at a time at 15 L/min.

The gas cylinders, each fitted with a pressure regulator and flow meters, were operated

by hand, following a predefined ramp protocol.

The ramp protocol consisted of 3 repetitions of 5 deep breaths, followed by 30 s of

regular breathing on synthetic medical air (21 % O2 / 79 % N2), 40 s breathing a 5

% CO2 balanced gas mixture (BOC Group, Linde, Surrey, UK), and 40 s breathing

a 10 % CO2 balanced gas mixture (BOC Group, Linde, Surrey, UK). A diagram of

the protocol is illustrated in Figure 5.1. The deep breathing instructions were given

verbally and the participants were notified when the gases were changed and for the

last 10 s of breathing the 10 % CO2 gas mixture. Participants were trained prior to

starting the ramp protocol to take full deep breaths without pauses and were allowed

to test breathing the different gases. This testing time was also used to check for leaks

at the mask-face interface identified via the capnometry trace which were plugged with

additional rubber fittings if needed.

Figure 5.1: Ramp paradigm diagram consisting of A) 5 deep breaths, B) 30 s of air, C)
40 s of air with 5 % CO2, and D) 40 s of air with 10 % CO2. The full ramp protocol
consisted of 3 repeats of this sequence.
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5.2.3 Data Analysis

5.2.4 Preprocessing

The CO2, O2, and TCD data were acquired at 200 Hz. Data processing and analysis

was performed using custom scripts in Python 3.10.8. The raw TCD outputs were

converted to cm/s using a calibration factor of 202.07 cm/s/V based on the DWL

software, where V denotes the voltage output between 0 and 1. Values below 14 cm/s

were removed as they corresponded with bottoming out of the TCD signal. The gas

signals were converted from percent to mmHg using a conversion factor derived from

the acquisition-day 12.00 PM atmospheric pressure in Oxford, UK [113].

A rolling mean of the MCA velocity (MCAv) was applied across the pulsatile signal.

The end-tidal peaks in the CO2 and O2 time-courses were selected automatically. To

account for measurement delay, a bulk shift was applied to each PETCO2 trace to

maximise its cross-correlation with the mean MCAv signal. To account for equipment

and physiological delays, a manual shift (mean across subjects of -16 ± 8 s) was applied

to align each participant’s PETCO2 trace with their MCAv trace. A low-pass filter

was applied to the MCAv and PETCO2 time courses with a window size of 50 samples,

corresponding to a time window of 0.25 s at the sampling rate of 200 Hz, corresponding

to an effective cutoff frequency of 2 MHz. The filter was implemented using the rolling

mean method in Python’s Pandas library, which calculated the rolling average over

the specified window size [405]. This approach smoothed high-frequency noise while

preserving the physiological signal’s key characteristics. MCAv was normalised relative

to the mean MCAv during the baseline period (breathing air) to account for any
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variations in probe angle relative to the MCA. Only the 3 ramp-up, blood vessel dilation

components of the protocol were isolated for further analysis since the dynamics for

dilation and constriction may not be the same [472]. This approach was chosen to

prioritize consistency in the modelling process and reduce potential variability.

5.2.5 Model Fitting

CVR was characterised by fitting 4-parameter and 5-parameter sigmoid models to the

MCAv vs. PETCO2 data for each subject as shown in Equation (5.1) and Equa-

tion (5.2) respectively. In these equations, ’a’ represents the minimum blood velocity

(bounded between 0<a<1 a.u.), ’b’ represents the slope of the linear region (0<b<20

mmHg/a.u.), ’c’ describes the PETCO2 value for the inflection point (0<c<60 mmHg),

and ’d’ is the span of the blood velocity (0<d<4 a.u.) [38][85]. It should be noted

that the inflection point in the sigmoid model represents the CO2 level corresponding

to the steepest slope of the curve, marking the transition between lower and upper

plateaus, irrespective of the specific CO2 inhalation conditions. The 5th parameter

in Equation (5.2), ’s’, is an asymmetry parameter that allows the lower and upper

plateaus to occur at different rates (0.1<s<10 a.u.).

y = a +
d

1 + e
(c−x)

b

(5.1)

y = a + (
d

1 + e
(c−x)

b

)s (5.2)

Fitting of these models was done using a least-squares regression (LSR) method with

SciPy [426] and a Bayesian nested sampler method with the python package Bayesic-
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Fitting [213]. Gaussian priors were used for the parameters in the Bayesian fitting

approach, defined by a mean and standard deviation with ’a’ ∼N(0.3 ± 0.15 a.u.), ’b’

∼N(10 ± 5 mmHg/a.u.), ’c’ ∼N(35 ± 4 mmHg), ’d’ ∼N(2.5 ± 0.5 a.u.), ’s’ ∼N(1 ±

0.5 a.u.).

5.2.6 Statistical Analysis

To compare the goodness of fit of the models to the data, the Bayesian information

criterion (BIC) was calculated for all the models based on Equation (5.3) [370].

BIC = n · log(RSS

n
) +K · log(n) (5.3)

In the calculation of the BIC, n is the number of data points, RSS is the residual sum

of squares error, and K is the number of model parameters. Here a lower BIC value

indicates a closer fit to the true model and favours model simplicity (fewer parameters)

to avoid overfitting.

5.3 Results

All 11 participants completed the full protocol. A few participants reported noticing a

slight difference in smell/taste and feelings of breathlessness during the protocol, no-

tably especially during the 40 s of 10 % CO2 gas mixture. None-the-less, all participants

responded that they would still be comfortable to repeat the study.

The TCD blood velocity measure and CO2 trace for a representative subject is shown

in Figure 5.2. The rolling mean blood velocity signal, MCAv, is overlaid on the TCD
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signal, and the PETCO2 points and interpolation are overlaid on the CO2 signal.

Figure 5.2: TCD blood velocity (black, top) and CO2 trace (blue, bottom) during the
ramp protocol for a representative subject. The rolling mean of the blood flow velocity
is overlaid in red (top). The end-tidal CO2 points are represented by green stars and
the interpolation between those points is shown in red (bottom). Sub-007.

The range in PETCO2 throughout the ramp protocol varied somewhat between sub-

jects due to differences in the seal of the mask, breathing rate and depth as well

as individual metabolism. On average, the maximum and minimum PETCO2 values

reached were 52 ± 2 mmHg and 27 ± 4 mmHg respectively, with a mean PETCO2

span of 26 ± 4 mmHg. The average baseline PETCO2 was 34 ± 2 mmHg. The aver-

age baseline MCAv was 32 ± 7 cm/s, and across all participants, the average MCAv

reduction during hypocapnia was 71 ± 15 % of baseline and the subsequent increase

during hypercapnia was 150 ± 23 % relative to baseline.

The MCAv is plotted as a function of the PETCO2 for each participant, presented
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in Figure 5.3, including the linear regression lines, and the 4-parameter (4p) and 5-

parameter (5p) models both fit with the LSR and Bayesian methods. It should be

noted that subject 8 illustrated a highly variable PETCO2 trace, attributed to shallow

breathing.
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Figure 5.3: MCA rolling-mean blood velocity as a function of PETCO2 (black dots) for
all subjects. Each dataset is fit with 2 models each with 2 fits: 4p LSR (blue, dashed
line), 4p Bayes (blue, solid line), 5p LSR (red, dashed line), and 5p Bayes (red, solid
line). Sub-008 was excluded due to noise and high variability.
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Bar graphs of the parameter values for each subject for the 4p and 5p models are

presented in Figure 5.4 and Figure 5.5 respectively. The values derived using the LSR

and Bayes methods are presented for both models.

Figure 5.4: 4-parameter model bar graphs for parameters a (lower plateau, top left), b
(upper plateau, top right), c (inflection point, bottom left), and d (steepness, bottom
right) for each subject fit with the LSR (blue) and Bayes (red) methods.
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Figure 5.5: 5-parameter model bar graphs for parameters a (lower plateau, top left), b
(upper plateau, top right), c (inflection point, middle left), d (steepness, middle right),
and s (symmetry, bottom left) for each subject fit with the LSR (blue) and Bayes (red)
methods.

The BIC values of the linear, 4p LSR, 4p Bayes, 5p LSR, and 5p Bayes models are

presented for each subject in Table 5.1. The subject mean and standard deviations

(with and without sub-008) are also shown. Note that a more negative BIC value

corresponds to a closer fit to the data, while accounting for the number of parameters

in the model.
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Table 5.1: Bayesian information criterion error for linear regression, 4p LSR, 4p Bayes,
5p LSR, and 5p Bayes for all subjects including the mean and standard deviation for
each model across subjects, with (red) and without (black) sub-008.

Subject Linear LSR 4p LSR 5p Bayes 4p Bayes 5p
Sub-001 -4536 -4673 -4678 -4628 -4636
Sub-002 -3159 -3775 -3806 -3767 -3766
Sub-003 -3733 -3747 -3740 -3717 -3736
Sub-004 -4144 -4098 -4091 -4095 -4089
Sub-005 -4270 -4321 -4315 -4313 -4203
Sub-006 -3447 -3751 -3755 -3740 -3725
Sub-007 -4003 -4074 -4070 -4073 -4022
Sub-008 -2008 -2000 -1994 -1997 -1989
Sub-009 -3930 -3979 -3974 -3969 -3955
Sub-010 -3912 -3946 -3940 -3938 -3833
Sub-011 -3910 -3987 -3981 -3979 -3977
Mean±SD -3732±683 -3850±671 -3849±672 -3838±666 -3812±659
Mean±SD* -3904±394 -4035±287 -4035±285 -4022±281 -3994±276

*with sub-008 removed

5.4 Discussion

In this work we present a PETCO2 ramp protocol that allows the assessment of non-

linear features of CVR with TCD. All 11 participants completed the protocol without

complications, however 3 participants noted that breathing the air with 10 % CO2

made them feel breathless.

The timing of the ramp protocol components was determined experimentally with 4

trained volunteers with the aim to find a balance between the largest feasible range in

PETCO2 while maintaining the safety and comfort of participants. The 5 deep breaths

were chosen to decrease and briefly maintain a PETCO2 below baseline. After 30 s
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of normal breathing on air, participants’ PETCO2 had returned to baseline, and after

40 s of breathing 5 % CO2, the PETCO2 values plateaued again at approximately 25

% above baseline. The 10 % CO2 was maintained for the duration that all testing

participants still found comfortable which resulted in a further increase in PETCO2 to

approximately 50 % above baseline.

The data showed minimal differences between the three ramp up segments with each

acquisition except for in 1 participant (sub-008). The variation between the ramps in

this participant is attributed to shallow breathing, resulting in PETCO2 calculations

from only partially expired breaths and significant differences in the PETCO2 values

between ramps. Due to potential inaccuracy of the PETCO2 measurements, this par-

ticipant was excluded from further statistical analysis. Noticeable differences between

participant’s MCAv responses to the ramp PETCO2 protocol are that some partic-

ipants show significantly more shouldering at the top and bottom of their response

curve than others (such as sub-002, sub-010, and sub-006). The more linear responses

(such as sub-003 and sub-004) could be due to not exceeding the linear regime for these

participants. Furthermore, sub-002 with low resting blood flow measures had a large

and fast increase in the normalised MCAv as PETCO2 increased, but a minimal reduc-

tion in blood flow during the deep-breaths. These features will be important to explore

in larger participant groups as well as between sessions of repeated measurements on

the same subject.

Non-linear CVR features were observed in the TCD data of all subjects, however

some illustrate greater plateauing than others at the top or bottom ranges of the

stimuli. The 4p and 5p models showed much closer fits to the data compared to a
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linear fit, based on significantly better BIC values for the non-linear models. Our

results indicate that the linear regime in the CVR response is highly variable between

subjects, as some individuals exhibit significant non-linear transitions or plateaus in

the vascular response curve. These findings align with previous studies showing a

sigmoidal CVR response as well as with literature showing that linear CVR metrics

can be inconsistent due to variability in vascular reactivity across populations and

experimental conditions [31][38][85][350][382][469]. The sigmoidal modelling approach

used in this study addresses these limitations by providing parameters that capture

the non-linear dynamics of vascular reactivity, such as the slope, response span, and

inflection point while still allowing for a linear regime to exist, which are critical for

understanding individualized vascular responses.

Both LSR and Bayesian methods were used to fit the non-linear models, with the

greatest difference in methodology being the incorporation of priors into the Bayesian

approach. The gaussian priors were based on the expected behaviour of the healthy

physiology and were informed by existing but limited research. All priors were given

wide gaussian standard deviations as not to over-bias the fitting based on expectations

and allow for variation between subjects. While there is limited research that clearly

defines the normal boundaries of blood flow parameters in the MCA, assumptions were

made based on other CVR and physiology studies. CBF below 50 % of baseline has

been shown to be a lower limit in the conscious brain and is very unlikely to occur,

so while the absolute lower bounds of the sigmoid (parameter a) were set at 0, the

priors for the Bayesian modelling of the lower bound were set at 30 % of baseline

[84][477]. Furthermore, based on the results of non-linear CVR mapping by Fan et al.
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and Ringelstein et al., it was assumed that the MCAv was unlikely to ever go above

300 % of baseline and the upper shoulder regime of the sigmoid occurred between 130

% to 160 % for most adults [117][350]. As a result, the maximum span of the sigmoids

(parameter d) was set to reflect no more than a 4-fold increase in blood flow from

hypocapnia and the priors for the Bayesian analysis were set to represent a 250 %

increase with a wide standard deviation of ±50 %. The bounds for the slope of the

linear regime (parameter b), inflection point (parameter c), and asymmetry parameter

(parameter s), were all set to have wide bounds, with the slope assumed to be positive,

and the priors of the inflection point set with a mean of 35 mmHg based on previous

CVR research [31][38][85][117][284].

When assessed using the Bayesian fitting, the parameters values for the 4p and 5p

models are very similar, however with the LSR fit, the values of the inflection point

(parameter b) trades off significantly with the asymmetry parameter (parameter s) in

the 5p model. The asymmetry parameter also showed significant variation between

subjects when fit with the LSR method and despite resulting in the same BIC score

(BIC = -4035 for both the LSR 4p and 5p methods), this suggests the model is over-

fitting the data. When fitted with the Bayesian method, the asymmetry parameter

stayed close to s = 1 for all subjects, suggesting that the sigmoids are quite symmetri-

cal. With the minor asymmetry parameters, the 5p model still showed a slightly worse

BIC score of -3994 compared to -4022 for the Bayes 4p model.

The Bayesian and LSR methods showed noticeable differences between the parameter

values for some, but not all subjects, especially for the minimum blood velocity (pa-

rameter a), with more minor differences between the other parameters. When assessed
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using both methods, the parameter ’c’, representing the inflection point, aligns with

previous literature where sigmoid midpoints typically sit between 36-46 mmHg, slightly

above resting PETCO2 levels [31][85][117]. Similarly, the response range (’a’ and ’d’)

is consistent with reported spans, ranging from 90-150 % change in MCAv in TCD,

but is more variable when assessed using the LSR method compared to the Bayesian

method [85][117]. Our results suggest that the range of the linear regime is variable

between participants, in some cases showing a linear regime above 10 mmHg which is

higher than previously reported [31][38][117]. With the advantage of the priors, the

Bayesian method more closely approaches the expected physiological ranges, while the

LSR method hits the parameter limits for a number of participants in which cases it

goes to unreasonable extremes to more closely fit all of the data, such as in the case of

some very high asymmetry values with the 5p model. While the LSR method achieves a

lower BIC score, this advantage is inherent to its optimization process, which explicitly

minimizes the residual sum of squares error, a key component in BIC calculation. In

contrast, the Bayesian approach is not directly optimized for this criterion, introducing

a bias in favour of the LSR method when evaluated using the BIC. None-the-less, it is

important to note that despite fitting the data as well as the physiological priors, the

Bayesian method still results in a goodness of fit comparable to the LSR method, with

a BIC of -4022 for the Bayesian 4p method and -4035 for the LSR 4p method.

It is important to note that neither method can be declared definitively more accu-

rate or unbiased in the absence of a 'gold standard' or simulation-based validation.

Instead, each approach offers unique advantages: the LSR method excels in computa-

tional simplicity and direct optimization of residuals, whereas the Bayesian approach
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incorporates prior information and generates posterior distributions, enabling richer

parameter estimation and uncertainty quantification.

5.4.1 Limitations and Future Work

With TCD allowing for high-temporal resolution blood velocity measures at a low

cost, it is routinely used in clinical practice and research, however it is not without its

limitations. The blood velocity measure can be affected by the angle of the probe

with the blood vessel and a TCD’s accuracy is highly dependent on the operator

[337]. To mitigate these risks, the same trained operator helped with the acquisition

of all TCD data, and MCAv values were normalised relative to the MCAv measured

at baseline. Furthermore, since our CVR metrics were only based on blood velocity

measured in the MCA it is not necessarily representative of blood flow in the rest of the

brain as there may exist regional differences [31][214][440]. For example, integrating

multimodal validation with BOLD fMRI would provide an opportunity to enrich our

understanding of cerebrovascular dynamics across the brain. While TCD measures

reflect blood velocity changes within the MCA, BOLD fMRI captures oxygenation-

dependent signal changes that also incorporates cerebral perfusion and metabolism

with high spatial resolution. Future assessment of this CVR ramp protocol in MRI

will allow for measures of cerebral blood flow with high spatial resolution and the

study of regional CVR across the brain.

One of the major assumptions in many CVR studies, including our own, is the reliance

on PETCO2 as a surrogate measure for PaCO2. While PETCO2 is a non-invasive and

easily obtainable measure, it may not always accurately reflect PaCO2 as it can be
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influenced by variance in ventilation and perfusion [56][396][407][436]. Consequently,

the use of PETCO2 as a proxy for PaCO2, while practical and frequently implemented

in CVR studies, introduces a degree of uncertainty and potential error in the CVR

values [298] Furthermore, other studies using programmable gas delivery systems can

offer significant improvements in the stability of PETCO2 values compared to fixed

inspired CO2 methods, and can therefore reduce the potential for error and enhance the

precision of CVR mapping [41][125][352][443]. Moreover, direct arterial measurements,

although more invasive, provide the most accurate assessment of PaCO2. Our study

utilises a fixed inhaled CO2 system and breathing protocol, which, although less precise,

is inexpensive and very easy to implement, making it a practical option for larger-scale

or resource-limited studies.

Another limitation in our study is that continuous arterial blood pressure (ABP) mea-

surements were not taken throughout the ramp protocol and only a baseline blood

pressure measure was acquired while the participants were at rest using an arm cuff to

rule out hypertension. Continuous ABP measurements could provide more insights into

CVR by means of a conductance index which can somewhat account for the impact of

changes in perfusion pressure on blood velocity and vasodilation [25][280]. Some studies

have demonstrated that changes in ABP induced by vasoactive stimuli can impact the

CBF response and therefore affect the CVR values in some adults [184][345][430][440].

Other studies have shown that when using up to 7 % inspired CO2 gas mixtures, the

increase in ABP has minimal effects on MCAv and CVR [445]. Further research by

Battisti-Charbonney et al. showed that the MCAv response to CO2 was unchanged

by ABP considerations up to a threshold of ∼50 mmHg, above which both MCAv and
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ABP demonstrated a linear increase with CO2 tension [31]. A linear regime in MCAv

was not noticeable at high PETCO2 values in the results of our study, however the

maximum PETCO2 reached by most participants was only slightly above 50 mmHg

(52 ± 2 mmHg on average) and was only maintained for a few seconds before par-

ticipants returned to breathing air. It should also be noted that in patient groups,

ABP could more significantly alter CVR [108], and accounting for ABP may become

increasingly important when assessing older adults [280]. Future studies may benefit

from measuring and accounting for continuous ABP changes especially when using hy-

percapnic stimuli that go significantly above 50 mmHg or when investigating patient

groups.

It should also be noted that the model bounds and priors presented in our analysis of

the CVR curves are based on a limited body of research on the physiological bounds

of cerebral blood flow in nominally healthy humans. To mitigate this, large absolute

bounds and wide standard deviations in the gaussian priors of the Bayesian models

were defined to allow for subject variability and to not overly bias the model fits. Fur-

thermore, the use of the BIC to compare models was presented as a means of assessing

the distance of the model fits from the data, however it is not a fair direct compar-

ison between the Bayesian and LSR modelling approaches since the BIC is based on

the residual sum of squares error which the LSR method utilises to define its fit. Fu-

ture analyses would benefit from including other statistical comparisons to assessment

of model fits such as using separate datasets for model fitting and validation, or by

leveraging simulations to benchmark the accuracy and bias of each approach under

controlled conditions. Additionally, while this study focused on the dilation phase of
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the CVR response, future research could investigate the constriction phase to provide a

more comprehensive assessment of cerebrovascular dynamics. The potentially differing

physiological mechanisms of dilation and constriction warrant further exploration.

While our ramp protocol and models provide valuable insights into the normal func-

tioning of cerebrovascular mechanisms, it has limitations when applied to pathological

conditions. Non-linear CVR is an emerging area of study that may offer a deeper un-

derstanding of cerebrovascular health and disease. However, the applicability of our

findings to pathological states remains uncertain due to the lack of extensive research

in this area, especially when using Bayesian priors based on physiology of healthy

adults, as different models may be needed in diseased states. Studies have indicated

that non-linear CVR measures can reveal important differences in patients with cere-

brovascular diseases. For instance, research on patients with moyamoya disease has

shown altered CVR patterns, suggesting potential diagnostic and prognostic utility

[94][171][250][364]. Similarly, other studies have identified changes in CVR in con-

ditions such as stroke, cognitive decline, and traumatic brain injury, highlighting its

relevance in various pathologies [81][89][221][263][295][18] These findings imply that

CVR measures could be useful in distinguishing and better understanding cerebrovas-

cular pathology, and non-linear CVR may offer additional insights into the nature of

the CVR impairment. Nevertheless, more research is needed to better understand how

non-linear CVR changes in different diseases and to establish standardised protocols for

its assessment in clinical settings. Expanding the study of non-linear CVR to patho-

logical cohorts will be essential to validate its clinical applicability and enhance our

understanding of cerebrovascular changes in disease.
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Finally, our study presents the ramp protocol in only a small sample size of 11 healthy

adults and requires more research in a larger cohort with a greater diversity of ages,

backgrounds, and lifestyle factors to assess population variability, protocol tolerance,

and repeatability. With the large dynamic range in blood flow, ease of implementation,

high completion rate, and low equipment cost compared to other methods of assessing

CVR, these methods and models could offer an accurate and convenient quantification

of CBF dynamics useful for clinical adoption.

5.5 Conclusion

We developed a low-cost, clinically relevant method for assessing the non-linear features

of CVR with TCD based on a PETCO2 ramp protocol. This novel CVR protocol is

designed as an accessible entryway into the study of non-linear CVR dynamics. The

CVR responses to this protocol were better fit with 4- and 5-parameter sigmoids than

a linear model and Bayesian model fitting allowed for prior physiological information

to favour fitting the data within reasonable bounds. Future work includes extending

the use of this cost-effective ramp protocol and non-linear CVR modelling in MRI in

a larger participant group.

Data Availability

The materials used to support the findings of this research are available from the

corresponding author upon reasonable request.
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6 | Models of Cerebrovascular Reactivity in BOLD-

fMRI and Transcranial Doppler Ultrasound

Preface

This chapter extends the multimodal investigation of cerebrovascular reactivity (CVR)

by directly comparing measurements obtained via transcranial Doppler ultrasound

(TCD) and BOLD-fMRI under a ramped hypercapnia stimulus. Through both lin-

ear and non-linear modelling strategies, the study evaluates the degree to which each

modality captures dynamic vascular changes across a wide range of CO2 levels. In

doing so, it reveals that although linear CVR models produce consistent metrics, a

simplified two-parameter sigmoid model may better account for non-linear aspects of

vascular behaviour and improve inter-modality agreement. These findings contribute

to a clearer understanding of how TCD and BOLD-fMRI measurements align and

diverge, refining the methodological framework for future CVR research and clinical

assessments.

This chapter was published as:

G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, “Models of cerebrovascular

reactivity in fMRI and transcranial doppler ultrasound,” J. Appl. Physiol., vol.

139, no. 1, pp. 219-230, 2025. doi: 10.1152/japplphysiol.00107.2025

A subset of these results was presented at the following conference:
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G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, “Linear and sigmoidal cerebrovas-

cular reactivity in fMRI and transcranial doppler ultrasound,” Organisation for

Human Brain Mapping (OHBM), Jun. 2025, Brisbane, Australia.

By addressing the challenges of plateau effects and dynamic range variations, this work

reinforces the importance of careful protocol design and choice of modelling parameters,

paving the way for more robust cross-modal comparisons in the study of cerebrovascular

physiology.
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Abstract

The ability of cerebrovasculature to adapt in order to meet tissue demands is vital for

brain function and resilience. Cerebrovascular reactivity (CVR), a measure of the re-

sponsiveness of cerebrovasculature to vasoactive stimuli, is a valuable tool for evaluating

cerebrovascular health. While CVR is commonly assessed using transcranial Doppler
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ultrasound (TCD) or MRI-based techniques, direct comparisons between these two

modalities remain limited, particularly when using stimuli that induce a large dynamic

range. This study evaluates inter-modality correlations of CVR using TCD and blood

oxygenation level-dependent functional MRI (BOLD-fMRI) during a ramped hyper-

capnic protocol and different modelling strategies. Linear correlations across broad

PETCO2 ranges validated the utility of linear CVR modelling in capturing repeatable

metrics of the response using TCD and MRI. A four-parameter sigmoid model revealed

significant inter-modality variability in span and bound parameters, improved by fix-

ing these parameters and focusing on slope and inflection point, which enhanced the

correlations between modalities. These results support the reliability of linear CVR

modelling within narrow vasoactive response ranges in healthy subjects and propose

a simplified two-parameter sigmoid model as an effective framework for characterising

non-linear CVR dynamics. This work adds to the sparse literature on inter-modality

CVR comparisons and indicates which CVR metrics are comparable between TCD and

BOLD-fMRI, emphasising CVR as a useful tool for assessing cerebrovascular health in

research and clinical contexts.

6.1 Introduction

The ability for brain vasculature to adapt to match tissue demands for blood flow is vital

for neuronal function and resilience. Cerebrovascular reactivity (CVR) has become a

common method of assessing the responsiveness of cerebrovasculature to vasoactive

stimuli and has gained notoriety as a valuable tool for mapping cerebrovascular health

in a broad range of cerebrovascular pathologies such as stroke [155], cerebral small
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vessel disease [291][323], and dementia [72][349][422].

CVR is most commonly assessed using non-invasive transcranial Doppler ultrasound

(TCD) and MRI-based techniques. In functional MRI (fMRI), blood-oxygen-level-

dependent (BOLD) imaging provides an indirect measure of cerebrovascular changes

by detecting variations in deoxyhaemoglobin concentrations, which are assumed to

reflect changes in cerebral blood flow (CBF) under isometabolic conditions during

CO2 challenges [26][376]. This assumption, while widely accepted, may not always

hold, particularly in pathological states where neurovascular coupling or metabolic

activity may vary [474]. Arterial spin labelling (ASL), on the other hand, offers a

more direct quantification of CBF by magnetically labelling arterial blood and using

it as an endogenous tracer [438]. However, ASL has limitations in signal-to-noise ratio

(SNR), and its accuracy during ramp stimuli is challenged by the changing transit times

and bolus shapes that occur in response to altered PaCO2 concentrations, potentially

confounding CVR measurements [330][474].

In contrast, TCD measures blood flow velocity in large arteries, such as the middle

cerebral artery (MCA), with high temporal resolution and minimal susceptibility to

physiological noise [55][271]. Furthermore, it is a more cost-effective alternative to MRI,

however it lacks spatial resolution and reflects macrovascular dynamics rather than

the microvascular changes captured by MRI. Notably, changes that occur in cerebral

haemodynamics throughout healthy ageing as well as in pathology are controversial

and discrepancies between experimental techniques could be at fault. Understanding

the relationship between TCD and BOLD-fMRI is crucial for establishing the reliability

and complementarity of these modalities, particularly in clinical and research settings
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where one method may be preferred due to accessibility or specific research goals. By

harmonising findings across these techniques, researchers can ensure more robust and

generalisable conclusions about cerebrovascular health and disease mechanisms.

The existing direct comparisons between TCD and fMRI have used steady-state or

stepped hypercapnia with a fixed inspiration of air with up to 6 % CO2 and calculated

the CVR as a linear measure between the baseline and stimulus periods [55]. Using

BOLD-derived measures of CVR using fixed inspiration of 5 % CO2 in air, Burley

et al. found no clear relationship between TCD and BOLD CVR measures, hypoth-

esising that differences may be due to the vascular regions assessed by each method

[55]. Conversely, Fico et al. reported good agreement between TCD and 4D flow MRI

for middle cerebral artery velocity (MCAv) measurements, but noted that 4D flow

MRI revealed additional age-related effects not apparent with TCD [120]. However,

no studies to date have employed ramp stimuli with a large dynamics range to explore

the relationship between non-linear CVR features between modalities, which may give

more accurate and nuanced measures of the cerebrovascular response beyond the lin-

ear measure alone. Two-point, linear measures fail to capture the complex shape and

orientation of the full CVR response, limiting their diagnostic and therapeutic util-

ity. Linear models, while useful for capturing slope-based changes, rely on a single

parameter to indicate dysfunction. This simplification overlooks critical features such

as shifts in baseline CBF reserve, changes in the amplitude or speed of the response,

and inflection points between lower and upper plateaus, which could reveal distinct

pathological mechanisms. In contrast, non-linear models allow for a richer characteri-

sation of CVR dynamics, incorporating multiple parameters that may provide deeper
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insights into the nature of vascular dysfunction [31][38][85][117][284]. By providing a

continuous and gradual increase in arterial CO2, ramp stimuli can enable a detailed

assessment of the full cerebrovascular response curve, including transitions between

linear and plateau regions. In this context, we present an analysis of dynamic CVR to

a ramp stimulus using TCD and BOLD-fMRI to compare both linear and non-linear

CVR models between modalities.

6.2 Material and Methods

6.2.1 Participants

This study comprised two sessions 19 ± 18 days apart. Thirty-three healthy partici-

pants performed Session 1 that included assessing CVR with TCD. Twenty-five of these

participants (13 females, aged 33 ± 11 years of age) came back for a 2nd session for

CVR assessed using fMRI and were included for further analysis. Return participants

were chosen based on representing both sexes and a broad range of age groups. Par-

ticipants were excluded if they had any history of psychiatric or neurological disorders,

hypertension, diabetes, or cardiovascular disease.

6.2.2 Data Acquisition

Dynamics of the cerebral blood flow response to a ramped breathing protocol were

assessed in both TCD and BOLD-fMRI. An overview of the acquisition and analysis

pipeline is presented in Figure 6.1. Participants completed two sessions. The first

session included general physiological measurements, gas challenge feedback question-
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naire, and TCD of the middle cerebral artery (MCA) with a gas protocol that causes

a ramp increase in PETCO2 ("ramp protocol"). Based on the gas challenge feedback

answers, a subgroup of participants were asked to return for Session 2. In the second

session, the same ramp protocol was repeated with BOLD-fMRI within 3 months.

Figure 6.1: Diagram of the data acquisition and analysis pipeline. Participants took
part in the ramp protocol (left), imaged using TCD (top-middle), and a subset re-
peated the protocol in BOLD-fMRI (bottom-middle). The ramp-up component of the
TCD, MRI protocols (full and partial) were isolated and plotted as a function of their
respective PETCO2 traces with linear and sigmoidal CVR fits (right).

6.2.3 Ramp Protocol

Both modalities imaged the cerebrovascular response to a ramp protocol. A detailed

description of the gas delivery apparatus is presented in [170], modified only by using

an anaesthetic face mask (Intersurgical, Wokingham, Berkshire, UK) that allowed for

gas sampling directly from the mask. The inspired gases were delivered using a custom

gas delivery system built in-house at the University of Oxford where respiratory gas

mixtures could be delivered one at a time at 15 L/min.
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The ramp protocol consisted of 3 repetitions of 5 deep breaths, followed by 30 s of

regular breathing on synthetic medical air (21 % O2 / 79 % N2), 40 s breathing a 5 %

CO2 balance air gas mixture (BOC Group, Linde, Surrey, UK), and 40 s breathing a

10 % CO2 balance air gas mixture (BOC Group, Linde, Surrey, UK). Participants were

trained prior to starting the ramp protocol to take full deep breaths without pauses

and were allowed to test breathing each of the gases. This testing period was also used

to check for leaks at the mask-face interface identified via the capnometry trace and

the mask was adjusted as needed.

6.2.3.1 TCD Acquisition

The first method used to characterise the dynamics of the cerebral blood flow re-

sponse to the ramp protocol was the blood flow velocity, measured in the left MCA

continuously using a 2 MHz probe and clinical TCD (7760EN Doppler-BoxX Digital,

Compumedics DWL). With the participant lying supine, the TCD probe was placed on

the transtemporal window with transmission gel and was secured using an adjustable

headset. The location and angle of the probe was changed until a consistent blood

flow velocity profile was achieved. The deep breathing instructions were given verbally

and the participants were notified when the gases were changed and for the last 10 s

of breathing the 10 % CO2 gas mixture.

6.2.3.2 MRI Acquisition

In the second session, participants completed the same ramp breathing protocol whilst

BOLD-fMRI was acquired in a 3T Siemens Prisma scanner with a 32-channel head

coil (GE-EPI sequence, TR/TE = 800/30 ms, MB = 6, 2.4 mm isotropic). A high-

155



Chapter 6 - Models of CVR in BOLD-fMRI and TCD

resolution MPRAGE structural image was also acquired (1 mm isotropic, TR/TE =

1900 ms/3.97 ms).

The delivery of the gases in the ramp protocol was performed using an automated

valve controller to switch between the gases and triggered directly by the MRI scanner,

designed in-house [398]. This automated gas delivery was combined with timed visual

cues to instruct participants when to take their deep breaths and providing a countdown

for the last 10 s on the 10 % CO2 gas mixture, mimicking what was done in Session 1.

6.2.4 Preprocessing

Data processing and analysis was performed using FSL 6.0 [196] and custom Python

scripts. The end-tidal CO2 (PETCO2) peaks were selected automatically using peak

detection from the SciPy package [426] and were used as a surrogate for arterial PaCO2

[387].

For the TCD signal, a rolling mean of the MCAv was used to smooth the pulsatile

signal (MCAv). A low-pass filter was applied to the MCAv and PETCO2 time courses

with a window size of 50 samples (corresponding to 0.25 s), resulting in an effective

cutoff frequency of 2 Hz. The filter was implemented using the rolling mean method

in Python’s Pandas library [405] to smooth high-frequency noise while preserving the

physiological signal's key characteristics. MCAv was normalised relative to the base-

line period to correct for probe angle variations. Only the three ramp-up, blood vessel

dilation components of the protocol were isolated for further analysis to prioritise con-

sistency in the modelling process and reduce potential variability as the dynamics for

dilation and constriction may differ [472].
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The BOLD-fMRI images underwent standard preprocessing that included motion cor-

rection, spatial smoothing (FWHM = 4 mm), fieldmap correction, and high pass fil-

tering (275 s). The mean BOLD signal was calculated across active voxels of the right

parietal lobe using the MNI152 brain atlas to ensure comparability with the MCA

region evaluated with TCD [88][270]. Active voxels were determined by performing

voxel-wise general linear modelling and selecting voxels with a z-score > 3.1.

To account for delays in both signals, a bulk shift was applied to each PETCO2 trace

to maximise its cross-correlation with the mean MCAv or BOLD signal (mean across

subjects of -22 ± 4 s for the MCAv and -6 ± 5 s for the BOLD signal).

6.2.5 Data Analysis

To characterise CVR, both linear and sigmoidal models were fitted to the PETCO2

vs. normalised MCAv, and PETCO2 vs. % BOLD signal. In the linear model the

normalised signal response (MCAv or % BOLD), denoted by ∆S/S0, was fit with

slope (m) and y-intercept (int), as shown in Equation (6.1).

∆S

S0

= m · PETCO2 + int (6.1)

This linear model was applied to the full ramp data, as well as a partial ramp, seg-

mented at 5 mmHg below baseline and 15 mmHg above baseline, to investigate the

agreement between a more common CVR range induced by a 5 % CO2 gas mixture

alone. The partial range reflects the typical range used in many CVR studies em-

ploying up to 5 % CO2, which is widely accessible and commonly used due to high
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tolerability and ease of implementation [72][163][388][403]. By focusing on this partial

range, our analysis clarifies how TCD- and BOLD-fMRI-derived CVR findings com-

pare between those from previous studies, where CVR responses are often confined to

a smaller hypercapnic range.

In the sigmoid model, the normalised signal response, ∆S/S0 was defined with 4 param-

eters: the minimum blood flow (a), the slope of the linear regime (1/b), the PETCO2

value for the inflection point (c), and the blood flow span (d). Each parameter was fit

to the data for each subject and modality independently. The sigmoid model is shown

in Equation (6.2).

∆S

S0

= a +
d

1 + e
1
−b

(PETCO2−c)
(6.2)

Additionally, we also tested a 2-parameter sigmoid model, where the normalised signal

response, ∆S/S0 was defined with fixed parameters minimum blood flow (a) and blood

flow span (d) (normalised MCAv: a = 0.2, d = 2.5; % BOLD: a = -8, d = 18) as these

were more variable due to the low number of data points at the end ranges of the ramp

protocol. In this case, only the slope of the linear regime (1/b), and the PETCO2 value

for the inflection point (c) were fit to the data for each subject and modality.

6.2.6 Statistics

Correlation between the modalities of each fitting parameter of interest was tested using

the Pearson correlation coefficient (p < 0.05 significance). Additionally, the r-value

correlation coefficient was used where r < 0.4 is attributed to weak correlation, 0.4 ≤

r < 0.7 indicates moderate correlation, and r ≥ 0.7 indicates strong correlation [368].
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A paired-samples t-test was performed to determine whether the baseline PETCO2

values measured by TCD and MRI differed significantly.

6.3 Results

Thirty-three participants attended the first session (TCD), and 30 successfully com-

pleted the ramp protocol. Twenty-five participants came back for the second session

(MRI) and all completed the ramp protocol. Data from 1 participant were not included

in the analysis due to high noise levels. Across all subjects included in the analysis (N

= 24), the mean change in PETCO2 from the bottom of the ramp to peak hypercapnia

was 27.5 ± 3.9 mmHg in TCD and 28.1 ± 4.8 mmHg in MRI (t-statistic = -0.509, p =

0.616). The mean baseline PETCO2 during the TCD and MRI was 39.5 ± 3.9 mmHg

and 43.2 ± 3.6 mmHg respectively (t-statistic = -6.115, p « 0.01). The average MCAv

across subjects ranged from 79 ± 11 % to 170 ± 20 % of baseline and the average

BOLD signal span was 7.1 ± 1.3 %. The TCD blood velocity measure and BOLD-

fMRI signal, each with their corresponding CO2 trace, for a representative subject is

shown in Figure 6.2. The rolling mean blood velocity signal, MCAv, is overlaid on

the TCD signal, and the PETCO2 points and interpolation are overlaid on the CO2

signal. It should be noted that no significant trends between sexes or age groups were

observed in the CVR parameters (see Table B.1 in Appendix B for a summary of the

effects of sex and age on the CVR parameters).
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Figure 6.2: Signal traces during the ramp protocol of A) the TCD blood velocity (black)
and rolling mean (red), B) the TCD CO2 trace (black), PETCO2 points (green stars)
and interpolated PETCO2 (red), C) percent BOLD-fMRI signal, and D) the MRI CO2

trace (black), PETCO2 points (green stars), and interpolated PETCO2 (red). All plots
are of a representative subject (MR-021).

Comparison plots between the slope of the linear fit (m) of the TCD (PETCO2 vs.

MCAv) and BOLD-fMRI (PETCO2 vs. % BOLD) CVR for the full ramp and partial
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ramp are presented in Figure 6.3. The linear slopes both showed significant correlation

between modalities for both the full ramp (p = 0.005, r = 0.559) and partial ramp (p

= 0.001, r = 0.621).

Figure 6.3: Parameter comparison plots between TCD and MRI of A) the linear slope
parameter (m, signalnorm/mmHg) of the full ramp, and B) the linear slope parameter
(m, signalnorm/mmHg) of the partial ramp.

Comparison plots between the 4-parameter sigmoidal fit of the TCD (PETCO2 vs.

MCAv) and BOLD-fMRI (PETCO2 vs. % BOLD) CVR for the full ramp are presented

in Figure 6.4. Using all 4 parameters, extreme values for the span were obtained for

many participants. No correlation was observed between modalities for the sigmoid

minimum (p = 0.856, r = -0.039), slope (p = 0.633, r = -0.103), inflection point (p =

0.292, r = 0.224), and span (p = 0.685, r = 0.087).
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Figure 6.4: Parameter comparison plots between TCD and MRI of the 4-parameter
sigmoid A) minimum signal parameter (a, signalnorm), B) slope parameter (1/b,
signalnorm/mmHg), C) inflection point parameter (c, mmHg), and D) signal span pa-
rameter (d, signalnorm). A cluster of extreme values for the signal span (d) are circled
in red.

Comparison plots between the 2-parameter sigmoidal fit of the TCD (PETCO2 vs.

MCAv) and BOLD-fMRI (PETCO2 vs. % BOLD) CVR for the full ramp are presented

in Figure 6.5. In the 2-parameter fit, the minimum blood flow (a), and blood flow

span (d) parameters were fixed and only the slope of the linear regime (1/b), and the

PETCO2 value for the inflection point (c) were fit. Significant correlation between

modalities was found for the sigmoid slope (p = 0.005, r = 0.557) and the inflection

point (p = 0.016, r = 0.485).

162



Chapter 6 - Models of CVR in BOLD-fMRI and TCD

Figure 6.5: Parameter comparison plots between TCD and MRI of the 2-parameter
sigmoid A) slope parameter (1/b, signalnorm/mmHg), and B) inflection point parameter
(c, mmHg).

6.4 Discussion

This study compared CVR measured via TCD and BOLD-fMRI under a ramped hy-

percapnic stimulus. Our findings reveal significant correlations between modalities,

particularly using linear CVR fitting and using a sigmoidal CVR fit with fixed mini-

mum and maximum values for the response signal. Our results also highlight challenges

with non-linear modelling of CVR using both TCD and BOLD-fMRI for characterising

cerebrovascular dynamics.

6.4.1 Baseline Values and Response Magnitudes

The mean baseline PETCO2 values of 39.5 ± 3.9 mmHg (TCD) and 43.2 ± 3.6 mmHg

(MRI) align with the expected range of 35 - 45 mmHg for healthy adults [36][85][383].

The elevation in MRI baseline PETCO2 compared to TCD was significant (t-statistic =

-6.115, p « 0.01) and may reflect the enclosed environment of the MRI bore, which could
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lead to reduced ventilation. Nevertheless, the PETCO2 changes due to our ramp proto-

col in both tested methods (TCD and MRI) were not significantly different (t-statistic

= -0.509, p = 0.616). Blood velocity changes ranging from 79 ± 11 % to 170 ± 20 %

of baseline exceed those reported in previous ramp protocols by 20 - 50 % since other

ramp protocols primarily employ lower concentrations of CO2 [31][85][117][350]. The

BOLD signal span of 7.1 ± 1.3 % BOLD is comparable to or exceeds values obtained

using computerised PETCO2 targeting methods at 3 T that target PETCO2 between

46 and 60 mmHg (∼5 % BOLD signal) [38][383], with a slightly larger span (∼9 %

BOLD signal) observed at 7 T [37]. These findings suggest that the ramp protocol

employed here induced a robust cerebrovascular response.

6.4.2 Linear Relationships and Modality Agreement

Our results indicate significant linear correlations between TCD and BOLD-fMRI

across ramp segments. For the partial ramp (spanning 20 mmHg), the linear fit demon-

strated strong intermodal agreement (p = 0.001, r = 0.621). Similarly, the full ramp

analysis revealed significant correlations (p = 0.005, r = 0.559). These findings support

the utility of linear modelling in capturing consistent CVR responses, even across dif-

fering vascular territories assessed by TCD and BOLD-fMRI [120]. Importantly, this

extends prior work showing linearity within smaller PETCO2 spans (∼3 - 8 mmHg)

to include larger ranges, such as up to the 20 mmHg used in this study [38][31][117].

Notably, this suggests that CVR values obtained using methods that employ a linear

assessment of CVR are still comparable between BOLD-fMRI and TCD. This is the

case with larger stimuli range up to 30 mmHg as shown by the linear fit of the full
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ramp, as well as with a stimulus range of 20 mmHg as shown by the linear fit of the

partial ramp, which approximates the upper bound of what is achieved using up to a

5 % CO2 gas mixture [72][163][388][403].

However, a 2-point measure with a measurement taken at baseline and during hyper-

capnia may not always provide sufficient information for an accurate CVR as suggested

by the lack of correlation between BOLD-fMRI and TCD found by Burley et al. [55].

Burley et al., observed no correlation between TCD and BOLD-derived CVR using

fixed inspiration of 5 % CO2 air in elderly and young adult participants [55]. Burley et

al. employed a steady-state approach, where measurements were taken only at base-

line and during a fixed hypercapnic plateau and may have missed transient or dynamic

vascular responses that could contribute to intermodal agreement, especially with the

smaller hypercapnic stimulus in achieved with 5 % CO2 (∼15 - 20 mmHg).

Differences in vascular territories assessed by each modality may also play a role. TCD

measures MCA flow velocity, predominantly reflecting large-vessel dynamics, whereas

BOLD-fMRI integrates oxygenation changes across both macrovascular and microvas-

cular territories. These differences could lead to reduced agreement in studies using

steady-state methods, as vascular responses in microcirculatory regions may not align

with large-vessel dynamics. Furthermore, Burley et al.’s participant cohort included el-

derly individuals, where vascular compliance and neurovascular coupling may be more

variable or impaired compared to younger cohorts, potentially contributing to the lack

of correlation. In contrast, our ramped protocol provides continuous measurements

across a broader PETCO2 range (∼30 mmHg), capturing both transient and sustained

CVR responses, which may better account for intermodal differences and yield stronger
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correlations between TCD and BOLD-fMRI.

Our results align closely with Fico et al., who demonstrated good agreement between

CVR metrics derived from MCAv using TCD and 4D flow MRI with a stepped-

hypercapnia protocol of 4 % and 6 % CO2 [120]. Despite the significant differences

between 4D flow MRI and BOLD-fMRI - where the former excels in quantifying blood

flow dynamics and the latter only provides a proxy for CBF changes based on oxygen

levels [277] - both studies underscore the potential for meaningful intermodal compar-

isons.

6.4.3 Non-linear Modelling and Parameter Variability

To the authors knowledge, this study is the first comparison between modalities for

non-linear CVR mapping in the same subjects. The 4-parameter sigmoid modelling

was employed to explore not only the linear response region, but also the inflection

point and bounds of the response. However, extreme and variable fits for the minimum

flow (a) and span (d) parameters were observed. These inconsistencies stem from

limited data at the ends of the ramped response curve, making these parameters highly

susceptible to noise, resulting in no correlation between any of the 4 parameters. Fixing

the minimum flow (a) and span (d) parameters in the 2-parameter model significantly

improved the correlation between modalities for the inflection point and slope with p

= 0.005 and p = 0.016 respectively.

Interestingly, prior studies using non-linear modelling of CVR in TCD, MRI, and com-

putational simulations have reported significant plateauing of the CVR response at

PETCO2 values above 45 - 50 mmHg [38][106][117][383]. However, based on our re-
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sults there may be significant variability in those plateau regions which may impair

the accuracy not only of the range of the response but also in the calculation of other

parameters, such as the slope and the inflection point. The variability in the plateauing

regions between modalities may stem from physiological factors, such as differences in

vascular compliance, blood pressure, or autoregulation. Alternatively, the variability

may be the result of noise at the end ranges of the ramp protocol where there is less

data and a higher likelihood of motion due to participant discomfort.

6.4.4 Limitations

While this study demonstrates significant correlations between TCD and BOLD-fMRI

CVR, several limitations should be acknowledged to contextualise the findings. A

key limitation in this study is the absence of continuous mean arterial blood pressure

monitoring, which restricts our ability to account for systemic blood pressure variations

throughout the ramp protocol and between sessions that can influence cerebral blood

flow and CVR. Variability in blood pressure between or during sessions introduces noise,

potentially affecting measurements from both TCD and MRI [85][440]. To mitigate

this, participants were screened for cardiovascular health conditions and a baseline

blood pressure measure was acquired while the participants were at rest using an arm

cuff to rule out hypertension.

TCD measures are inherently operator-dependent, with factors such as probe place-

ment, insonation angle, and arterial diameter variability contributing to potential in-

consistencies across sessions or participants [1][350]. This was mitigated by having the

same trained operator acquire all of the TCD data and normalising the MCAv data
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relative to baseline. Furthermore, the spatial resolution of TCD, which measures ve-

locity in a single large artery such as the MCA, contrasts with the distributed signals

captured by BOLD-fMRI. These inherent differences in spatial resolution and vascu-

lar territory coverage may limit the degree of intermodality agreement, particularly in

regions influenced by local variations in neurovascular coupling [55][440].

The MRI data acquisition also presents limitations. The BOLD-fMRI signal is an in-

direct measure of CBF and is susceptible to confounding factors such as noise from

physiological fluctuations, including cardiac and respiratory cycles [52]. In this study,

we applied motion correction during preprocessing and used a consistent pipeline to ex-

tract BOLD responses from the parietal lobe, ensuring comparability with the vascular

territory of the TCD measurements.

With the TCD and MRI acquisition sessions taking place on different days (19 ± 18

days apart), we could not control for all day-to-day differences in participants’ physi-

ological or environmental conditions, such as hydration, sleep quality, or stress, which

may influence cerebrovascular dynamics, affecting the reproducibility of CVR results

[55][249]. Within sessions, variations in the timing of CVR measurements relative to

participant acclimation or fatigue could further introduce discrepancies, particularly

in baseline PETCO2 or respiratory patterns [468]. To reduce this impact, participants

were scheduled for data collection during regular working hours and the ramp protocol

was conducted with the participant in a supine position during both TCD and MRI

data collection to minimise fluctuations in systemic factors.

A degree of demographic variability (such as in age, sex, and fitness level) was intention-
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ally included in this study to assess modality agreement with a range of inter-individual

differences. However, with only N = 24 included in this analysis, there is likely to be

further variation in CVR responses not captured, affected by demographic, lifestyle,

and health factors.

6.4.5 Implications and Future Directions

These results offer valuable insights into the complementary strengths of TCD and

BOLD-fMRI. TCD's portability and high temporal resolution make it well-suited for

dynamic or real-time monitoring, while BOLD-fMRI's superior spatial resolution pro-

vides a comprehensive view of regional vascular responses. The observed significant

linear correlations across a wide range of PETCO2 values suggest that these modalities,

despite their inherent differences, can provide consistent and complementary measures

of CVR.

Non-linear modelling results, particularly the variability observed in sigmoid param-

eter fits, highlight the methodological challenges in capturing the full complexity of

CVR. The limited stability at the response curve's extrema underscores the need for

hypercapnic protocols designed to extend the data range and improve reliability in

estimating key parameters, such as the inflection point and plateau. Incorporating

advanced imaging modalities like arterial spin labelling (ASL) or 4D flow MRI could

further refine these analyses by contextualising findings within more detailed assess-

ments of cerebrovascular dynamics, flow patterns, and oxygen metabolism.

Future studies should address systemic limitations, including continuous mean arte-

rial blood pressure monitoring and simultaneous multimodal imaging, to improve in-
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termodality comparisons. Additionally, implementing single-session assessments and

standardised experimental protocols may help minimise day-to-day variability, such as

changes in hydration, stress, or other physiological factors. Expanding participant de-

mographics to include more varied age groups, health statuses, and fitness levels would

also enhance the generalisability of findings.

Ultimately, advancing methodological approaches and integrating multimodal imaging

strategies will help establish CVR as a reliable biomarker for cerebrovascular health,

with potential applications ranging from early detection of vascular pathologies to mon-

itoring treatment efficacy in conditions such as stroke, dementia, and traumatic brain

injury. Understanding the relationship between TCD and BOLD-fMRI is crucial for

aligning findings across these modalities, particularly given their inherent differences

in vascular territories assessed, temporal and spatial resolution, and accessibility. In-

termodal comparisons can resolve discrepancies observed in existing studies and ensure

that CVR metrics derived from either method are robust and complementary. This

is particularly relevant in clinical and research settings where one modality may be

preferred due to practical constraints or research goals. By aligning TCD and BOLD-

derived metrics, researchers can establish more reliable and generalisable conclusions

about cerebrovascular health and disease mechanisms, bridging the gap between foun-

dational research and clinical applications to ensure that CVR measures provide robust

and actionable insights into brain health.
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6.5 Conclusion

This study evaluated the agreement and challenges of assessing CVR using TCD and

BOLD-fMRI during a ramped hypercapnic protocol. Significant linear correlations

were observed between modalities across broad PETCO2 ranges, affirming the util-

ity of linear CVR modelling for capturing consistent responses using TCD and MRI.

A four-parameter non-linear model demonstrated significant variability in span and

bound parameters between modalities. This was improved by fixing these parameters

and assessing only the sigmoid slope and inflection point, resulting in significantly bet-

ter inter-modality correlation. These challenges underscore the importance of careful

methodological design, particularly when interpreting the plateau and dynamic ranges

of CVR responses. This work contributes to bridging the methodological gaps be-

tween which CVR metrics are reliable between TCD and BOLD-fMRI for assessing

cerebrovascular physiology. Advancing multimodal CVR measurement techniques is

crucial for leveraging CVR as a biomarker for cerebrovascular health, with potential

applications in clinical diagnostics and therapeutic monitoring of brain health.

Data Availability
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7 | Transcranial Doppler Ultrasound Validation of

BOLD-fMRI Cerebral Blood Flow Relationship

Preface

This chapter examines the relationship between transcranial Doppler ultrasound (TCD)-

derived cerebral blood flow (CBF) velocity and BOLD-fMRI signals under a ramped

CO2 stimulus. By testing a simplified version of an existing haemodynamic model, the

Davis Model, originally developed for BOLD calibration, the study provides the first

validation of this framework using TCD. Twenty-five healthy participants underwent

both TCD- and MRI-based sessions, revealing that linear fits and the Davis model

can reliably capture the interplay between changes in the CBF velocity of the middle

cerebral artery and the BOLD signal. These findings position TCD as a practical sur-

rogate for CBF to evaluate BOLD calibration and pave the way for broader clinical

and research applications involving TCD and BOLD-fMRI approaches.

This chapter was published as:

G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, “Transcranial doppler ultrasound

validation of BOLD-fMRI cerebral blood flow relationship,” Magn. Reson. Med.,

2025. doi: 10.1002/mrm.70091.

A subset of these results was presented at the following conference:

G. Hayes, S. Sparks, J. Pinto, and D. P. Bulte, “Transcranial doppler ultrasound
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validation of BOLD-fMRI cerebral blood flow relationship,” British Neuroscience

Association Festival of Neuroscience, Apr. 2025, Liverpool, UK.

By affirming the consistency between TCD and BOLD-fMRI measurements, this work

underscores the potential for integrating non-invasive ultrasound and MRI methods to

advance cerebrovascular research and clinical implementation.
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Abstract

Purpose: A precise understanding of the interplay between cerebral blood flow (CBF)

and blood oxygen level-dependent (BOLD) fMRI signals is essential for advancing

cerebrovascular research. This study is the first to evaluate whether an established

haemodynamic model can characterise the relationship between BOLD signals and

transcranial Doppler (TCD)-measured CBF velocity during a ramp CO2 stimulus.

Methods: Twenty-five healthy participants underwent two sessions. In Session 1,
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right middle cerebral artery velocity (MCAv) was acquired using clinical TCD. In

Session 2, 3T BOLD-fMRI data were collected. Both sessions used a ramp end-tidal

CO2 (PETCO2) protocol with deep breaths followed by 5% and 10% CO2. Data

processing comprised motion correction, spatial smoothing, fieldmap correction, high-

pass filtering, and time-shifting of PETCO2 traces to align with respective MCAv or

BOLD signals. A simplified haemodynamic model was fit using a range of parameters

from the literature, and goodness of fit was assessed by the coefficient of determination

(R2).

Results: Final analysis included 21 participants. Consistent and “good” fits (R2 ≥

0.69) were obtained for the values tested. Linear regression between MCAv and the

BOLD signal indicated robust agreement (R2 = 0.720). Our results align well with

prior work on BOLD calibration and haemodynamic modelling of the CBF-BOLD

relationship.

Conclusion: This research demonstrates that both a simplified haemodynamic model

and linear models provide a robust framework for linking TCD-derived MCAv and

BOLD-fMRI responses during hypercapnia in humans. These findings highlight TCD

as a useful surrogate for CBF in BOLD calibration, providing a foundation for future

cerebrovascular research.

7.1 Introduction

Understanding the relationship between cerebral blood flow (CBF) and the blood oxy-

gen level-dependent (BOLD) functional magnetic resonance imaging (fMRI) signal is
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critical for cerebrovascular research. Since pioneering work demonstrated the BOLD

contrast mechanism, BOLD-fMRI has become a widely used tool for mapping brain

function in both clinical and research settings [26][226][302][303]. However, although

increases in metabolic activity (e.g., neuronal oxygen consumption) often accompany

neural activation, interpreting changes in the BOLD signal solely in terms of these

metabolic processes is difficult. This is because the BOLD signal itself arises from

a complex interplay among CBF, cerebral blood volume (CBV), and the cerebral

metabolic rate of oxygen consumption (CMRO2) [57][130].

These parameters jointly determine the ratio of haemoglobin in the imaging voxel, a

critical factor because haemoglobin can exist as paramagnetic deoxyhaemoglobin or dia-

magnetic oxyhaemoglobin [315]. Consequently, the concentration of deoxyhaemoglobin

influences the magnetic susceptibility within and around blood vessels, modulating the

MRI signal [302]. At rest, approximately 30-40 % of the oxygen is extracted across the

capillary bed, creating a substantial level of deoxyhaemoglobin in venous and capillary

vessels [230][320]. During neural activation, CBF increases more than CMRO2, lead-

ing to a decrease in deoxyhaemoglobin concentration and an increase in the measured

BOLD signal [57][130]. Meanwhile, CBV changes and volume exchange effects further

complicate the relationship.

To facilitate the quantitative interpretation of this BOLD signal, the Davis model (also

known as the deoxyhaemoglobin dilution model) was introduced, wherein calibrated

fMRI methods can be employed to estimate underlying metabolic and haemodynamic

parameters [92][182][326]. The classical Davis Model provides a relationship between

changes in CMRO2, CBF, and the BOLD signal in fMRI [92][182], as shown in Equa-
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tion (7.1):

∆BOLD

BOLD0

= M

[
1 −

(
CBF
CBF0

)α−β (
CMRO2

CMRO2|0

)β]
. (7.1)

where M is the scaling factor representing the maximum possible BOLD signal change

under ideal conditions (dependent on field strength, baseline oxygenation, and vas-

cular architecture, typically 8-12% in grey matter), α describes the relationship be-

tween CBF and venous CBV (typically 0.2-0.4), and β describes the coupling between

CBF and CMRO2 in terms of oxygen extraction fraction (typically 1.0-1.5 at 3 T)

[54][73][74][92][150][152].

During a ramp hypercapnia protocol, CBF is changed while maintaining CMRO2 rel-

atively constant and therefore the last term of Equation (7.1) will be very close to 1.

This has been approximated in Equation (7.2):

∆BOLD

BOLD0

= M

[
1 −

(
CBF
CBF0

)γ]
. (7.2)

Where α − β describes the relationship between CBF, CBV, and CMRO2, essen-

tially characterising the contribution of CBF to the BOLD signal. This assumes an

isometabolic response to hypercapnia, though it should be noted that this is still an

area of controversy [455], with literature indicating reduced [73][104][454], unchanged

[74][194], and increased [178] CMRO2 with hypercapnia.

Typically, calibrated BOLD experiments use arterial spin labelling (ASL) to measure

CBF [42][57][95]. ASL is a non-invasive technique that allows quantification of regional

CBF by magnetically labelling arterial blood water as an endogenous tracer. Accurate

measurement of CBF via ASL requires accounting for factors such as tagging efficiency,
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blood T1 changes, and transit delays [42][57]. Notably, these parameters may change

during global vasoactive stimuli and must be measured or adjusted for, depending on

the ASL method used, to ensure precise estimates of flow change.

Despite the wide adoption of ASL-based approaches, independent validation of the

Davis model using alternative methods for measuring CBF is still missing. Transcranial

Doppler (TCD) ultrasound, which measures blood flow velocity in the major cerebral

arteries, might provide a promising non-invasive technique to complement and cross-

check BOLD-fMRI findings. TCD has been extensively used to assess cerebrovascular

reactivity, but to date, there has been no direct validation of the Davis model - or

simplified variants thereof, assuming constant CMRO2 - against TCD-derived flow

velocity measures.

In this research, we present the first validation of the Davis model using TCD mea-

surements of flow velocity in the middle cerebral artery (MCA), offering insights into

the robustness of BOLD-fMRI quantification of CBF changes. By combining these two

approaches, we seek to deepen our understanding of the BOLD signal’s physiological

underpinnings and enhance the interpretive power of fMRI in cerebrovascular research.

7.2 Methods

7.2.1 Data Acquisition

All procedures conformed to institutional research ethics standards and with the Dec-

laration of Helsinki, as detailed in Hayes et al. 2025 [169]. Twenty-five healthy par-

ticipants (13 Females, 33 ± 11 years) underwent two separate sessions (19 ± 18 days
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apart). In the first session, TCD ultrasound (7760EN Doppler-BoxX Digital, Com-

pumedics DWL) was used to measure blood velocity in the MCA, and in the second

session, BOLD-fMRI data were acquired with a 3 T Siemens Prisma scanner (GE-EPI

sequence, TR/TE = 800/30 ms, MB = 6, 2.4 mm isotropic. 32-channel head coil). A

ramp PETCO2 protocol [170] was used in both sessions. This protocol consisted of 3

cycles of deep breaths followed by exposure to air and air mixtures with increasing CO2

contents (5% and 10% CO2). End-tidal gases were collected through a face mask for

accurate PETCO2 measurement. Detailed descriptions of the participant demograph-

ics, ramp protocol, TCD/MRI acquisition parameters, and data preprocessing steps

are provided in Hayes et al. 2025 [169].

7.2.2 Data Preprocessing

Data processing and analysis was performed using FSL 6.0 [196] and custom Python

scripts. Smoothed TCD MCA blood velocity signals (MCAv) were calculated using a

rolling mean filter to reduce the pulsatile signals, then low-pass filtered to remove high-

frequency noise above 2 Hz. MCAv was then normalised by dividing the smoothed

blood velocity by the baseline blood velocity for each subject. The BOLD-fMRI

data underwent standard corrections, including motion correction, spatial smoothing

(FWHM = 4 mm), fieldmap correction, and high-pass filtering (275 s). A general linear

approach was used to select active voxels with a Z-score > 3.1 and a corrected cluster

significance threshold of P = 0.05 [446]. The mean BOLD signal was extracted from

the right parietal region to align with the vascular territory of the MCA assessed by

TCD. The BOLD signal was then shifted so that zero BOLD signal corresponded to
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the baseline period. Finally, to account for respiratory delays in each modality, the

corresponding PETCO2 trace was time-shifted relative to the TCD or BOLD signal

using cross-correlation. For a detailed account of these steps, see Hayes et al. 2025

[169].

7.2.3 Data Analysis

The aligned TCD MCAv vs. BOLD-fMRI data were fit with the simplified Davis model

(Equation (7.2)) with fixed values of γ, solving only for the optimal M parameter using

least squares regression. Values of γ = -1.2, -1.1, -1.0, and -0.9 were used based on

values found in previous literature [73][74][92][150][152].

7.2.4 Statistics

Goodness of fit was assessed using the coefficient of determination, R2, where R2 < 0.4

indicates a poor fit, 0.4 ≤ R2 < 0.6 indicates a moderate fit, 0.6 ≤ R2 < 0.8 indicates

a good fit, and R2 ≥ 0.8 indicates a very strong fit [77][448].

7.3 Results

Data from some participants were excluded due to significant noise or high signal

variability. Across all subjects included in the analysis (N = 21), the mean change in

PETCO2 from the bottom of the ramp (minimum) to peak hypercapnia (maximum)

was 27.8 ± 4.0 mmHg in TCD and 27.6 ± 4.9 mmHg in MRI (t-statistic = 0.175,

p = 0.863). The mean baseline PETCO2 during the TCD and MRI was 39.7 ± 3.7

mmHg and 43.3 ± 3.7 mmHg respectively (t-statistic = -6.299, p ≪ 0.01). To align the
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MRI and TCD signals, the overlapping PETCO2 range was selected which, on average,

ranged from 35.9 ± 4.1 mmHg to 59.6 ± 4.9 mmHg. Within this overlapping PETCO2

range, the average MCAv across subjects ranged from 81 ± 7 % to 175 ± 19 % of

baseline and the average BOLD signal ranged from -1.4 ± 1.1 % to 4.9 ± 1.0 %, with

a maximum of 6.5 % BOLD.

The best fit curves of the linear regression and the Davis model with γ fixed at -1.2,

-1.1, -1.0, and -0.9 on top of the combined subject data are presented in Figure 7.1.

The optimal M for each γ is 0.080, 0.084, 0.091, and 0.099 respectively. The R2 as a

function of M for each fixed γ is presented in Figure 2. The R2 of the best fits are

0.696, 0.701, 0.704, and 0.708 respectively, all corresponding to good fits to the data.

The linear regression resulted in an R2 of 0.720. All models were constrained to pass

through the baseline point (1.0, 0.0).
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Figure 7.1: Group-level best fits of the Davis model with fixed parameters and cor-
responding M parameters optimised by least-squares regression. A linear regression
(LR) of normalised BOLD signal as a function of normalised MCAv is also presented.
The R2 for each fit is presented in the legend.

Figure 7.2: Coefficient of determination (R2) as a function of the M parameter at fixed
gammas of -1.2, -1.1, -1.0, and -0.9. The best fit M parameters are highlighted with
their corresponding parameters in the legend.
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7.4 Discussion

The principal finding of this study is that the simplified Davis model [92][182] provides

a robust framework for characterising the relationship between BOLD-fMRI responses

and changes in CBF, as proxied by TCD measures of blood velocity in the MCA. By

investigating four different γ values (-1.2, -1.1, -1.0, and -0.9), drawn from previous

literature [73][92][150][152], we obtained consistent and "good" fits (R2 ≥ 0.69). Fur-

thermore, a simple linear regression between MCAv and the BOLD signal produced

an R2 of 0.720, indicating robust agreement and reinforcing the notion that BOLD

can serve as a useful surrogate for assessing CBF velocity changes during isometabolic

stimuli below 6.5 % BOLD signal change.

Our results align well with prior work on BOLD calibration and the Davis model.

In the original formulation, Davis et al. (1998) suggested a method to quantify the

interplay between the BOLD signal, CBF, and CMRO2. Subsequent studies refined the

model parameters, particularly the parameters that go into the γ exponent, highlighting

its sensitivity to different field strengths and stimuli [54][73][103][150][162][182]. The γ

values tested here span the range reported in these refined calibrations, and our findings

support the validity of using these literature-derived values even when the assumption

of constant CMRO2 is employed.

Our approach also underscores the utility of TCD measurements as a rapid means of

estimating flow changes in large intracranial arteries during hypercapnia challenges.

While TCD-based velocity signals cannot directly capture local microvascular changes,

prior research has demonstrated that MCAv correlates with more direct measures of
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flow [439]. The present work contributes to this body of evidence by linking TCD

responses to BOLD signal changes within the Davis model framework and using linear

regression.

7.4.1 Impact of the Research

This study is, to our knowledge, the first to test the simplified Davis model using

TCD-derived flow velocity measurements. By showing that the fitted M parameter

(ranging from 0.080 to 0.099) remains stable across the tested γ values, we provide

further support for the robustness and reliability of the Davis model in capturing

hypercapnia-induced changes in BOLD signal. Our work indicates that for ramp CO2

stimuli with an average change in PETCO2 of 28 mmHg, both the simplified Davis

model and a linear model can accurately describe BOLD responses, which will be

of interest to researchers who require a less resource-intensive methodology than full

ASL-based calibrated fMRI.

Moreover, these findings are directly relevant to clinical and translational cerebrovas-

cular research. TCD is widely available in many clinical settings and provides a rela-

tively inexpensive, bedside tool for assessing haemodynamic changes. Demonstrating

that TCD can be coupled with BOLD-fMRI, even in separate sessions, to yield con-

sistent physiological inferences, expands the potential for multi-modal validation of

fMRI-based CBF measurements.
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7.4.2 Limitations

Despite these promising results, several limitations must be acknowledged. TCD only

quantifies blood flow velocity in a single large artery (the MCA in our case) rather than

whole-brain or region-specific [439]. TCD and BOLD-fMRI data were also collected

on different days with up to 83 days between sessions, potentially introducing intra-

subject variability (e.g., as a result of sleep, stress levels, hydration status) [239][335].

Furthermore, future studies may benefit from replacing the assumption of isometabolic

response to hypercapnia with additional direct measures [42][104]. Although the ramp

CO2 protocol elicited a range of responses that facilitated robust model fitting, variabil-

ity between subjects in the CVR curve complicated the estimation of parameters such

as M and γ without prior physiological constraints. A larger cohort would improve

statistical power and the generalisability of the estimated parameters. The number of

participants included in the analysis (N = 21) was modest and future research with

larger cohorts is warranted to confirm these findings and to further explore physiological

factors contributing to inter-individual variability in cerebrovascular responses.

7.5 Conclusion

Our findings demonstrate that the simplified Davis model, anchored by literature-

based γ values, offers a strong fit to both BOLD and TCD velocity signals under a

ramped hypercapnia protocol. The findings demonstrate reliable modelling of BOLD

signal changes up to 6.5 % BOLD signal change, with the strong linear fit supporting

BOLD-fMRI as a robust CBF estimate. This "proof-of-concept" technical validation
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underscores the potential of integrating TCD as a complementary or surrogate method

for quantifying haemodynamic changes in studies that aim to calibrate or interpret

BOLD-fMRI data.

Data Availability

The materials used to support the findings of this research are available from the

corresponding author upon reasonable request.
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8 | Conclusions and Future Work

8.1 Conclusions

One of the major challenges in cerebrovascular research is the accurate, accessible, and

interpretable assessment of cerebrovascular reactivity (CVR). Traditional approaches

often fail to capture the full complexity of vascular responses, limiting their clinical

applicability and reliability as biomarkers for neurovascular diseases. This thesis set

out to advance the field of CVR assessment by developing and validating novel acqui-

sition and analysis methods that improve sensitivity, accessibility, and interpretabil-

ity. Through the integration of multimodal imaging techniques-including transcranial

Doppler ultrasound (TCD), blood oxygen level dependent functional MRI (BOLD-

fMRI), and pupillary light response protocols - and the application of innovative mod-

elling approaches such as Bayesian and non-linear frameworks, this work addresses

longstanding challenges in capturing the full complexity of vascular responses. By

demonstrating the feasibility and accessibility of new CVR protocols, the thesis not

only enriches the methodological toolkit available to neurovascular researchers but also

underscores the clinical potential of CVR as a biomarker for neurodegenerative disease

and other pathologies. The sections that follow delve into the key findings, explor-

ing how integrating vascular smooth muscle cell dynamics, validating complementary

modalities, and refining computational models collectively inform the next generation

of cerebrovascular research and clinical tools.
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8.1.1 Integrating Vascular Physiology with Neurodegenerative

Disease

In Chapter 2, we reviewed the critical role of vascular smooth muscle cells (VSMC)

in neurodegenerative disorders and identified key mechanisms - such as altered VSMC

phenotype, dysregulated signaling pathways, and oxidative stress interactions - that

may underpin disease progression. The chapter underscored the potential of CVR and

cerebral blood flow (CBF) measurements as tools to characterise VSMC dysfunction in

vivo, highlighting the necessity for more targeted studies to isolate VSMC contributions

within complex neurodegenerative pathologies.

8.1.2 Exploring Novel Relationships between Ocular and Cere-

bral Dynamics

Chapter 3 provided the first investigation into the relationship between pupillary light

response (PLR) dynamics and CVR. The finding of a significant negative correlation

between PLR latency in a dark flash protocol and CVR establishes an intriguing link

between autonomic ocular responses and cerebrovascular health. This opens the door

for further exploration of the PLR as a non-invasive biomarker that may complement

existing CVR assessment techniques with very little added expense.
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8.1.3 Advancements in CVR Mapping through Bayesian and

Non-linear Modelling

Chapter 4 compared traditional linear General Linear Models with variational Bayesian

(VB) approaches for CVR mapping using breath-hold BOLD-fMRI data. Both method-

ologies yielded robust amplitude and delay maps in grey matter that aligned with pre-

vious literature, with VB offering advantages such as continuous delay estimation and

faster computation. These findings support the feasibility of Bayesian modelling to

provide a more physiologically informed approach (via treating variables as probability

distributions and incorporating prior knowledge into the model) and a computationally

efficient framework for interpreting cerebrovascular dynamics.

In Chapter 5, a low-cost, TCD-based method for capturing the non-linear features

of CVR was developed and validated using a PETCO2 ramp protocol. The improved

fit of non-linear sigmoid models over linear models, enhanced by Bayesian techniques

incorporating physiological priors, demonstrates the protocol’s potential as an accessi-

ble and low-cost entry point for studying complex CVR dynamics. In Chapter 6, these

models were then refined by assessing CVR using the ramp protocol in a larger cohort

imaged using both TCD and BOLD-fMRI.

8.1.4 Bridging Modalities and Validating Underlying Models

Chapter 6 addressed the challenges inherent in comparing CVR measurements ob-

tained via TCD and BOLD-fMRI. The significant linear correlations between modalities

across varying PETCO2 levels validate the utility of linear CVR modelling; however,
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they lack the range and inflection parameters from non-linear models. The refinement

of non-linear modelling parameters improved inter-modality agreement, underscoring

the importance of careful methodological design when interpreting the plateau and

dynamic ranges of CVR responses.

Finally, Chapter 7 validated the simplified Davis model for linking BOLD-fMRI signal

changes with TCD-measured CBF. The strong linear relationship observed up to a 6.5

% BOLD signal change provides robust evidence that BOLD-fMRI can serve as a

reliable proxy for CBF estimation, further solidifying the model’s applicability in both

research and clinical settings.

8.2 Limitations and Future Directions

Several limitations impacted the scope and timing of this research. Notably, a delay in

data acquisition by one year - stemming from delays in the ethics approval processes and

the constraints imposed by the COVID-19 pandemic-limited the early development of

the methods presented. In addition, while this work explored non-linear CVR methods

and PLR assessments, comparisons with more advanced computerised end-tidal forcing

systems were not conducted due to their high cost and were not in the scope of the

early development work presented in this thesis.

A further limitation apparent throughout the thesis is the absence of continuous arterial

blood pressure (ABP) measurements. Although a baseline blood pressure measurement

was taken using an arm cuff for all subjects in the Eye-Brain Studies, continuous ABP

was not acquired. Some studies indicate that spontaneous or CO2-driven ABP fluctua-
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tions can influence CBF velocity and CVR [184][345][440], while others suggest minimal

impact in healthy adults with intact cerebral autoregulation [108][31][445]. Future in-

vestigations, particularly in populations with potential autoregulatory impairments,

would benefit from continuous ABP monitoring to capture subtle haemodynamic ef-

fects.

The Bayesian models employed in this work generally utilised wide priors, reflecting

the current lack of detailed research on the physiological bounds of cerebrovascular

dynamics. As further studies provide more robust data on these bounds, refining the

Bayesian models will be essential to improve the personalisation and accuracy of CVR

modelling. Such refinements must be balanced carefully to mitigate research-induced

and population-based biases that could arise from over-constraining the models.

While the temporal features of CVR were primarily explored in Chapter 4 with the

breath-hold BOLD-fMRI data, there is substantial promise in further investigating

these features in both health and disease. A more in-depth temporal analysis could

yield valuable insights into the dynamics of cerebrovascular regulation and its alter-

ations under pathological conditions. For example, even if the amplitude in the CVR

response is preserved, if there is a significant temporal delay for that response to take

place, regionally or globally, it could indicate a risk factor or the presence of neu-

rovascular pathology. This has been shown to be the case in Parkinson’s disease [361],

occlusion [334], Moyamoya disease [101], and sickle cell disease [236].

Another significant limitation is the relatively small sample sizes (10 - 25 healthy adults

per study), which constrain the statistical power and generalisability of the physiolog-
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ical findings and precluded a robust statistical exploration of differences related to

sex, age, and lifestyle factors. These initial studies were designed primarily to prove

method and model concepts rather than to provide definitive population-level statis-

tics. There is a clear opportunity for future studies to investigate whether non-linear

modelling approaches vary with these demographic and lifestyle variables. Moreover,

the models and methods have not yet been tested in participants with pathological

conditions. Future research should extend these protocols to larger and more diverse

cohorts, including patient groups, to assess the clinical utility of these approaches.

Although our ramp protocol and associated models offer a cost-effective and acces-

sible means to quantify CBF dynamics, their applicability in pathological conditions

remains uncertain. Non-linear CVR is an emerging area that could provide deeper in-

sights into cerebrovascular health and disease. However, our current findings are based

on Bayesian priors derived from healthy adults, and different modelling approaches may

be necessary for diseased states. Existing studies have shown altered CVR patterns

in conditions such as moyamoya disease [94][171][250][364] and in other conditions in-

cluding stroke [221][263][256], cognitive decline [61][349][18][422], and traumatic brain

injury [81][89][295]. Expanding non-linear CVR assessments to include such patho-

logical cohorts will be crucial for validating the clinical applicability of these methods

and to identify if specific priors could be used to guide the diagnosis or treatment of

pathology.

Collectively, these limitations provide clear directions for future research. Future stud-

ies should aim to refine model confidence metrics, optimise Bayesian priors based on

emerging physiological data, and incorporate continuous arterial blood pressure mon-
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itoring where feasible to further improve CVR measurement accuracy. Additionally,

expanding research to larger, more diverse cohorts - including participants with cere-

brovascular and neurodegenerative diseases - is essential for translating these methods

into clinical practice. By addressing these challenges, future work can enhance the

clinical utility of CVR as a biomarker, ultimately contributing to improved diagnostics

and therapeutic monitoring in neurovascular health.

8.3 Final Remarks

Taken together, the research presented in this thesis highlights the potential of ad-

vanced cerebrovascular reactivity assessment methods in both research and clinical

care. By bridging TCD and BOLD-fMRI approaches, integrating pupillometry for

complementary measures, and employing robust Bayesian and non-linear modelling

frameworks, this work demonstrates that CVR can be quantified with greater sensi-

tivity, specificity, and accessibility than previously possible. The findings lay a critical

foundation for detecting vascular dysfunction at earlier stages of neurodegenerative

disease and for refining clinical decision making to support cerebrovascular health.

Beyond establishing a stronger methodological basis for CVR measurement, this thesis

underscores the value of multimodal and non-invasive techniques as future mainstays

of neurovascular assessment. The incorporation of ocular biomarkers, such as the

PLR, opens additional avenues for uncovering new markers of cerebrovascular health.

These approaches also show promise for resource-limited settings, where cost-effective

diagnostics are essential. As technology advances and these methods become more
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streamlined, it is conceivable that routine CVR assessment will play a pivotal role in

personalising treatment and improving patient outcomes. Ultimately, by enhancing

our ability to measure and interpret CVR in a range of contexts, the work presented

here moves us closer to a future in which neurovascular diagnostics are more accurate,

accessible, and responsive to the individual needs of patients.
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A | Appendix - Bayesian Modelling Approaches for

Breath-Hold Induced Cerebrovascular Reactiv-

ity

A.0.1 Cerebrovascular Reactivity and Delay Maps Across Ses-

sions

All sessions for one representative subject are presented in Figure A.1 and Figure A.2,

respectively, for both the variational Bayesian (VB) and lagged general linear model

(lGLM) methods.
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Figure A.1: CVR amplitude maps obtained using the lagged-GLM (lGLM) and varia-
tional Bayesian (VB) analyses for all the sessions of a representative subject (subject
002). Each row represents a session.

II
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Figure A.2: CVR haemodynamic delay maps obtained using the lagged-GLM (lGLM)
and variational Bayesian (VB) analyses for all the sessions of a representative subject
(subject 002). Each row represents a session.

A.0.2 Revised Linear Mixed Effects Z-Scores

The thresholded z-score maps for the CVR and delay LMEr comparison are presented

Figure A.3. The absolute value of the z-score is thresholded at 2.63 for the CVR map

and 2.60 for delay map, corresponding to a cluster-corrected p-value of 0.01.
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Figure A.3: CVR and delay z-score maps from the revised linear mixed effects (LMEr)
pairwise comparison between the lagged-GLM (lGLM) and variational Bayesian (VB)
analyses. The absolute value of the z-score is thresholded at 2.63 for the CVR map
and 2.60 for delay map, corresponding to a cluster-corrected p-value of 0.01.

Group-Level Mean and Median CVR and Delay Values

The CVR and delay values within each of the 8 regions of the MNI brain atlas (MNI-

maxprob-thr25 brain atlas at 2.5mm in FSL) are shown in Table A.1.

IV
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Table A.1: Regional CVR amplitude and delay values for lGLM and VB methods in 8
MNI-atlas regions of the brain.

CVR (% BOLD/mmHg) Delay Values (s)

lGLM VB lGLM VB

Regions Mean Median Mean Median Mean Median Mean Median

Caudate 0.104 0.127 0.094 0.103 -0.128 -1.104 -0.110 -0.524
Cerebellum 0.153 0.132 0.174 0.112 1.397 1.692 0.958 0.862
Frontal Lobe 0.199 0.161 0.200 0.144 -0.848 -1.667 -0.601 -0.597
Insula 0.172 0.184 0.162 0.172 -1.004 -1.596 -0.757 -1.01
Occipital Lobe 0.237 0.155 0.220 0.141 -0.268 -0.633 -0.101 -0.212
Parietal Lobe 0.189 0.157 0.197 0.141 -0.727 -1.183 -0.468 -0.530
Putamen 0.143 0.152 0.129 0.133 -1.483 -2.254 -0.989 -1.276
Temporal Lobe 0.170 0.120 0.175 0.096 -0.280 -0.667 -0.153 -0.299
Thalamus 0.191 0.152 0.177 0.132 -0.396 -1.229 -0.276 -0.631

A.0.3 Variance and Coefficients of Variation

The VB method computes variance maps for each model parameter, detailing an un-

certainty metric in the posterior outputs. Since the variance scales with the amplitude

of the parameter, a parameter known as the coefficient of variation (CoV) was calcu-

lated by dividing the variance by the parameter of interest as shown in Figure A.4 for

the CVR and delay CoV. The CoV histograms in Figure A.4 illustrate the mean and

variability in the parameter estimates in white matter, grey matter, and cerebral spinal

fluid.
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Figure A.4: Coefficient of variation (CoV) map of variational Bayesian-derived CVR
(top) and delay (bottom) for a representative subject and session. The respective CoV
histogram distributions are plotted of white matter (blue, dashed), grey matter (green,
solid), and cerebral spinal fluid (red, long-dashed)
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B | Appendix - Models of Cerebrovascular Reactiv-

ity in BOLD-fMRI and Transcranial Doppler Ul-

trasound

B.0.1 Summary of Age and Sex Effects on TCD and MRI-

Derived CVR Parameters

A summary of multiple linear regression results assessing the effect of age and sex on

the CVR parameters are presented in Table B.1. Notably, sex and age had no statis-

tically significant impact on any of the CVR parameters. The Shapiro-Wilk test was

used to examine whether the regression residuals are normally distributed and if they

are normally distributed, the ordinary least squares (OLS) model was used, if not, the

robust linear model (RLM) was used [373]. The Breusch-Pagan test confirmed that all

parameters maintain constant variance (homoscedasticity) [49]. The Durbin-Watson

statistic was used to confirm the presence of autocorrelation among the residuals (in-

dependence) [110]. Together, these checks verify that the key assumptions of linear

regression are sufficiently met.
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Table B.1: Summary of multiple linear regression results examining the effect of age and sex on TCD and MRI-based CVR
parameters. Each row lists a specific parameter and the model type used (ordinary least squares (OLS) for normally distributed
parameters and robust linear model (RLM) for non-normally distributed parameters, determined by the Shapiro-Wilk test). The
estimated regression coefficients (and p-values) for age and sex, the model R2, and p-values/statistics for residual diagnostics:
Breusch-Pagan test (homoscedasticity), and Durbin-Watson statistic (independence). Statistically significant was taken as p-values
< 0.05.

Modality Parameter Model used
Shapiro-Wilk

p-value

Age

regression

coefficient

Age

p-value

Sex

regression

coefficient

Sex

p-value
R2

Breusch-Pagan

statistic

Breusch-Pagan

p-value

Durbin-Watson

statistic

TCD Linear slope OLS 0.785 0.0002 0.327 0.0000 0.989 0.047 1.744 0.418 1.453

4p Model ’a’ OLS 0.418 0.0031 0.519 0.0538 0.593 0.038 3.145 0.208 1.884

4p Model ’b’ RLM 0.001 -0.0044 0.951 -0.8640 0.563 - - - -

4p Model ’c’ OLS 0.617 0.0946 0.304 -2.4582 0.206 0.106 0.083 0.959 1.816

4p Model ’d’ RLM 0.010 0.0035 0.680 -0.0829 0.637 - - - -

2p Model ’b’ RLM 0.003 -0.0589 0.498 -0.5911 0.746 - - - -

2p Model ’c’ OLS 0.097 -0.0860 0.514 -0.9926 0.719 0.030 3.024 0.221 1.209

MRI Linear slope OLS 0.630 -0.0006 0.409 0.0028 0.856 0.033 0.384 0.825 1.410

4p Model ’a’ RLM 0.010 -0.0675 0.642 1.4495 0.635 - - - -

4p Model ’b’ OLS 0.251 0.0184 0.894 0.9167 0.753 0.006 1.579 0.454 2.474

4p Model ’c’ OLS 0.626 -0.1001 0.659 2.6819 0.574 0.022 2.429 0.297 2.810

4p Model ’d’ OLS 0.114 0.0261 0.860 0.1196 0.969 0.002 4.770 0.092 2.611

2p Model ’b’ OLS 0.764 0.0572 0.332 -0.5542 0.651 0.049 0.041 0.980 1.449

2p Model ’c’ OLS 0.130 0.1053 0.120 -1.8117 0.199 0.156 1.839 0.399 1.879
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