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Abstract

A healthy brain possesses an intrinsic collection of mechanisms, known as dynamic
cerebral autoregulation, that allow it to withstand physiological disturbances and main-
tain a sufficient and continuous supply of blood required to perform its functions. Ab-
normalities in cerebral autoregulation have been implicated in various disease condi-
tions, including ischaemic stroke, and more recently neurodegenerative diseases such as
Alzheimer’s. These protective mechanisms occur predominantly in the microvasculature,
the site of exchange between the blood and the brain tissue. However, the microvascu-
lature’s role in diseases is poorly understood, primarily due to the current imaging gap
between the scales of clinical imaging (mm) and the microvasculature (pm). Hence,
models of blood flow in the microvasculature can play a key role in filling this gap and
help achieve a better understanding of cerebrovascular pathologies. These conditions are
often linked to structural modifications in the vessel network, alterations in blood flow
patterns, as well as impairment in the autoregulatory responses, all of which are changes
that the model should be able to address if it were to have any clinical value.

We use perturbation methods to derive a model of dynamic blood flow and control
in the microvasculature, one that resolves the structure of the individual microvessels in
the network, and the autoregulation mechanisms are incorporated via a feedback model
that alters the compliance of the individual vessels. We then validate the model and use
it to model blood flow in the cortical penetrating vessels, whereas we model the capil-
lary bed of the cortex as a porous medium and geometrically discretise it using a novel
finite volume algorithm that ensures numerical accuracy and computational feasibility
of the numerical solver. We then appropriately couple the discrete and continuum parts
of the networks, giving rise to a single multiscale system that characterises the dynamic
pressure and flux variations throughout an MRI voxel-sized network.

We conduct parameter calibration and sensitivity analyses to ensure an accurate char-
acterisation of the feedback model parameter space. Finally, to demonstrate the utility of
the models, we use the constructed networks as in-silico vascular testing beds to explore
the biophysical origins and mechanisms behind the hypercapnic response, which remain
poorly understood due to the difficulties of investigating the response in a conventional
experimental context. Drawing from the available experimental data, we propose a se-
quence of the signalling events underpinning the hypercapnic response, and use the mod-
els to test the hypothesis and provide compelling evidence that strongly corroborates its
validity, thereby providing an important addition to our understanding of the blood flow

control processes and motivating further in-vivo investigations.





















Glossary

ABC: Approximate Bayesian Computation
ABP: Arterial Blood Pressure

ACh: Acetylcholine

ACT: Arteriole-Capillary Transitional

BC: Boundary Conditions

BOLD: Blood Oxygen Level Dependent
CBF: Cerebral Blood Flow

CBYV: Cerebral Blood Volume

CFD: Computational Fluid Dynamics
CFL: Courant-Friedrichs-Lewy

CN: Crank-Nicolson

CoW: Circle of Willis

CS: Cross-Sectional

CSF: Cerebrospinal Fluid

CV: Control Volume

CVR: Conducted Vascular Response

dCA: Dynamic Cerebral Autoregulation
DGEM: Direct Gradient Evaluation Method
DSC: Dynamic Susceptibility Contrast

EC: Endothelial Cell

EE: Elementary Effects
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FD: Finite Difference

fMRI: Functional Magnetic Resonance Imaging
FV: Finite Volume

ICP: Intracranial Pressure

IP3: Inositol Triphosphate

MAP: Mean Arterial Pressure

MC: Monte Carlo

MCEF: Monte Carlo Filtering

MLCK: Myosin Light Chain Kinase
MRI: Magnetic Resonance Imaging
NVC: Neurovascular Coupling

ODE: Ordinary Differential Equation
PDEF: Probability Distribution Function
PDE: Partial Differential Equation
RBC: Red Blood Cell

rCBF: Regional Cerebral Blood Flow
ROI: Region of Interest

SMA: Smooth Muscle Actin

SMC: Sequential Monte Carlo

VSM: Vascular Smooth Muscle
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2.7 Summary

In this literature review, we have provided a brief overview of the structure and function of
the human brain, before describing the cerebral circulation, with a particular focus on the
microvasculature. We have outlined the different zones of the microvasculature, which are
distinguished from one another primarily by the morphology of the mural cells surrounding
the vessels, and with the understanding that these zones do not form discretised regions but
rather represent a continuum of vascular and mural cell morphologies. We then described
the processes governing CBF control in the arteriolar vessels, including the myogenic, en-
dothelial, metabolic and neurogenic mechanisms, which alter the VSM tone in the vascular
walls and thus modify the pressure-radius relationship of the vessels. Next, we examined
the composition of blood, and the important rheological implications arising from the inter-
actions of the RBCs with the fluid plasma and the vessel walls. In particular, we described
how an effective, or apparent viscosity can be obtained as a function of the vessel diameter
and haematocrit content from in-vivo empirical formulations, which are to be used in the next
chapters. Finally, we outlined the general modelling approaches available for conducting
haemodynamic simulations, which include 3-D, 1-D, steady-state 0-D, and compartmental
models, as well as upscaled homogenised representations of the capillary bed, and outlined
the advantages, limitations, and general uses of each. We described one example of a com-
partmental model that incorporates CBF and regulation feedback mechanisms, which in turn

paves the way for discussing the models of dynamic CBF and control in the next chapters.
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Chapter 3

A Network-Based Model of Dynamic Cerebral Blood Flow

and Autoregulation

Abstract

Cerebrovascular diseases continue to be among the leading causes of morbidity and
mortality in humans. Abnormalities in dCA have been implicated in many of these dis-
ease conditions. Accurate models are therefore needed to better understand the complex
pathophysiology behind impaired dCA. We thus present here a simple framework for
modelling a vessel-driven network model of dCA in the microvasculature, as opposed to
the conventional compartmental modelling approach. Network models incorporate the
actual connectivity and anatomy of the vasculature, thereby allowing us to include and
trace changes in the calibre and morphology of individual vessels, investigate the spa-
tial specificity and heterogeneity of the various control mechanisms to help disentangle
their contributions, and link the model parameters to the actual network physiology. We
incorporate the proposed control feedback mechanisms at the level of the individual ves-
sel, and solve for the dynamic pressure and flow fields within a simple vessel network.
In response to an upstream pressure drop, the network is found to be able to recover CBF
while exhibiting the characteristic autoregulatory behaviour in terms of changes in ves-
sel calibre and the biphasic flow response. We assess the feasibility of our formulation
in larger networks by comparing the simulation results to those obtained using a one-
dimensional (1-D) model of CBF applied to the same microvasculature network and find
that our model results are in very good agreement with the 1-D solution, while signifi-
cantly reducing the computational cost, thus enabling more detailed models of network
behaviour to be adopted in the future. Accurate and computationally feasible models of
dCA that are more representative of the vasculature can help increase the translatability
of haemodynamic models into the clinical environment, which would help develop more

informed treatment guidelines for patients with cerebrovascular diseases.
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Figure 3.3: The 13 generation network under steady-state conditions, with the inlet and outlet pressures defined
at the left node of the A1 vessel, and the right node of the V1 vessel, respectively.

1.05 1.05
1 p——-- ~ i 1= ~
i - - A
1 - 1 . e e
i - 1 P - T e———
095 i L ’ 1 095 \ R
1 L
s P | /
2 : ; —Q = b 4 —aq’
& 09 [ ’ R & 09 [l L out
- I in [ v ----af
L} L] in
B ‘ ’ at kst v ) A
L 08¢ ot Sosst I n
N o i
= LIEd = 0 in
2 08 T S osr Y
W v
| .
075 | 1 075 |
LS 3
07t 1 07t
0.65 ‘ : ‘ 0.65
0 5 10 15 20 0 5 10 15 20
Time [s] Time [s]
(a)

(b)
Figure 3.4: Flow (relative to baseline) through the 13-generation bifurcating network using our perturbation

model (a), and using the 1-D model (b), in response to a 15% inlet pressure drop, featuring both the active (A)
and passive (P) cases representing functional and impaired CA, respectively.
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Figure 3.5: Flow (relative to baseline) through the 13-generation bifurcating network using our perturbation
model (a), and using the 1-D model (b), in response to a 15% inlet pressure increase, featuring both the active
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(A) and passive (P) cases representing functional and impaired CA, respectively.
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Figure 3.6: Flow (relative to baseline) through the 13-generation bifurcating network using our perturbation
model (a), and using the 1-D model (b), in response to a 10% inlet pressure drop, featuring both the active (A)
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and passive (P) cases representing functional and impaired CA, respectively.
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Figure 3.7: The changes in the radius, stiffness, intraluminal pressure, shear stress, and flow, relative to their
baseline values, across the arteriole vessel generations in the 13-generation network, under the actions of both
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the myogenic and endothelial responses (a) and the myogenic response only (b).
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Chapter 4

A Multiscale Model of Blood Flow and Control in the

Cerebral Cortex

Abstract

For the results of the haemodynamic model to be validated against clinical MRI data,
the model simulations need to be computationally feasible when used on networks on
the scale of an MRI voxel. This requires some form of an upscaling approach that by-
passes the need for an explicit architectural representation of the whole network while
maintaining the relevant anatomical connections. To this end, we developed a hybrid
multiscale model of blood flow and autoregulation that traces the dynamic changes in
blood flow, volume, and pressure in the cortical microvasculature, in which the discrete
topology of the penetrating vessels is preserved, and these are then appropriately cou-
pled to the homogenised capillary bed by a spatially distributing support function in the
terminal endings. In contrast to the other multiscale models, the model developed here
accounts for the dynamic physiological phenomena of the blood flow and the autoregu-
lation processes in the microvessels. We show how the adaptive meshing scheme for the
capillary bed developed in this study can be employed to ensure a scale-invariant cou-
pling formulation and numerically accurate simulations, all without compromising the
computational feasibility of the model. A statistically accurate cortical network on the
scale of an MRI voxel is generated, and the model parameter values are calibrated using
a Monte Carlo Filtering analysis to ensure that the model results are physiologically in-
formed. The model is found to be able to capture the steep pressure gradients that have
been reported to occur at coupling interfaces. Furthermore, in response to an upstream
pressure drop, the network is found to be able to recover cerebral blood flow while ex-
hibiting the characteristic autoregulatory behaviour in terms of changes in vessel calibre
and the biphasic flow response. Overall, the model developed here offers a high-quality
characterisation of dynamic flow and autoregulation in the microvasculature at improved

computational efficiency and lays the ground for whole-brain dynamic simulations.
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Figure 4.2: a) The voxel domain is discretised using an initial coarse mesh of cubes of side length L1 = 75um,
with the markers representing the CV centroids. b) The penetrating network vessels are embedded into the
domain. CVs with at least one coupling point are labelled and further discretised using cubes of side length
Lz = L1 /2. ¢) The penetrating vessel network is re-embedded into the non-uniform mesh, and the CVs that still
contain multiple coupling points, where the first level of refinement was insufficient, are marked for successive
refinement and are further discretised using cubes of side length L3 = L1/4. Cells of side length L1 neighbour-
ing cells of side length L3 are also further discretised to cells of side length L> to ensure a smooth transition
in size between contiguous cells. d) The penetrating vessel network is then re-embedded into the non-uniform
mesh, and the final element-to-element relations for the structured mesh are stored.
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