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The healthy functioning of the human brain depends on continuous and sufficient blood flow and 
metabolism. Severe interruptions in blood and oxygen supply can lead to energy impairment, and 
result in irreversible brain damage. In ischaemic stroke, a large reduction in blood supply leads to 
the breakdown of the blood-brain barrier (BBB) and reperfusion injury after reperfusion therapy. 
The increased BBB permeability disrupts the homeostasis of solutes between blood and interstitial 
fluid and therefore gives rise to fluid leakage from blood vessels into the interstitial space. As a 
result, brain injuries such as brain oedema and haemorrhagic transformation can occur.  

The simulation of the full brain has previously been performed based on mechanical and 
poroelastic models to study brain mechanics. In these studies, however, the modelling of post-
stroke brain damage has not been considered and it is therefore necessary to propose new models 
for further investigations. This thesis further develops the simulation tools in the In Silico Clinical 
Trials for the Treatment of Acute Ischaemic Stroke (INSIST) project.  

I first propose a model for the simulation of osmotherapy, which is a common practice to relieve 
intracranial pressure (ICP) in brain oedema. The model is directly compared with clinical data for 
model validation. Furthermore, parameter sensitivity analysis is conducted to investigate the 
impact of various parameters, including shear modulus, tissue hydraulic permeability, and capillary 
vessel wall permeability, and to determine the effects of these physiological parameters on 
oedema development. Finally, different administration protocols are studied using the model and 
a near-optimal strategy for oedema treatment is proposed.  

Secondly, haemorrhagic transformation after stroke commonly occurs alongside oedema. 
Therefore, the model is further developed to include the growth of haematomas by simulating the 
flow of blood through the interstitial space. The simulation results are compared with clinical 
imaging to obtain the blood perfusion data and then utilised to investigate the effects of high blood 
glucose, blood pressure, etc. 

Thirdly, a study for the modelling of the contact mechanics of oedema in the brain is conducted. 
As the brain swells, the cerebrospinal fluid in the ventricle is compressed and drained to release 
pressure. A complex contact mechanics problem thus emerges which has not been previously 
solved. This model provides the first computational tool for the simulation of ventricle collapse 
and large brain deformation. Meanwhile, this study also focuses on the midline shift caused by 
brain swelling as it is a crucial criterion to determine the severity of oedema. Prediction curves of 
MLS-ICP relationships are proposed and compared with the clinical data.  

Finally, an AI-assisted model for the optimisation of osmotherapy is proposed. The data produced 
from the in-silico model are utilised to train a deep neural network for the generation of virtual 
patient groups with different blood-brain barrier damage levels and age. This provides an 
approach for the optimisation of treatment strategy for patient stratifications. 
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Chapter 1 
 
 
Introduction 
 
 
The human brain, an extremely complex organ comprising hundreds of billions of brain cells, gives 

us intellectual abilities and other basic body functions such as thermoregulation, emotions, and body 

movement. Given the importance of the human brain, diseases such as Alzheimer’s disease, stroke 

and brain haemorrhage can lead to high death rates and morbidity rates (Wells, 1978). Specifically, 

stroke is one of the major clinical concerns. Around 15 million people suffer either an ischaemic or 

a haemorrhagic stroke around the world every year. Of these, approximately 5 million die and 

another 5 million are left permanently disabled, placing a heavy burden on their families and society 

(Boot et al., 2020). In this study, I will focus on one type of stroke, ischaemic stroke, as it is by far 

the most common, and reperfusion injury after its treatment. 

 

1.1 Ischaemic Stroke 
 
Ischaemic stroke refers to the reduction in blood flow and oxygen supply that is caused by occlusion 

of brain vessels. Blood occlusions typically appear in the region where the blood vessels are 

narrowed or blocked over time by fatty deposits known as plaques, which are formed in a process 

called atherosclerosis. The formation of plaques is partly related to unhealthy habits such as smoking, 

dietary habits, and alcohol intake (Alamowitch et al., 2001). To control the damage caused by 
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reduced cerebral blood flow (CBF) to infarct cerebral tissue (tissue with occluded blood perfusion), 

reperfusion treatments such as thrombolysis and thrombectomy are used to remove the occlusion 

and hence restore CBF and oxygen supply within a short timescale. 

 

1.2 Post-stroke Injuries 
 
Blood-brain barrier (BBB) is a highly selective and semipermeable system that controls the fluid and 

substance exchange between brain tissue and brain blood vessels. However, ischaemic stroke leads 

to blood vessel blockage and reduction in blood and oxygen supply, which gives rise to BBB 

breakdown. In reperfusion therapy, the occlusion is removed and blood perfusion is restored and this 

can lead to fluid leakage into the interstitial space through damaged BBB (Fig.1.1). As a result, the 

accumulation of fluid in the interstitial space gives rise to intracranial pressure (ICP) increase and 

the water content rise that can lead to tissue swelling and brain oedema.   

 

 

 

Figure 1.1: Fluid filtration from the lumen to the interstitial space through the blood brain barrier 

(BBB) of a single capillary vessel (with mean diameter of 5	𝜇𝑚), where the BBB consists of 

endothelial cells, astrocytes, tight junction, and pericytes. The tight junctions seals the space 

between endothelial cells.   



5 
 

The tissue swelling can lead to high tissue stress, vessel collapse and secondary ischaemia (Ames et 

al., 1968) (Fig.1.2). In severe cases, the leakage of fluid in the BBB causes the rupture of the blood 

vessel and consequently haemorrhagic transformation. These phenomena are collectively termed 

reperfusion injury (Zimmerman & Granger, 1992). Among ischaemic stroke patients, around 50% 

of patients have brain oedema and more than 10% develop haemorrhagic transformation (HT). 

Reperfusion injury following the onset of acute ischemic stroke often occurs without noticeable 

symptoms (Álvarez-Sabín et al., 2013) but can significantly affect the patient outcome. Therefore, 

reperfusion injury is a major concern in ischaemic stroke treatment (Mokhtarudin, 2016). 

 

 

Figure 1.2: Increased ICP and tissue stress in brain oedema, reproduced from Xiao et al., 2022 

under CCBY 4.0 license, without change. The shaded region is the oedema and the oedema swells 

and compresses the surrounding tissue.  

 

1.2.1 Post-stroke Brain Oedema 
 
Brain oedema occurs within a few hours after stroke reperfusion and has been shown to continue 

worsening up to the first 5 days or even weeks after the stroke onset (Chen-Mei et al., 1959). 

Therefore, evaluating the severity of brain oedema is of great importance for decision-making for 

the choice of the type and timing of the treatments. Several early experimental studies showed that 
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oedema formation depends on the duration (Wu et al., 2018) of ischaemia and also on whether or 

not the reperfusion therapy is successful (Kimberly et al., 2018). Meanwhile, the severity of oedema 

is also related to age, blood pressure, medical history, and a number of other patient characteristics. 

All of these factors, however, can be different between individuals and it is still poorly understood 

how they affect clinical outcomes (Post et al., 2003). Although these factors (such as the ischaemia 

duration and age) are observable and straightforward to measure in clinical settings, they are not 

direct indicators of oedema severity. In clinical trials, ICP rise is the most common indicator of brain 

oedema severity as it is related to tissue deformation, stress and strain. However, most reliable ICP 

measurements remain invasive.  

 

Although brain oedema has a mortality rate of around 80%, the treatments of oedema are limited 

and can induce various side effects. To date, treatments for brain oedema available in clinical settings 

include osmotherapy and decompressive surgery (DS). In decompressive surgery, part of the skull 

is removed to allow the swelling brain tissue to expand and therefore it effectively reduces ICP (as 

shown in Fig.1.3), prevents tissue squeezing and maintains cerebral perfusion pressure (CPP) 

(Cushing, 1905). Although effective in saving life and reducing mortality rate, DS is related to a 

number of post-surgical complications such as subdural and subgaleal collections (Amorim et al., 

2014; Naugebauer & Jüttler, 2014; Soinne et al., 2014), intraparenchymal haemorrhage (Aarabi et 

al., 2006; Yang et al., 2008), hydrocephalus, and Syndrome of the Trephined (Fodstad et al., 1984; 

Joseph et al., 2009; Yamaura et al., 1977).  

 

In decompressive surgery, the most important factors to consider are the size and location of the 

skull opening. It has been shown in previous studies that patients with a larger size of skull removed 

are more prone to infection and a larger volume of brain herniation (Simard, 2015), which means a 

larger volume of tissue protruding through the skull opening (Lambride et al., 2020). Meanwhile, 
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some studies show that the location of skull removal has different effects on patients and 

decompressive surgery on the non-injured side compared to the injured side is favourable to relieving 

tissue stress. However, the results shown in previous studies are sometimes contradictory (Pallesen 

et al., 2019) and either a guideline or a prediction tool to optimize the size and location of 

craniectomy is still lacking. 

 

 

Figure 1.3: Illustration of decompressive craniectomy, reproduced from Fletcher et al. 2016 under 

CCBY 4.0 license, without change. (a) the choice of the location of decompressive surgery. (b) The 

opening of the skull to relieve ICP in oedema.   

 
Another treatment, termed osmotherapy, aims to reduce the brain tissue volume by injecting 

osmotically active substances such as mannitol, glycerol, sorbitol, and hypertonic saline (Nau, 2000). 

This increases the osmotic pressure in the blood vessels and increases the difference in osmotic 

pressure between the interstitial fluid and vessel blood (Zornow, 1996). Consequently, this creates a 

pressure gradient that drives interstitial fluid back into the brain vessels, thereby reducing the volume 

of the brain tissue herniation and hence controls the ICP rise. The rate of ICP reduction relies on the 

concentration of the substances used in therapy, the permeability of the damaged blood-brain barrier, 

the time interval of injection and also the volume of swollen tissue (Steiner & Andrews., 2006). 

Mannitol is the most commonly used osmotherapeutic agent in controlling elevated ICP after 
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reperfusion therapy (Adams et al., 1994; Hacke et al., 2000).  

 

Despite osmotherapy having been used widely since the 1960s, the outcome of this therapy is still 

questioned and there are a number of side effects including renal and pulmonary failure, electrolyte 

disturbances, and a rebound increase in ICP (Grände & Romner, 2012). For now, osmotherapy has 

thus not yet been proven clinically because there are insufficient randomized trials to support its 

usage (Bereczki et al., 2000).  

 

Although many efforts are being made to develop treatments for ischaemic stroke and to prevent the 

occurrence of oedema, there is still lacking an understanding of the mechanism of the formation of 

ischaemic stroke, how the infarct develops and how the recovery process happens. In order to study 

the mechanism, large numbers of experiments involving both animals and humans will likely be 

required, which are expensive and time-consuming (Araujo et al., 2004). Thus, mathematical models 

can be very helpful in examining hypotheses of a particular aspect of a biological process in 

ischaemic stroke. It is proposed here that a mathematical model will be very useful in providing (1) 

an understanding of the role of biomechanical factors, such as tissue conductivity, in oedema 

development; (2) a model can be utilised to produce clinical data, such as stress and ICP, and to 

understand clinical measurement of ICP, stress and MLS; (3) suggestions and optimized strategies 

for clinical treatments such as osmotherapy and compressive surgery. In this thesis, we will present 

models for the investigation of oedema treatment, diagnosis and clinical decision-making. Various 

mechanical factors and how they can affect oedema development will be discussed and optimal 

treatment strategies will be investigated.   

 

1.2.2 Post-stroke Haemorrhagic Transformation 
 
Haemorrhagic transformation (HT) arises from the disruption of the blood–brain barrier (BBB), 
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leading to significant damage in brain tissue. In HT, the blood instead of blood components leaks 

into the interstitial space through damaged BBB and is therefore considered a medical condition 

severer than oedema. It can occur as a complication of stroke treatment with thrombolytic therapy, 

particularly when there is a breakdown of the BBB due to the combination of severe ischemic stroke 

and thrombolytic therapy. The functional outcome for patients with HT varies, with those having 

large hematomas more likely to experience a poor functional outcome.  

 

The HT can be divided into two types, spontaneous HT and secondary HT. Spontaneous HT is the 

HT that occurs without thrombolytic treatments and is caused by BBB damage during ischaemic 

stroke and vessel rupture after reperfusion, whilst the secondary HT occurs after thrombolysis. This 

classification has thus been helpful for the understanding of the side effects of thrombolysis drug to 

trigger HT. Both two types of HT are due to the disruption of the blood-brain barrier (BBB) and 

leakage of blood into brain tissue. The secondary HT is usually caused by the thrombolytic therapy 

that uses recombinant tissue-plasminogen activator (rt-PA). This drug can change the BBB 

permeability that causes the leakage of blood flow to the brain tissue. The spontaneous HT occurs 

in smaller proportion of cases than the secondary HT (Tan et al., 2014). 

 

A pivotal question in this context is whether it is possible to predict HT following an ischemic stroke. 

Specifically, can we predict the risk of a patients developing HT based on clinical imaging data and 

other measured imaging parameters. Due to the challenge in studying HT in clinical settings, in-

silico models can play a key role in modelling blood flow in HT and improve our understanding of 

the development of HT. In HT modelling, we aim to establish reliable biophysical models to 

understand how various mechanical factors can affect the haemorrhage development.    
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1.3 Outline of the Thesis 
 

This DPhil project aims to provide computational tools for the investigation of post-stroke brain 

injuries. The models will be validated with clinical data throughout the research to establish reliable 

computational tools. Once the models are obtained, they can be utilised to sharpen our understanding 

of oedema and haemorrhagic transformation from biomechanical perspective. Furthermore, 

treatment strategies can be simulated and optimised for an improved treatment outcome and 

diagnosis criteria can be better understood to improve the precision of clinical decision-making.  

 

In this thesis, ischaemic stroke and reperfusion injury will be reviewed from both physiological and 

modelling perspectives in Chapter 2. Applications of previous models will be introduced, and the 

clinical problems investigated in the models will be summarized. In Chapter 3, (Chen et al., 2022, 

published work on the Computers in Biology and Medicine), I utilised the mathematical model 

(Mokhtarudin, 2016) and the perfusion model (Józsa et al., 2021a) from the INISIST project to 

develop novel models. The model is first utilised to investigate osmotherapy which aims to reduce 

ICP in brain oedema by injecting hypertonic saline/mannitol. In the study, a mathematical model is 

utilised to study the effects of various physiological parameters and injection protocol parameters. 

Near-optimal therapeutic strategies for different cases are suggested. Chapter 4 (Chen et al., 2023, 

the published work in Applied Mathematical Modelling) develops the model to include 

haemorrhagic transformation during oedema, as they usually develop spontaneously and can both 

cause damage to the brain. The growth of the haematoma is simulated and compared with clinical 

data for model validation and further investigation. Chapter 5 (Chen et al., 2024, published work in 

PLoS Computational Biology) tackles the deformation issues in brain oedema. In previous Chapters, 

displacement is not included in the oedema and haemorrhagic transformation models. The 

deformation is challenging to simulate as large deformation introduces a contact problem. In this 
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Chapter, the Augmented Lagrangian Method is incorporated into the brain model to solve the contact 

mechanics and the large deformation in severe brain oedema. The relationship between ICP and 

midline shift (MLS) is thoroughly discussed. Chapter 6 is publishable work currently under review. 

In this Chapter, a deep neural network (DNN) is utilised to assist the investigation of osmotherapy 

in virtual patient groups and to obtain the optimal therapeutic strategy for different patient 

stratifications. This chapter aims to tackle the problem which I was unable to solve in Chapter 3. As 

the patients can have various physiological parameters, the optimisation of osmotherapy can be 

challenging. In this Chapter we investigated the osmotherapy in patient groups of different BBB 

damage levels and ages. Finally, this DPhil research is summarised, and potential future work is 

proposed in Chapter 7.  
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Chapter 2 
 
 

Literature Review 
 
 
The human brain is a highly complex organ and is still poorly understood. It receives information 

from the environment, processes and stores this information, and responds to it. The human brain 

consumes around 20 % of the total energy supply in the human body while only taking up 2 % of 

human body weight (Engl & Attwell, 2015). The high energy consumption and the limited energy 

storage capacity of the human brain make it vulnerable to a reduction in blood or nutrient supply 

caused by the occlusion of a blood vessel in ischaemic stroke. A reduction in CBF leads to blood-

brain barrier breakdown during ischaemia and thus disrupts the homeostasis of fluid between blood 

and interstitial fluid. As a result, brain oedema and haemorrhage occur and can lead to a high death 

rate and post-treatment complications after reperfusion therapy. In this chapter, reperfusion injuries 

will be reviewed from the perspectives of both physiology and computational models. 

 
2.1 Physiology of the Brain-blood Barrier 
 
The neurovascular unit (NVU) is a relatively recent concept in neuroscience that describes the 

relationship between blood vessels and brain cells such as astrocytes, pericytes, endothelial cells 

(EC) etc. (Bell et al., 2020) (Fig.2.1). The astrocyte is a star-shaped cell in contact with endothelial 

cells and neuron cells via astrocyte foot processes. It provides the most complete coverage of blood 
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vessels such as arterioles and capillaries and is believed to play a key role in the integrity of the 

blood-brain barrier (Brown et al., 2019; Abbott et al., 2010). Astrocytes not only initiate the 

formation of the blood-brain barrier but also contribute to homeostatic regulation and provide 

structural support for the maintenance of the vessel wall (Brown et al., 2019; Bell et al., 2020). 

Meanwhile, pericytes are embedded in the basement membrane (a thin, extracellular protein matrix), 

sit along the surfaces of blood vessels and directly contact the underlying endothelial cells. Pericytes 

can modulate and maintain the BBB by releasing signalling factors to determine the number of EC 

tight junctions and direct the polarization of the astrocyte end feet (Armulik et al., 2010). A neuron 

is an electrically excitable cell that communicates with other cells via specialized connections termed 

synapses (Brown et al., 2019). Lastly, endothelial cells are the major component that forms the blood 

vessel wall and the passage of substances is tightly controlled at this blood-to-brain interface.  

 

 

Figure 2.1: The structure of the BBB and the presence of the associated cells, which makes the 

brain capillary vessels different from the capillaries of other peripheral organs, reproduce from Bell 

et al., 2020 under CCBY 4.0 license, without change. The figure illustrates a capillary vessel cross 

section (with mean diameter of 5	𝜇𝑚), where the BBB consists of endothelial cells, astrocytes, tight 

junction, and pericytes. 

 



14 
 

In the brain, endothelial cells differ from endothelial cells in other organs by lacking fenestration 

and by the fact that the walls of the brain microvessels function as a selective permeable barrier. In 

addition, endothelial cells form complex and continuous junctions termed tight junctions (TJ) which 

seal off the paracellular space (Stamatovic et al., 2008) and therefore pose a strict control of the 

movement of metabolites, as shown in Fig.2.2. 

 
Figure 2.2: The endothelial cells and tight junctions that bridge the cells and form the BBB, 

reproduced from Gu et al., 2022 under CCBY 4.0 license, without changes.  

 
The BBB is a dynamic system regulated to match its function to the local requirements of the brain 

tissue. Apart from the brain cells and tight junctions, the structures that also form the BBB are the 

basal lamina and microglia. The basal lamina is a 30 - 40 nm thick membrane which serves as a 

macromolecule filter, microvessel support, and cell migration controller (Perlmutter & Chui, 1990). 

Meanwhile, the microglia near the BBB are involved in the immune response of the brain (Krueger 

et al., 2010). A study performed by Li et al. (2010) showed that the hydraulic permeability of cerebral 

capillary vessel wall is very small, around 10−11 m/s.cmH2O, compared with other capillary vessels, 
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for which it is around 10−9 m/s.cmH2O (Levick et al., 2010). However, various pathological 

conditions may increase the permeability of the BBB through a number of different mechanisms that 

remain poorly understood (Greenwood, 1991). 

 

2.2 Blood-Brain Barrier Breakdown 
 
In the human brain, regulation of the cerebral environment and homeostasis between the central 

nervous system (CNS) and fluids is achieved by three functional barriers, namely the blood-brain 

barrier, the blood-cerebrospinal fluid barrier, and the arachnoid barrier. Among them, the blood-

brain barrier is the main site across which substances exchange. The blood vessel wall selectively 

filters the fluid flowing through it and allows certain substances into the extracellular space. This 

barrier ensures that only oxygen, carbon dioxide, glucose and amino acids pass through while it is 

impermeable to large molecules and toxic substances that can damage the brain. Breakdown of the 

BBB can be caused by several brain diseases such as stroke, infection, multiple sclerosis, 

Alzheimer’s disease, traumatic brain injury, epilepsy, brain tumours, and other brain injuries. In the 

case of ischaemic stroke, there is a reduction in cerebral blood flow (CBF) that causes oxygen 

deprivation to the brain tissue. This triggers a series of molecular reactions that produce toxic 

proteases and free radicals, which contribute to the damage of the NVU and the opening of the BBB 

(Nag, 2003). This change in the microenvironment leads to BBB degrading processes including the 

disruption of tight junctions, alteration of transport proteins and inflammatory process (Yang & 

Rosenburg, 2011). 

 

The breakdown of the BBB is a complicated process that remains poorly understood (Greenwood, 

1991; Hamann et al., 2002). Among the precursors of BBB breakdown, the most significant one is 

the activation of proteinases such as matrix metalloproteinases (MMPs) (Payne, 2018). MMPs 

include MMP2 whose activation is triggered by hypoxia-inducible factor-1α (HIF-1α)-dependent 
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mechanisms while others such as MMP-3 and MMP-9 are activated by cytokines (i.e., TNF-α, IL-

1β). In the family of MMPs the best understood ones are MMP-2 and MMP-9, which directly damage 

the BBB by degrading tight junction constituent proteins (Yang & Rosenburg, 2011). In addition, 

these two proteinases are also found to play a role in neuroinflammation and neurotoxicity. 

 

2.3 Reperfusion therapy and Occurrence of Oedema 
 
The major aim of reperfusion therapy is to restore CBF to the infarct; available treatments to remove 

the clot can be either medication or mechanical revascularization. For clots in small vessels, blood 

thinners such as plasminogen activator (rtPA) are usually used to dissolve the clot (Haley et al., 

1993). For clots in large blood vessels, blood thinning agents are less effective, therefore 

thrombolysis and thrombectomy are more commonly utilized to remove the obstruction (Smith et 

al., 2005). For example, in the Mechanical Embolus Removal in Cerebral Ischemia (MERCI) 

treatment, a balloon catheter is inserted into the occluded vessel and the balloon is inflated to prevent 

blood flow from interrupting the removal process. Then, the retriever is moved through the catheter, 

wrapped around the clot, and removed together with the catheter (Smith et al., 2008). The process 

steps are shown in Fig.2.3. 

 

 
 

Figure 2.3: Thrombectomy, reproduced from Cheuh et al. 2020 under CCBY 4.0 license, without 

change. From left to right, a catheter is inserted into the target location; blood clot is captured by 

the catheter and a balloon is inflated to prevent blood flow from interrupting the process.  
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As the BBB breaks down, protein plasma filters through the capillary vessel wall into the interstitial 

space (Kimelberg, 2004; Unterberg et al., 2004). As the blood pressure is higher than interstitial 

pressure, this creates a pressure gradient that leads to excessive water accumulation in the interstitial 

space, giving rise to vasogenic oedema. Brain tissue oedema may cause compression of the 

microvascular bed, which can lead to focal ischemic stroke (del Zoppo et al., 2003), which is also 

termed secondary stroke. While the oedema grows over time, vasogenic oedema clearance occurs in 

three possible mechanisms, including: (1) bulk flow driven by pressure gradients from interstitial 

space to the CSF system (Reulen et al., 1978); (2) oedema fluid protein re-uptake by the astrocytes 

and breakdown through lysosomal digestion (Fotheringham et al., 2000; Wolman et al., 1981); and 

(3) reverse vesicular transport of oedematous fluid protein through the endothelium, although this is 

found only in some cerebral microvasculature (Vorbrodt et al., 1985). 

 

Meanwhile, another type of oedema is known as cytotoxic oedema. Cytotoxic oedema can occur at 

early stage of oedema development (Liang et al., 2007) and coexist with vasogenic oedema. Instead 

of being caused by the damage to blood vessels, cytotoxic oedema results from energy failure. This 

involves the accumulation of water in the astrocyte and neuron cells (Unterberg et al., 2004) but is 

mostly seen to occur in the astrocytes (Kimelberg, 2004). Three mechanisms are proposed to play a 

role in the process, which are: (1) increased permeability of neuronal and glial cell towards sodium 

(Na+) and potassium (K+) ions; (2) failure of ion-pumps after energy depletion during ischaemia; 

and (3) continuous uptake of osmotically active solutes by neuronal and glial cells (Unterberg et al., 

2004). These mechanisms lead to an imbalance in ionic concentrations between the astrocyte and 

the extracellular space, which results in the disruption of water homeostasis of the astrocyte. 

Furthermore, the occurrence of astrocyte swelling is usually regarded as an early signal in many 

cerebral diseases, particularly in ischaemic stroke (Papadopoulos & Verkman, 2007). 



18 
 

 

2.4 Intracranial Pressure and Monitoring in Brain Oedema 
 
Intracranial pressure (ICP) refers to the pressure exerted by fluids inside the skull on the brain tissue. 

In a clinical setting, ICP rise leads to increased tissue stress and hence problems such as headache, 

vomiting and high death rate. The value of normal ICP varies with age (Czosnyka, et al., 2005), CBF 

(Steiner & Andrews, 2006), body posture, and many other factors. Usually, the ICP value of a 

healthy adult in a supine posture ranges from 7 to 15 mmHg. In clinical settings, an ICP value 

between 20mmHg to 30 mmHg indicates mild intracranial hypertension while medical treatments 

are normally required for patients with ICP values greater than 20 mmHg to 25 mmHg. 

 

Due to the fact that the brain is enclosed in the skull, any increase in the volume of the brain tissue 

or accumulation of fluid in the skull either leads to a rise in ICP value or is compensated for by a 

decrease in the volume of another compartment so that the total volume remains constant. The 

relationship between the volume of cerebrospinal fluid (CSF), the volume of blood and the volume 

of the brain tissue with ICP can be described by the Monro-Kellie doctrine (Mokri, 2001). This 

compensatory mechanism can be used to describe how ICP is maintained within the brain. Elevation 

of ICP can lead to serious damage to the brain by reducing CBF (Aries et al., 2012). ICP and CBF 

are related by Equation 2.1 below: 

 

CPP = MAP − ICP = CBF ∙ CVR,                    (2.1) 

 

CPP denotes cerebral perfusion pressure and MAP represents the mean arterial pressure while CPP 

is the pressure difference that drives perfusion through the brain. CVR, meanwhile, is the 

cerebrovascular resistance which is highly sensitive to blood gas levels and hence the partial pressure 

of carbon dioxide in arterial blood (White & Venkatesh, 2008). CVR is also affected by the fraction 
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of the arterioles remaining open, where it has been shown that cerebral ischaemia may give rise to 

the occlusion of the vessels, thus increasing the CVR (Siemkowicz, 1980). From Equation 2.1, an 

increment in ICP will cause a reduction in CBF into the arteries and may also initiate microvessel 

collapse due to the resulting increase in brain tissue pressure (Steiner & Andrews., 2006). 

Maintaining BBB function is important to sustain normal ICP and cerebral homeostasis (Unterberg 

et al., 2004). An increase in BBB permeability may cause brain oedema, which in turn may affect 

brain tissue pressure and blood pressure change according to the Monro-Kellie doctrine. The healthy 

BBB is often governed by small pores that only allow small molecules to pass through (Rippe & 

Haraldsson, 1994), thus increasing its permeability and allowing plasma proteins to pass through 

will eventually cause brain oedema and lead to an increase in ICP. 

 

Although ICP is of great clinical significance in predicting outcomes and protocols of treatments, 

the measurement of ICP has been a challenge over the past 60 years. Methods for the measurement 

of ICP can be either invasive or non-invasive (Schmidt et al., 1999; Rangel-Castillo et al., 2008). 

The most typical invasive method measures ICP from a ventriculostomy in which pressure is read 

through a catheter inserted into a lateral ventricle. This method is the gold standard for ICP 

measurement and has been widely used for comparison and validation of other methods (Robba et 

al., 2016). Meanwhile, another invasive method, the implantable ICP sensor method, monitors the 

pressure value in the parenchyma using optical fibres and its validity has been thoroughly 

documented and presented in previous studies (Raboel et al., 2012). 

 

Although invasive measurements guarantee a more direct and more reliable ICP value, they require 

the opening of the skull and hence bring a higher risk of bleeding and infection. To find a substitute 

for invasive methods, efforts have been made to develop non-invasive methods such as transcranial 

Doppler, which estimates ICP from cerebral blood flow velocity, and the optic nerve sheath diameter 
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method, which obtains ICP by measuring the diameter of the optic nerve sheath through patients’ 

eye. The traditional and most commonly used methods, however, are image-based methods which 

utilize various radiological techniques to measure the displacement and deformation of brain tissue, 

ventricles, and basal cisterns (Fig.2.4). Although potentially useful as a screening tool for very high 

ICP, brain imaging techniques alone have been proved to be neither statistically significant nor 

clinically relevant (Miller et al., 2004) thus far. Therefore, it is currently not reliable for clinical 

management and has been used with multiple other criteria, such as patient age, sex and medical 

history in clinical settings (Kimberly et al., 2018).  

 

a b 

 

Figure 2.4: Measurement of midline shift (MLS) and radiological imaging-based estimation of 

ICP, reproduced from Motuel et al. 2014 under CCBY 4.0 license, without change. (a) The 

midline shift can then be calculated as: (a/2) – b. (b) The ideal midline (IML) is determined as the 

connection line between the anterior-most point of anterior falx and the posterior-most point of 

posterior falx. Another parallel line passing through the septum pellucidum is plotted (dotted 

line), the midline shift can then be measured as the distance between these two lines (“c”).   

 



21 
 

2.5 Reperfusion therapy and Occurrence of Haemorrhagic 
Transformation 

 
Haemorrhagic transformation (HT) emerges as a complication of ischemic stroke, posing a 

significant concern for clinical treatment and clinicians. HT is categorized into two types depending 

on whether thrombolytic therapy is involved, namely the spontaneous and secondary HT. Although 

the proportion of patients developing this complication is considerable, there is only a limited 

number of studies focusing on it. Tan et al. (x`2014) reported that the incidence of spontaneous HT 

was observed in 50 out of 407 patients (12.3%). Lindley et al. mentioned that the overall frequency 

of spontaneous HT in untreated acute ischemic patients is 8.5% (Lindley et al., 2004). Nevertheless, 

it remains valuable to understand the physiology and predictors of spontaneous HT to assist 

clinicians in identifying suitable candidates for thrombolytic therapy. Regarding the secondary 

haemorrhagic transformation, previous research focus on the physiology, the frequency, the severity, 

the factor, the predictor, and the treatment of secondary HT after the thrombolytic therapy. The study 

of the secondary HT is considered as a key for determining the outcome of the thrombolytic therapy 

(Hornig et al., 1986; Bozzao et al., 1991). Furthermore, the risk of symptomatic secondary HT rises 

significantly as a result of the side-effects of the therapy (Donnan et al., 1996).  

 

European and North American tissue-plasminogen activator (rt-PA) trials provided the evidence that 

the rt-PA is the only efficient drug to treat acute ischaemic stroke. Recent studies suggested that the 

side effects of rt-PA are due to its actions in the neurovascular unit (Wang et al., 2004). rt-PA may 

enlarge potentially excitotoxic calcium current by interacting with the NMDA-type glutamate 

receptor. At certain concertations, rt-PA may be vasoactive. By increasing matrix metalloproteinase 

(MMP) dysregulation after stroke, rt-PA degrades extracellular matrix integrity and increase risks 

of neurovascular cell dysfunction, blood-brain barrier disruption and oedema. Other studies have 

hypothesised that the HT is due to the absence of the endothelial basal lamina. HT can also be 
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classified into HI1, HI2, PH1 and PH2 by the severity of haemorrhage, from microcapillary bleeding 

to extensive haemorrhage (Fiorelli et al., 1999). 

2.6 Cerebral Blood in Haemorrhagic Transformation  
 
The cerebral blood flow (CBF) is a valuable parameter in simulation studies of HT. Accumulating 

studies have compared quantitatively between non-invasive measurements and minimally invasive 

measurements for CBF. Flow velocity instruments are applied to determine the flowrate of blood as 

a type of invasive measurement method. Transcranial doppler ultrasound (TCD) uses ultrasound to 

calculate the flowrate of blood and is the most common methods to date. Two probes are placed in 

a vessel and the velocity is determined by the difference between emitted and reflected frequencies 

(Haywood et al., 1981; Bishop et al., 1986). Regarding imaging methods to measure the cerebral 

blood flow, positron emission tomography (PET), single-photon emission computed tomography 

(SPECT), computed tomography (CT) and magnetic resonance imaging (MRI), are commonly used. 

All imaging measurement theories are based on the movement of a tracer, which is transported 

around the brain in the vasculature (Payne, 2018).  

 

Meanwhile, the cerebral blood volume (CBV) is also one of the most essential factors that associate 

with the cerebrum and a key clinical intraoperative monitor during the surgery (Barker, 1998; Haruna 

et al., 1998). Nowadays, studies show patients with aneurysmal subarachnoid haemorrhage (SAH) 

are at risk for circulatory volume depletion, which is a risk factor for delayed cerebral ischemia 

(DCI). Correspondingly, Hoff et al. (2008) suggested the fluid management guided by daily 

measurements of blood volume could reduce the risk of severe hypovolemia (Hoff et al., 2008). 

Imaging instruments are utilised to measure cerebral blood volume. PET and MRI(DSC) are 

commonly used nowadays. The advantage of these imaging instruments is having the ability to detect 

cerebral blood volume and cerebral blood flow simultaneously (Martin et al., 1987). As I discussed 

the theory of these imaging techniques, by applying the tracers in the vasculature, both CBV and 
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CBF can be detected and calculated. All these methods rely on using a model of CBF and CBV to 

fit the experimental data. Recent studies suggested a non-invasive method, called pulse oximetry to 

measure the blood volume by monitoring arterial blood oxygen saturation (Severinghaus & Honda, 

1987; Haruna et al., 1998). Furthermore, another advanced method modified by pulse oximetry, 

named pulse spectrophotometry or pulse dye densitometry (PDD), can allow clinicians to measure 

the ratio of the arterial haemoglobin concentrations to ICG continuously (Iijima et al., 1997; Hoff et 

al., 2008). 

 

2.7 Mathematical and FEM Models for Brain   
 
Mathematical and Finite Element Method (FEM) models have been utilised to investigate biological 

and biomechanical problems for decades (Nagashima et al., 1990; Tada et al., 1994; Guo et al., 

2020). In this section, brain oedema models are categorized based on the theories used in the 

modelling, namely poroelastic theory and solid mechanical theory. Poroelastic theory is a 

mathematical theory that is widely used in the fields of geomechanics, hydrology and biomechanics 

to describe the interaction between fluid flow and tissue deformation. Meanwhile, the solid 

mechanical models simulate the brain using solid mechanics theories where each part of the brain 

such as the skull, subarachnoid space and ventricles are described by certain constitutive 

relationships and mechanical parameters. 

 

2.7.1 Solid Mechanical Models for Cerebral Oedema 
 
In radiological imaging-based estimation of stress, the most important factor is the midline shift 

(MLS), which represents the shift of brain past its centre line. Compared to stress, MLS is relatively 

straightforward to obtain on images such as CT and MRI and can be used to estimate stress. To study 

the relationships between MLS and tissue stress, in-silico modelling has been used to study MLS 
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and stress distributions in various brain diseases such as traumatic brain injury and stroke.  

 

In the paper by Bing et al. (2020), the full brain is modelled to analyse the correlation between stress 

and MLS. Two biologically informed finite element head models, human and rat, were constructed. 

In the model, components such as grey matter, white matter, cerebrospinal fluid, skull and falx were 

constructed as subdomains with different mechanical properties for both human and rat models, with 

oedema modelled as growing volumes over time. MLS data from the rat head model were first 

validated against clinical data from a rat brain and to justify the material properties used in the model. 

Stroke and oedema were then simulated at three locations in the human brain: basal ganglia, fronto-

opercular/anterior insula and temporo-parietal. It is shown that with the same growth rate of oedema, 

the MLS value is significantly affected by the location of oedema at a given time (Fig.2.5).  

 

Figure 2.5: (a) The three locations are simulated to obtain the MLS-time curve for the prediction 

of intracranial stress, adjusted from Bing et al. 2020. (b) basal ganglia. (c) anterior insula. (d) 

temporal parietal. The basal ganglia shows the largest MLS, reproduced without change from 

Bing et al. (2020) under CCBY 4.0 license.  
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Similarly, Fletcher et al. (2016) constructed an Ogden hyper-elastic Finite Element model to study 

decompressive surgery related issues. In this model, the potential damage of brain tissue is estimated 

by critical stress, values over which might lead to high axonal stretch. Results from the idealized 

model showed how the potentially damaged volume of brain tissue increased with an increasing 

volume of brain tissue herniating from the skull cavity and with a reduction in the craniectomy area. 

The damaged tissue volume can be limited to zero if the craniectomy size is chosen properly 

(Fig.2.6). In addition, the craniectomy edge, either a fillet or a chamfer on the bone margin, only has 

a slight effect on the tissue strain. 

 

 

Figure 2.6: Simulation results showing that when craniectomy diameter is sufficiently large, the 

volume of tissue in risk of shear damage reduces to zero, reproduced under CCBY4.0 license 

from Fletcher et al. 2016, without change. (a) The relationship between herniated volume and 

high shear strain volume under different craniectomy diameters. (b) The relationship between 

herniated volume and volume experiencing shear strain over thresholds when craniectomy 

diameter is 10 cm. (c) the volume with higher strain than 0.35 with various craniectomy 

diameters.  

 

Meanwhile, solid mechanical models have been widely applied to study decompressive surgery since 

in-silico models provide a prediction of stress in the brain tissue after surgery and can be used as 
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guidance for the optimization of the craniectomy strategy. In 2017, a personalized model for 

craniectomy was developed by Weickenmeier et al. to predict post-surgical strain field. The models 

were obtained from MRI imaging and three mechanisms that potentially lead to the post-operation 

complications were proposed, which are: axonal stretch in the centre of the bulge; axonal 

compression at the edge of the craniectomy; and axonal shear around the opening. Results from 

simulations suggest that collateral craniectomy with the skull opening at the side of swelling is 

preferable over contralateral craniectomy with the skull opening at the opposite side since it induces 

less deformation, less rotation, smaller strains, and a markedly smaller MLS.  

 

In these models, useful information on brain tissue swelling can provide a guideline for 

decompressive surgeries to effectively reduce tissue stress. However, solid mechanical models do 

not simulate pressure fields and are limited by the fact that they cannot provide pressure distribution 

within the brain tissue. In addition, the swollen volume of oedema is usually given as an input in 

these models. As a result, these models are not able to present the interaction between brain tissue 

and fluid compartments such as blood and interstitial fluid, which play an important role in the 

development of oedema. Furthermore, the constitutive law of the brain tissue can be complex. 

According to the review by Budday et al. (2020), the mechanical behaviours of the brain tissue can 

be only described by certain constitutive laws, such as neo-Hookean, Mooney-Rivlin and Ogden 

under different types of loads (compression, tension and simple shear). Therefore, the mechanical 

properties used in these models can be inaccurate in terms of representing brain tissue deformation, 

stress and strain.   

 

2.7.2 Poroelastic Models for Cerebral Oedema 
 
Poroelastic theory models the brain as a porous, deformable and permeable medium (Biot, 1956; 

Biot, 1962a; Biot, 1962b). In 2011, Tully & Ventikos, for the first time, used a multi-compartment 
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poroelastic model to study fluid transfer between different fluid compartments (capillary blood, 

interstitial fluid and cerebrospinal fluid, arteriolar blood, venular blood and brain tissue) during 

hydrocephalus, as shown in Fig.2.7. In this model, each fluid compartment is modelled using 

poroelastic theory and the various flow parameters are used for the compartments. Using this model, 

Tully & Ventikos (2011) tested parameter sensitivity to obtain estimates of parameter values under 

healthy state and explored normal pressure hydrocephalus (NPH), a form of chronic hydrocephalus 

whose pathophysiology remains unknown. 

 

 

Figure 2.7: A schematic of the multicompartment model formulation for the brain. The model is 

0D and the brain consists of arterial, arteriole/capillary, venous and CSF fluid compartments. The 

arrows show the direction of flow and fluid exchange between these brain compartments, 

reproduced from Tully & Ventikos 2011 with permission, without change.  

 
The model was then further developed for various applications. Patient specific data such as arterial 

blood flow, tissue hydraulic permeability and patient-specific brain geometry obtained using 

diffusion weighted imaging (DWI) have been employed to study CSF clearance in a smoker and a 

non-smoker’s brain (Fig.2.8). However, due to the lack of patient specific data, the reliability of 

results is limited by the fact that there are only two patients included in this study (Guo et al., 2020).  

 



28 
 

 

Figure 2.8: The left column presents clearance rate of interstitial fluid of smoker and non-

smoker. The right column shows the fractional anisotropy in hydraulic conductivity of brain 

tissue measured with DWI, reproduced from Guo et al. 2020 under CC BY license, without 

change. The model is an 3D model that extends the work of Tully & Ventikos (2011) 

 

In addition, the same group studied brain oedema and hydrocephalus using the same model 

(Vardakis et al., 2016). However, partly due to the difficulty of validation, most of these results 

presented in these studies are not validated and thus these results only provide a qualitative 

comparison between patients with brain disease and the control group. In this paper the model was 

validated with CBF imaging data, the results show a strong heterogeneity and the CBF shown in the 

simulation result was found to be several times smaller than the real value. This is partly because the 

brain tissue and the blood vessel distribution are assumed to be homogeneous and the imaging 

technique cannot distinguish CBF between the arterioles and arteries (Guo et al., 2019). 

 

Meanwhile, Li et al. studied brain mechanical behaviour based in a single compartment poroelastic 

model which only takes interstitial fluid and brain tissue into consideration. In 2011, this model was 
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utilized to study the effect of head position on brain oedema in traumatic brain injury (TBI). The 

results show that gravitational forces have a significant impact on the pressure of the oedema zone 

in the brain tissue and ICP in the oedema region decreased by 15% in the prone position compared 

to the supine position.  

 

A significant problem in poroelastic modelling is the number of parameters used in the model. While 

some of them can be measured or tested directly in experiments, many of them are not available on 

a patient-specific basis. In 2013, Li et al. compared their simulation results with constant-rate 

infusion data experimental results from Mann et al. (1978) who performed short-duration infusions 

of artificial CSF into the SAS for both animals and a human subject. Parameter values of tissue shear 

modulus, Poisson ratio, Biot’s number and Skempton number were varied and optimized using an 

artificial neuron network (ANN) technique. 

 

A poroelastic brain model has also been applied for the simulation of decompressive surgery. 

Although decompressive surgery has been recommended as a life-saving practice for the 

management of swollen brain and intracranial hypertension, the effect of size and location of 

craniectomy remain controversial and there is no guideline yet available. In a study conducted by 

Lambride et al. (2020), a biphasic, nonlinear poroelastic model was employed to study tissue 

swelling with a specific craniectomy size and location (unilateral, bifrontal and bifrontal with 

midline bar). Furthermore, prediction curves of herniation volume through the skull opening as a 

function of ICP were presented, which are relevant to craniectomy strategy and useful to reduce 

herniation volume and to prevent unnecessary risk of infection. While this study focuses on the 

volume of swollen tissue, another study done by Holst & Li. (2014) investigated the fluid 

accumulation in craniectomy and indicates that there is an increase in water content and tissue strain 

after surgery. Their results show that there is a strong correlation between the craniectomy strategy 
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and post-surgical strain and stress and clinical outcome. 

 

2.7.3 Mathematical Models for Haemorrhagic Transformation 
 
Wang and Payne (2021) first presented a mathematical model to describe the dynamics of 

haemorrhagic transformation (HT) within a 1D vasculature model. The model operated under the 

assumption of uniform geometries for vessels within the same generation. The study found that the 

haematoma radius can depend on the vessel radius and proposed that the capillary compression can 

have significant impact on blood leakage in venules. However, anatomical studies suggest that 

capillaries possess a more web-like structure rather than a tree-like one (Duvernoy et al., 1981). 

Importantly, the initial model did not consider the effects of HT on the neighbouring normal vessels 

and tissue. 

 

In an extension of their work, Wang et al. (2022a) increased the scale of the vasculature model to 

better correspond with the human vasculature and incorporated the penetrating model developed by 

El-Bouri and Payne (2018). This enhanced model investigated the repercussions of haemorrhagic 

transformation (HT) on the surrounding tissue and vessels (Fig.2.9). The results indicated a decrease 

in perfusion by approximately 13-17% and a reduction in cerebral blood volume (CBV) by around 

20-25% following the onset of HT. These effects were attributed to capillary compression caused by 

increased interstitial pressure. However, it is crucial to highlight that this model primarily focuses 

on a length scale of around 1 mm, making it challenging to directly compare the simulation results 

with imaging data. 
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Figure 2.9: Cross-section of brain at different positions and the effects on ICP, reproduced 

from Wang & Payne et al. (2021) under CC BY 4.0 license, without change. 

 

2.8 In Silico Clinical Trials for the Treatment of Acute Ischaemic 
Stroke (INSIST) Project 

 
Brain oedema and blood perfusion models are developed in the INSIST project and this thesis will 

base on these previous models to investigate brain injuries. In the work by Mokhtarudin & Payne 

(2015), a 0-dimension mathematical model for the brain oedema is developed for the investigation 

of how mechanical factors can affect the oedema growth. The detail of the work is introduced in 

Appendix A and have been used and modified for the modelling of brain oedema and haemorrhagic 

transformation throughout this thesis.  

 

Furthermore, a perfusion model has been provided by Józsa et al. (2021a), the model considers the 

brain as multi-continuum medium with three compartments (arteriole, capillary and venule) 

governed by 3 fluid transfer equations for the simulation of blood perfusion. In the model, the brain 

pial surface is subdivided into perfusion regions for the simulation of occlusion in different blood 

vessels. The model constitutes the technical basis of this thesis as blood perfusion can be used to 

generate brain stroke and brain damage area in stroke. Thus, it provides the geometry of oedema and 
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haemorrhage in the models presented in the thesis. The governing equations of perfusion model is 

introduced in the perfusion model section in Chapter 3 and details of the model are thus neglected 

here.      

 

2.9 Conclusion 
 
In this chapter, a brief overview of the physiology and models of the brain has been provided. There 

are three approaches used in modelling the human brain, namely mechanical modelling and 

poroelastic modelling for oedema and mathematical modelling of haemorrhagic transformation. 

While the mechanical modelling provides the distribution of tissue stress and strain, it is not able to 

present the interaction between fluid and solid tissue. Meanwhile, poroelastic models can describe 

such interactions and show the distribution of ICP, which is an important factor to consider in clinical 

settings. However, many parameters are involved in these modelling approaches. Therefore, the 

accuracy of simulation results is affected by the choice of parameter values used in the model and 

the results are likely to be highly sensitive to the variation of these parameters between individuals. 
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Chapter 3 
 
 

Cerebral Oedema and Osmotherapy* 
 
 
In this Chapter, we first simulate the brain oedema based on our previous work from INSIST project 

(Mokhtarudin & Payne, 2017; Józsa et al., 2021a). A simplified oedema model without the 

deformation is considered here to focus on only the ICP evolution during osmotherapy episodes. 

This helps establish an oedema model for the investigation of osmotherapy, which has been widely 

used but controversial therapy. Here, the impact of different physiological parameters and 

administration protocols are investigated. This Chapter also constitutes the technical basis for further 

development of haemorrhagic model and oedema model with deformation.  

 

3.1 Introduction to osmotherapy 
 
The healthy functioning of the human brain depends on a continuous and sufficient blood flow to 

cerebral blood flow (CBF) can lead to blood brain barrier (BBB) breakdown and hence increase the 

 
* The contents of this chapter are reproduced without change from (Chen et al., 2022). The work is 
based on the perfusion model (Józsa et al., 2021a) and mathematical oedema model (Mokhtarudin & 
Payne, 2015) from INSIST repository. Technical work on FEniCS code is implemented to combine 
the two models and improve model coupling and performance. The mathematical model for oedema 
(Mokhtarudin & Payne, 2015) is modified to create a model with four compartments and to include 
osmotic pressure for osmotherapy investigations. The mathematical oedema model code was 
implemented in a different software by Mokhtarudin and is reimplemented in FEniCS by Chen, 
whereas the perfusion model code was implemented in FEniCS by Józsa et al. (2021a) but renewed 
for a better model performance by Chen in this Chapter. 
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permeability of the BBB (Yang & Rosenberg., 2011; Lee et al., 2017). When reperfusion therapy is 

utilised to restore CBF to the infarct region, the increase in blood pressure can then lead to excessive 

fluid leakage into the interstitial space (Fig.3.1). As a result, the accumulation of fluid in the interstitial 

space can give rise to brain oedema and increase intracranial pressure (ICP) and brain tissue stress 

(Donkin et al., 2010). Elevated ICP can cause symptoms such as headache, nausea, vomiting, and loss 

of consciousness. Usually, a value of ICP over 25 mmHg (Leinonen et al., 2018) is considered life-

threatening, requiring immediate treatment. Thus, ICP is a crucial factor in clinical decision-making 

and therapeutic strategies. To restore a normal ICP value in the range 5 to 15 mmHg (Leinonen et al., 

2018), a number of strategies such as osmotherapy, ventilation, and decompressive surgery can be 

used (Ayata & Ropper, 2004). 

 

Osmotherapy has been widely used since 1962 when it was first reported to be effective in controlling 

ICP (Wise & Chater, 1962). To date, four types of osmotic agents have become available for the 

treatment (mannitol, hypertonic saline, sorbitol, and glycerol). Hypertonic saline has become 

increasingly popular (Larive et al., 2004; Hays et al., 2011) and therefore the present study focuses on 

this agent. Hypertonic saline restores ICP by osmotic mobilisation of water from the brain to the 

intravascular space and therefore reduces the volume of the accumulated interstitial fluid. In addition, 

due to the mobilisation of interstitial fluid, the rheological characteristics of blood are changed, and 

this thus facilitates the recovery of cerebral perfusion pressure (CPP) and mean arterial pressure 

(MAP).  
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Figure 3.1: Fluid filtration from the lumen to the interstitial space through the blood brain barrier 

(BBB) of a single capillary vessel.  

 

Despite its various benefits, the side effects of hypertonic saline can lead to a range of problems 

(Grände & Romner, 2012). One problem is that the increase in Cl- induces hyperchloraemic acidosis 

(Kølsen-Petersen et al., 2005). A high concentration of NaCl (over 160 mmol/L) is also reported to 

worsen outcome and to damage the BBB further (Himmelseher, 2007; Qureshi & Suarez, 2000). 

Therefore, it is important to choose the concentration and administration protocol properly. In clinical 

settings, two types of hypertonic saline injection commonly suggested are a bolus injection of 3%-

5.6% NaCl over 10-20 minutes and a continuous injection at a concentration of 1.6%-7.5%. During 

the injection, electrolytes are monitored, and plasma sodium is proposed to be maintained in the range 

of 145-155 mmol/L (Kølsen-Petersen, 2020). However, even though comparisons of osmotherapy 

outcomes have been conducted previously (Tyagi et al., 2007; Carney et al., 2017; Mangat, 2018; Gu 

et al., 2019), there is yet no optimised concentration or administration protocol for hypertonic saline 

infusion. 

 

To address this problem, the present study sets out to extend stimulation tools developed in the In 

Silico Clinical Trials for the Treatment of Acute Ischaemic Stroke (INSIST) project (Konduri et al., 
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2020; Miller et al., 2021) and thus capture osmotherapy and explore near-optimal treatment protocols. 

The proposed model bridges the gap between the measured ICP values and unknown physiological 

parameters, such as blood pressure, capillary wall permeability, etc. Once a reliable model is 

established, it will help to sharpen the focus of resource-intensive clinical studies, and thus lower the 

associated (often very high) costs. Inspired by recent studies on biofluid transport in the brain (Li et 

al, 2009; Sweetman et al., 2011; Tully et al., 2011; Yuan et al., 2013; Mokhtarudin & Payne, 2015; 

Guo et al., 2018; Vardakis et al., 2019; Józsa et al., 2021a; Miller et al., 2021; Józsa et al., 2022), a 

multi-compartment porous Finite Element model will be utilised to investigate the impact of 

osmotherapy on ICP. 

 

In this model, we will present the evolution of ICP during osmotherapy episodes. The study consists 

of the following parts: (1) the governing equations will be presented and parameter sensitivity analysis 

will be conducted to identify the crucial parameters; (2) results of the Finite Element model will be 

compared with clinical data from 8 patients who underwent 22 episodes of osmotherapy; (3) the effects 

of protocol parameters including doses, infusion time and retention time will be investigated; (4) two 

possible cases of treatment failure will be presented and the corresponding strategies will be suggested. 

The model proposed here can be further developed in the future to provide a test bed for alternative 

strategies. 

 

3.2 Methods 
 
The brain is assumed to consist of four compartments, i.e., tissue, arteriole, capillary, and venule 

network and can thus be considered as a multi-continuum system. The modelling pipeline consists of 

three 3D models for the simulation of blood perfusion, oedema, and osmotherapy, respectively. The 

models are presented individually before being coupled together. 
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3.2.1 Perfusion Model* 
 

3.2.1.1 Governing Equations 
 

In the perfusion component, the brain is assumed to be a steady-state three-compartment porous 

medium including arteriole, venule, and capillary blood compartments (Józsa et al., 2021a). The 

governing equations describing three porous compartments are taken directly from this previous 

study to simulate blood flow in the 3D brain mesh: 

 

 𝛻 ∙ (𝑲!𝛻𝑝!) 	= 	−𝜔!" ∙ (𝑝! − 𝑝"),	 (3.1) 
𝛻 ∙ (𝑲𝒄𝛻𝑝") 	= 	𝜔!" ∙ (𝑝! − 𝑝") − 	𝜔"$ ∙ (𝑝" − 𝑝$), (3.2) 

   𝛻 ∙ (𝑲$𝛻𝑝$) 	= 	𝜔"$ ∙ (𝑝" − 𝑝$), (3.3) 
 

where 𝑝!, 𝑝" and 𝑝$ are the Darcy pressures in the arteriole, capillary, and venule compartments 

respectively. 𝑲𝒊 is the permeability tensor of compartment 𝑖, whereas 𝜔&'  represents the fluid 

transfer coefficient between compartments 𝑖 and 𝑗. Note that the transfer coefficients are different 

in grey matter and white matter and can thus be further defined by 	𝜔!"( , 𝜔!"
)  and 𝜔"$( , 𝜔"$

) , 

respectively. In the equations, the LHS terms represent the blood flow within each compartment and 

the RHS terms describe the blood flow between compartments.  

 

According to previous studies (El-Bouri & Payne, 2016; Józsa et al., 2021a), the arterioles and 

venules are assumed to comprise penetrating vessels perpendicular to the pial surface, and arteriole 

and venule compartments are therefore modelled as anisotropic and inhomogeneous porous media. 

Meanwhile, the capillary vessels form an interconnected network, and this compartment is thus 

considered a porous medium with isotropic and homogeneous permeability (El-Bouri & Payne, 

2015). Therefore, the 𝑲𝒄 tensor field is replaced with the 𝐾" scalar field. 

 
* Perfusion model is the contribution of Jozsa et al. (2021a), and the model is reimplemented by Chen 
for better performance in this Chapter.  
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3.2.1.2 Boundary Conditions 
 
Blood feeds the brain through penetrating arterioles and flows back into the veins through 

penetrating venules at the pial surface. Therefore, blood flow through pial surface and ventricle 

surface in the capillary compartment is set to be zero. Meanwhile, the flow through the ventricle 

surface is zero for arteriole and venule compartments. According to a vascular territory atlas (Tatu 

et al., 1998), each artery feeds one sub-territory at the pial surface, as shown in Fig.3.2. In this model, 

the blood pressure in the venular compartment on the cortical surface is assumed to be 15 mmHg, 

while the pressure in the arterioles at the pial surface is around 90mmHg (Stromberg & Fox, 1972; 

Tamaki & Heistad,1986; El-Bouri & Payne, 2018). To account for artery occlusion scenarios, blood 

flow through the perfusion territory of an occluded vessel is set to zero whereas pressure on the pial 

surface is assumed to remain constant in other regions. Boundary conditions of the perfusion model 

are summarised in Table3.1.  

 

 Cortical Surface Ventricle Surface 

Arteriole Blood 

𝑝! = 	90	mmHg	 
(non-occluded regions); 

 
𝑲!𝛻𝑝! = 	0  

(occluded regions); 

𝑲!𝛻𝑝! = 	0 

Capillary Blood 𝐾"𝛻𝑝" = 	0 𝐾"𝛻𝑝" = 	0 

Venule Blood 𝑝# = 	15	mmHg 𝑲#𝛻𝑝# = 	0 

 
Table 3.1: Boundary conditions for the perfusion model 

 
 



39 

 
Figure 3.2: Superficial perfusion territories corresponding to large arteries, where L-PCA, L-

MCA, L-ACA and R-PCA, R-MCA, R-ACA represent the posterior, middle and anterior cerebral 

arteries on the left and right hemisphere, respectively (a); arteriole blood pressure distribution 

along the coronal plane and the pressure drop due to occlusion in left hemisphere (b); capillary 

blood pressure distribution along the coronal plane and the pressure drop due to the occlusion (c); 

venule blood pressure distribution along the coronal plane and the pressure drop due to the 

occlusion (d). 

 
3.2.2 Oedema and Osmotherapy Model 
 

3.2.2.1 Governing Equations 
 
The brain is modelled as a three-compartment porous medium in the perfusion model since the flow 

exchange between the capillary network and the interstitial space is negligible in a heathy brain. In 

contrast, an additional compartment for interstitial fluid is required for the oedema and osmotherapy 

models in a damaged brain. Compared to the perfusion model, which estimates steady-state blood 

flow in the microcirculation, modelling oedema and osmotherapy require time-dependent effects to 

reflect the ICP evolution over an episode. The corresponding governing equations are  



40 

 

𝑐(
*+$
*,

= 𝛻 ∙ (𝐾(𝛻𝑝() + 𝑆"(                         (3.4)      

𝑐-
*+%
*,
= 𝛻 ∙ (𝑲𝒂𝛻𝑝!)	−	𝜔!" ∙ (𝑝! − 𝑝")	,                 (3.5) 

𝑐-
*+&
*,
= 𝛻 ∙ (𝐾"𝛻𝑝")	+	𝜔!" ∙ (𝑝! − 𝑝") − 𝜔"$ ∙ (𝑝" − 𝑝$) 	−	𝑆"( ,       (3.6) 

𝑐-
*+'
*,
= 𝛻 ∙ (𝑲𝒗𝛻𝑝$)	+	𝜔"$ ∙ (𝑝" − 𝑝$) ,                    (3.7) 

 

where 𝑐( and 𝑐- are the storage factors of the interstitial fluid and blood in the brain tissue. The 

parameters 𝑝(  and 𝐾(  are the pressure and hydraulic conductivity of interstitial fluid in the 

interstitial space. The term	𝑆"( is the fluid transport from the vasculature into the interstitial space. 

The value of the 𝑆"( term in the normal BBB has been estimated by Fraser et al. (1990) and this 

value can increase by more than 100 times the normal value (Hakamata et al., 1995). Due to the large 

difference between the BBB permeability in the damaged region and the healthy region, the flow 

from capillary blood to the interstitial space and the flow of interstitial fluid in healthy tissue is thus 

neglected. Note that in the equations above, any terms related to displacement of the tissue are 

neglected; this is done as the time scale for pressure variations is much longer than that for 

displacement variations (Mokhtarudin, 2016). Hence, the temporal derivatives of the displacement 

terms can be neglected at the time scale which I am considering here. The term representing fluid 

transfer between the capillary and the interstitial fluid compartments (𝑆"() is derived in Appendix 

A and given in Table3.2. 𝐿+ is the hydraulic permeability of the capillary wall, 𝛱" is the osmotic 

pressure for the plasma components in the blood before osmotherapy, 𝜎 is the reflection coefficient 

of the original plasma composition, 𝑛- is the volume fraction of blood vessels in a unit volume of 

brain tissue, and 𝑅" is the mean vessel radius. In osmotherapy, the osmotic pressure rise induced 

by the hypertonic saline is described by an additional term 𝜎0!12𝛱0!12  , where 𝜎0!12  is the 

reflection coefficient of hypertonic saline and the 𝛱0!12  is the osmotic pressure of the saline. 

Similarly, due to the large difference in the BBB permeability between damaged and healthy tissue, 

the fluid transfer through the capillary wall can be neglected in healthy tissue. 
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 Oedema Healthy Tissue 

Oedema Model 𝑆"( = 2𝑛𝑏
3(
4&
[(𝑝" − 𝑝() − 𝜎𝛱"]	  𝑆"( = 0 

Osmotherapy Model 𝑆"( = 2𝑛𝑏
3(
4&
[(𝑝" − 𝑝() − 𝜎𝛱" − 𝜎0!12𝛱0!12]	  𝑆"( = 0 

 
Table 3.2: Fluid transfer through the capillary wall in the oedema and osmotherapy model. The 

derivation of these terms is shown in Appendix A*. 

 
3.2.2.2 Boundary conditions and Initial Conditions 
 
In the oedema model, it is assumed that there is no occlusion and therefore blood perfusion is restored. 

Since normal ICP is around 5-15 mmHg, the baseline value of the interstitial fluid pressure is taken 

here to be 10 mmHg and the boundary conditions are as given in Table3.3.  

 
 
 

 

 

 

 

 

Table 3.3: Boundary conditions for the oedema and osmotherapy model. 

 

Meanwhile, the pressure fields in the occluded perfusion model are used as the initial conditions for 

the simulation of oedema and the pressure fields at the final step in the oedema model used as the 

 
* Appendix A is the contribution of Mokhtarudin & Payne (2015), where the Equations and models 
are modified and improved by Chen here for osmotherapy simulations. 

 Cortical Surface Ventricle Surface 

Arteriole Blood 𝑝! = 	90	mmHg 𝑲!𝛻𝑝! = 	0 

Capillary Blood 𝐾"𝛻𝑝" = 	0 𝐾"𝛻𝑝" = 	0 

Venule Blood 𝑝# = 	15	mmHg 𝑲#𝛻𝑝# = 	0 

Interstitial Fluid 𝑝$ = 	10	mmHg 𝑝$ = 	10	mmHg 
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initial condition for the osmotherapy model.  

 

3.2.3 Model Coupling 
 
The geometry of the tissue with leaking vessels is obtained from the perfusion model and is then used 

within the oedema model. The perfusion in brain tissue of the healthy and stroke scenarios can thus 

be compared. The perfusion (𝐹) and perfusion change (Δ𝐹) are given as  

 
𝐹 = 𝜔𝑎𝑐⬚ ∙ (𝑝! −	𝑝") ,                  (3.8) 

Δ𝐹 = 	 5)*+,-).65/00,12*2
5)*+,-).

× 100%	,                  (3.9) 

 
A threshold of 70% or greater reduction in blood perfusion (Campbell et al., 2015; Payne, 2016; Jovin 

et al., 2017) is used to define the location of leaking vessels. Thereafter, the pressure field in the 

oedema is simulated until the ICP (defined to be the same as 𝑝() reaches equilibrium. Finally, the 

osmotherapy is assumed to be performed after the ICP reaches equilibrium and thus the pressures at 

the final step in oedema model are used as the initial pressures in the osmotherapy model, as shown 

in Fig.3.3.  

 

 

Figure 3.3: Flowchart demonstrating how the Finite Element models are coupled. 
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Perfusion, oedema and osmotherapy models all assume that the brain is homogeneous (within 

the white and grey matter) and isotropic in the interstitial space compartment. Parameters used 

in the models are listed in Table3.4. Although most of the values are taken from experimental 

studies, some of them are not readily available and thus are associated with relatively high 

uncertainty. Since the values of these parameters can vary significantly among previous 

publications, a parameter sensitivity analysis will be conducted in Section 3.3.2. 

 

Parameter Value Reference(s) Parameter Value Reference(s) 

𝑐%	 1.59×10−3 Pa-1 (Su, 2011) 
𝑝&  at 
cortical 
surface	

2000 Pa = 15 mmHg (Józsa et al, 2021a) 

𝑐'	 3.08×10−4 Pa-1 
Derived from (Bai, 
1993; Zienkiewicz et 
al., 1990; Zienkiewicz 
et al., 1984) 

𝑅(	 5×10-6 m (Cassot et al., 2006) 

𝑲𝒂 
1.234 
mm3s kg-1 

Estimated by 0-
order arteriole diamete
rs and vessel density 
(Józsa et al, 2021a) 

𝜎	 0.35 Estimated from the initial ICP in 
oedema at the start of treatment 

𝐾( 
4.28×10-3 mm3s 
kg-1 

(1.0×10−15 m², El-
Bouri et al, 2016) 
(1.0×10−10 m², Tully & 
Ventikos, 2011) 

𝜎*+,-	 0.062 
Estimated from osmotic pressure 
of 28.9 kPa of 11.2 mmol/L of 
NaCl  

𝑲𝒗 
2.468  
mm3s kg-1 

Estimated by pressure 
and blood perfusion 
rate 
(Józsa et al, 2021a) 

𝛱(	 2445 Pa  (Su, 2011) 

𝐾' 3.6×10-3  
mm3s kg-1 (Su, 2011) 𝜔!"

) 	 1.326×10-6 Pa-1s-1 

Derived from perfusion in  
grey and white matter 
(Józsa et al, 2021a, b) 

𝐿/	 3.0×10-11  
m/s.Pa (Su, 2011) 𝜔!"( 	 5.22×10−7 Pa-1s-1 

𝑛%	 0.03 (Ito et al., 2001) 𝜔"$( 	 4.641×10−6 Pa-1s-1 

𝑝+  at 
cortical 
surface	

12000 Pa = 90 
mmHg (Józsa et al, 2021a) 𝜔"$

) 	 1.828×10−6 Pa-1s-1 

 
Table 3.4: Values of model parameters used in the perfusion, oedema and osmotherapy 

models and their sources. 
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In the model, the governing equations are solved numerically using Python with a high-

performance open-source Finite Element library, FEniCS (Logg & Wells, 2010; Logg et al., 

2012). The highly coupled equations in the Finite Element model are solved in a mixed function 

space describing the multi-compartment dynamic system. The pressure in each compartment 

(𝑝&) is discretised with piecewise linear Lagrange (P1) elements. Meanwhile, the permeabilities 

(𝑲𝒊) and the other coefficients (𝜔&', 𝐿+, etc) used in the model are represented in piecewise 

constant (dP0) tensor and scalar function spaces, respectively. The flow fields and the blood 

perfusion are computed in dP0 elements and are solved using the BiCojungate Gradient 

STABilised method (BiCGSTAB) with an Algebraic MultiGrid (AMG) preconditioner. The 

time steps are discretized using backward Euler scheme throughout the model. The mesh used 

in this study has 1.4 million tetrahedral elements and the grid convergence study in the model 

has been conducted in our previous research paper by Józsa et al (2021b).  

 
3.3 Results  
 

3.3.1 Model Validation  
 

The concentration curve is fitted with data points measured during clinical treatment (Schwarz 

et al., 2002). In a previous clinical study (Schwarz et al., 2002), patients who suffered from 

hemispheric stroke underwent osmotherapy. Therefore, hemispheric stroke is simulated in the 

perfusion model to obtain the location of leaking vessels (shown in Fig.3.4). Since the location 

of the ICP probe is unknown, the maximum simulated ICP at different time instants is used to 

compare the modelled and the clinically measured ICP curves.  

 

Meanwhile, the duration of infusion 𝑇&7  is 15 minute, and the concentration of hypertonic 

saline reaches a value of 11.2 mmol/L and gradually decreases to 5.9 mmol/L 45 minute after 

the infusion ends (Schwarz et al., 2002). To obtain the experimental concentration curve, the 
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increase of concentration during the injection phase is assumed to be a sigmoid function rising 

from 0 to 11.2 mmol/L. After that, the additional hypertonic saline is excreted from the human 

body and an exponential decay with a decay rate 𝐷	̇ = 0.01424 min-1 is thus assumed to 

describe the concentration drop after infusion ends.  

 

 
Figure 3.4: The hemispheric oedema and pressure distribution along the coronal planes in the four 

compartments.  

 
The concentration obtained from the curve can then be used to derive the rise in blood osmotic 

pressure. The time series for NaCl osmolarity is shown in Fig.3.5a. The maximum effective 

osmotic pressure 𝛱8!9 of NaCl induced by the increase in NaCl osmolarity is 1800 Pa. Note 

that here, I define 𝛱0!12  as the osmotic pressure and 𝜎0!12𝛱0!12  as the effective osmotic 

pressure. Based on the above, the expression for the effective osmotic pressure can be given as   

 
 

𝜎!"#$𝛱!"#$ = #

%%&'
1+𝑒15(0.5𝑇𝑖𝑛−𝑡)/𝑇𝑖𝑛

		,			0 ≤ 𝑡 ≤ 𝑇𝑖𝑛
⬚

					𝛱&"'𝑒−𝐷̇(𝑡−15)		, 			𝑇𝑖𝑛 < 𝑡 ≤ 240	min.
																																					(3.10)	

 
 
By substituting the effective osmotic pressure 𝜎0!12𝛱0!12  into the governing equations, I 
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obtain the simulation results of the dynamic ICP during an episode of osmotherapy (Fig.3.5b). 

a b 

Figure 3.5: The effective osmotic pressure of hypertonic saline with clinical data points 

(left) and the validation curve of the ICP. The clinical data obtained from 22 osmotherapy 

episodes are presented as mean±SE (right), where SE is the square error. The initial ICP is 

much higher than normal value due to the oedema and drops to a nadir value due to the 

injection of osmotic agent. Due to the excretion of the agent, the ICP rises back to the peak 

value gradually after 35 minutes. The clinical data points are collected from (Schwarz et al., 

2002) 

 

3.3.2 Sensitivity Analysis of Physiological Parameters and Treatment 
Effectiveness  

 
Parameter variability leads to uncertainties in treatment effectiveness, which makes it important 

to study the effects of changes in various physiological parameters. By examining Equation 3.4 

which governs the interstitial fluid pressure, the parameters that can influence the simulation 

results are the hydraulic conductivity, capillary wall permeability, capillary blood pressure, 

blood osmotic pressure and baseline ICP. In addition, the size of malignant stroke (L-MCA, 

hemispheric etc.) is also of clinical significance. 

 

The initial ICP should lie within the range of [20; 25] mmHg since only then will osmotherapy 

be necessary. Accordingly, the parameter values are varied within reasonable ranges (Appendix 

B, TableB1). In this parameter sensitivity analysis, the parameter values from Table3.4 are used 
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as baseline values.  

a b

c d

e f 

Figure 3.6: The evolution of ICP in osmotherapy under varying physiological parameters. 

(a) Varying oedema size. (b) Varying storage factor. (c) Varying reflection coefficient of the 

original plasma composition. (d) Varying ICP baseline. (e) Varying tissue hydraulic 

conductivity. (f) Varying capillary wall permeability. The reference curve corresponds to the 

validation case shown in Figure 3.5b. 

 

Fig.3.6 summarises the results of the sensitivity analysis. The effectiveness of osmotherapy is 

of great clinical significance since it is a major clinical concern to achieve a trade-off between 
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lowering ICP and controlling the side effects. To discuss the effectiveness of the osmotherapy 

EEFGH is introduced as is the ratio of the mean ICP drop over 240 minutes (same as the time 

frame of the clinical data) and the mean increased effective osmotic pressure induced by the 

hypertonic saline infusion:  

 

    EEFGH =
∫ (JKL?@A	6	N1O
CDA
A )	P,

∫ 𝜎𝑁𝑎𝐶𝑙𝛱𝑁𝑎𝐶𝑙
CDA
A 	P,

.                           (3.11) 

 

Parameter sensitivity in terms of EEFGH is listed in Table3.5. 

 

 
 
 
 
 
 
 
 

 
 

Table 3.5: Values of EEFGH	 under various physiological parameters. 
 

 
It can be seen that changing oedema size from hemispheric (93.17%) to L-MCA (90.71%) leads 

to a difference of -2.46% in EEFGH. Similarly, baseline ICP (1.38%, -4.49%), 𝜎 (-0.89%, -

0.34%), storage factor of interstitial fluid tissue (0.63%, 2.46%) show only slight effects on 

EEFGH, while the effects of capillary wall permeability and tissue conductivity are much more 

significant. Particularly, the treatment effectiveness varies from 55.10% to 101.62%, depending 

on the value of capillary wall permeability.  

 

3.3.3 Retention Time and Injection Doses are the Major Factors Affecting 
Effectiveness   

 
Next, I investigate the impact of infusion time, retention time and injection dose (measured by 

E,-./(%) 
Reference Value 93.17 𝑐' = 6.16×10−4 Pa−1 93.80 

L-MCA Occlusion 90.71 𝑐' = 1.54×10−4Pa−1 95.63 
𝐼𝐶𝑃0!123452 = 5 mmHg 94.55 𝐾' = 1.8×10−3 mm3s kg−1 94.87 
𝐼𝐶𝑃0!123452 =15 mmHg 88.68	 𝐾' = 7.2×10−3 mm3s kg−1	 84.34 

𝜎	= 0.42 92.28 𝐿/= 6.0×10−12m/s.Pa	 55.10 
𝜎	= 0.65 92.83 𝐿/= 6.0×10−11m/s.Pa	 101.62 
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the osmotic pressure of saline in blood) on effectiveness defined by EEFGH. These parameters 

can be studied by varying 𝛱8!9 , 𝑇&7	 and 𝐷	̇ in Equation 3.10. The doses are the 𝛱8!9 , 

maximum effective osmotic pressure of saline in the blood during injections. Meanwhile, the 

infusion time 𝑇&7  is the duration of injection, which usually varies from 10-30 minutes in 

clinical treatments. The retention time describes the half-life of injected saline in the human 

body, and it usually varies from 30 to 60 minutes (Paczynski, 1997). 

a b c 

e f 

Figure 3.7: The evolution of ICP and effective osmotic pressure in osmotherapy under 

various administration protocols. (a) Varying maximum effective NaCl osmotic pressure 

from 1200 to 2400 Pa. (b) Varying infusion time with maximum effective NaCl osmotic 

pressure of 2400 Pa. (c) Varying decay rate with maximum effective NaCl osmotic pressure 

of 2400 Pa. (d) Varying infusion time with maximum effective NaCl osmotic pressure of 

1200 Pa. (e) Varying decay rate with maximum effective NaCl osmotic pressure of 1200 Pa. 
 
In the simulations presented here, hypertonic saline is administered at various infusion times 

(10, 15, 30 minutes), doses (1200, 1800, 2400 Pa) and the decay rates 𝐷̇ of NaCl are also varied 

so that NaCl half-life ranges from 30 minutes to 1 hour. In Fig.3.7, it is shown that only retention 
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time and dose have a significant effect on the ICP evolution while the effects of infusion time 

are essentially negligible. Meanwhile, it is also worth noting that an increase in NaCl retention 

time can lead to a lower ICP nadir value without a higher osmolarity of NaCl. 

 
3.3.4 Two Possible Scenarios of Osmotherapy Failure  

 
Changes in physiological parameters are shown to play an important role in osmotherapy and 

hence to influence the effectiveness of treatment. It should be noted that parameters such as 

baseline ICP, tissue conductivity and storage factors are the parameters that are essentially 

irrelevant to the severity of BBB damage and thus can be assumed for modelling purposes to 

be similar among individuals. In contrast, the capillary wall permeability and reflection 

coefficients (𝜎 and 𝜎0!12) are determined by the severity of BBB damage and therefore can 

lead to uncertainties in the outcome of clinical treatment. Here, simulation results of two 

scenarios where osmotherapy could fail to lower the ICP to 15 mmHg are presented: 𝐿+ =

3 × 106QQm/s. Pa , 𝜎	 = 	0.35 , 𝜎0!12 	= 	0.0325; 	𝐿+ = 6 × 106QRm/s. Pa , 𝜎	 = 	0.05 , 

𝜎0!12 	= 	0.0625. In the first scenario, the low reflection coefficient of saline leads to reduced 

σSGKTΠSGKT under the same osmolarity and thus impairs the effectiveness of osmotherapy. In 

scenario two, the effectiveness of osmotherapy is affected by the low 𝐿+ which hampers the 

flow of oedematous fluid back into the vasculature. 

 

In Fig.3.8, scenario 0 represents a successful treatment when the physiological parameters are 

chosen to be the reference values and the maximum effective osmotic pressure of NaCl is 2400 

Pa. In contrast, both scenario1 and 2 show an insufficient ICP drop during the osmotherapy as 

the ICP curve is continuously above 15 mmHg. Since the goal of osmotherapy is to achieve an 

ICP below 15 mmHg and therefore the ICP drop is insufficient in scenario 1 and 2. 
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Figure 3.8: The evolution of ICP in scenarios 1 and 2. 

 
In Fig.3.9, the mean ICP drop over 240 minutes is plotted versus the mean increased effective 

NaCl osmotic pressure to show the effectiveness of osmotherapy under various administration 

protocols. The red line shows the reference line showing the effectiveness of bolus injection 

with the maximum dose and the blue line shows the effectiveness of bolus injection with the 

minimum dose. When 𝐿+ is high and 𝜎0!12  is low, the effect of NaCl is not significantly 

affected by the mean NaCl effective osmotic pressure and the continuous injections show 

similar effectiveness. Furthermore, a rise in the mean NaCl effective osmotic pressure leads to 

not just an increase in mean ICP drop, but also increases effectiveness in the low 𝐿+ case. In 

contrast, the rise in mean osmotic pressure leads to a slight drop in effectiveness when the 𝐿+ 

value is high. 
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Figure 3.9: The mean ICP drop over 240 minutes versus the mean increased effective 

osmotic pressure induced by the hypertonic saline infusion. 

 
3.4 Discussion  
 
The validation results presented here show that the simulation results match well with clinical 

data collected from 8 patients who underwent 22 episodes of osmotherapy. As shown in 

Fig.3.5b, there is generally an excellent agreement between the simulation result and the clinical 

data, with most of the data points lying within the error bar. Although the infusion ends at 15 

minutes, it takes time for the brain to respond and the minimum ICP is reached at around 35 

minutes after the onset. Furthermore, compared to the good match during the first 60 minutes, 

there appears to be a slightly larger discrepancy between the simulation result and the clinical 

data after this time. This can be partly explained by the fact that influencing factors such as 

further medication and nursing care are not considered after 60 minutes in the clinical study. 

The infusion is only 60 minutes long and thus the clinicians could hence only monitor the 

patients during the first 60 minutes. Overall, the validation thus shows a very good match 

between clinical data and simulation results. 

 

In this study, the baseline ICP is varied to 5 mmHg and 15 mmHg, i.e., to the minimum and 

maximum normal ICP values respectively. Due to the lower ICP baseline, the difference 
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between blood pressure is larger and this thus increases the rise in ICP. As a result, the net 

effects of ICP baseline on osmotherapy are negligible. Meanwhile, when the tissue storage is 

small, the drop and rebound of ICP is faster and the ICP reaches a lower bottom value. However, 

the tissue storage only slightly affects the ICP when it is varied within 50% to 200% of baseline. 

Larger tissue conductivity leads to a lower initial ICP and slower ICP response and varying the 

value from 50% to 200% does not affect the ICP significantly. In contrast, the reflection 

coefficient of the original blood plasma composition shows a strong effect on the curve. This is 

mainly because of the change in initial oedema pressure. The curves follow a similar pattern to 

the reference curve and reach the bottom ICP value at around 35 minutes while the maximum 

ICP drop over 240 minutes remains almost the same. Meanwhile, an increased 𝐿+ is found to 

affect the overall response of ICP to osmotherapy since it affects the fluid transfer between 

vasculature and interstitial space. 

 

The osmotherapy in oedema after L-MCA occlusion has been compared with the reference 

curve (hemispheric oedema) and no significant difference is shown in the simulation results. 

This is because the interstitial pressure is determined by the pressure difference between the 

capillary blood and interstitial space. Although osmotherapy and its side effects have been 

extensively reviewed in meta-analysis studies, how the patient-specific physiological 

parameters affect the ICP remains unclear. In this study, the effects of the varying physiological 

parameters have thus been studied quantitatively for the first time. It is shown that the 𝐿+ tissue 

conductivity and reflection coefficients are the most important parameters to consider in 

osmotherapy. 

 

This study also finds that the doses of the injection and the retention time of ICP are the most 

important factors affecting the ICP evolution, whereas the infusion time does not show any 

significant effects. In contrast, a long retention time maintains the osmotic pressure after the 
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infusion ends and therefore leads to a lower ICP bottom value. A longer retention time can also 

be achieved by injecting osmotic agents at a certain rate following the bolus injection (Biestro 

et al., 1997). This suggests that maintaining the osmotic pressure by combining the bolus with 

a continuous injection can potentially help to lower and to maintain ICP at a lower value. 

 

Two scenarios that lead to osmotherapy failure have also been presented (Fig.3.8). Although 

there are other parameters, including tissue conductivity, that can affect the response of ICP, it 

is shown here that a failure of osmotherapy caused by a low NaCl reflection coefficient shows 

a fast response, but insufficient ICP drop. Meanwhile, failure caused by a low capillary wall 

permeability usually demonstrates a slower response of ICP. Accordingly, strategies to deal 

with ineffective treatment can be categorised into two types. In the scenario where an 

insufficient ICP drop is caused by a low NaCl reflection coefficient, the ICP response is fast 

while the ICP drop is small. In this case, although the rise in NaCl osmolarity can lead to a 

larger ICP drop it also indicates that it is worth trying other types of osmotic agents such as 

mannitol and glycerol whose reflection coefficient could be larger (Nau, 2000; Ziai et al., 2007). 

In scenario 2, the response in ICP is slow when the 𝐿+ is low. Effectiveness is not likely to rise 

when using other types of osmotic agents since the effectiveness is limited by the low capillary 

wall permeability. Therefore, it is suggested that larger doses and longer retention time be used 

to achieve a lower bottom ICP value. Once a lower ICP nadir value is achieved, it takes a long 

time for the ICP to rebound in low capillary wall permeability and thus the effectiveness can be 

improved. In clinical settings, the fast and slow response ICP curves do not require any accurate 

measurement of ICP, and it is therefore not necessary to take the risk of employing invasive 

ICP monitoring (Robba et al., 2016). Instead, non-invasive methods (such as MLS, optic nerve 

sheath diameter method) can be used to obtain the ICP curve and help to determine the cause 

for insufficient ICP during osmotherapy (Raboel et al., 2012; Ragauskas et al., 2012). 

3.4.1 Limitations 
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It should be noted that there are several limitations to this study. Firstly, many parameters have 

been used in the multi-compartment models and it is always difficult to determine some of the 

parameters from existing experimental data. Due to the various experimental methods adopted 

in the previous studies, the parameters shown in experimental studies vary significantly, even 

though the real physiological values usually do not vary beyond the 50%-200% range (see for 

example, Sack et al., 2009; Montagne et al., 2015; Budday et al., 2020). Additionally, some of 

the parameters are not yet available in the human brain and data from animals were thus used 

as necessary (Harper & Bohlen, 1984; Józsa et al., 2021a). Secondly, the multi-compartment 

porous model relies on multiple scale separation and homogenisation of the brain. It has been 

pointed out that the vessel diameter in the vasculature changes continuously, therefore the 

applicability of scale separation is questionable (Peyrounette et al., 2018). Meanwhile, the 

homogenisation of the brain behaviour neglects the differences in the properties of tissue in 

different regions and only the differences between white and grey matter are considered. The 

properties of different brain regions remain unclear, and the experimental data are not sufficient 

for a brain model with more anatomical details. Thirdly, the following features are not 

considered in the model: the temporal changes in the parameters; cerebral autoregulation; the 

effects of brain tissue mechanics on the interstitial fluid pressure; and the (highly complicated) 

biochemical reactions during the injection of hypertonic saline. Specifically, cerebral 

autoregulation is restored after infusion (Zipfel et al., 2021) and this might thus be a crucial 

factor that can lead to a slower rebound in the clinical data compared to the simulation results. 

 

In conclusion, the first model for osmotherapy is presented and the simulation results are found 

to be in good agreement with the clinical data. Different types of injection and osmotherapy 

under different parameters are simulated to help predict optimised therapeutic strategies for 

patients having different types of unsuccessful treatment. This model can hopefully be further 



56 

developed to achieve better accuracy and to provide more detailed guidelines for the clinical 

treatment of oedema.  
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Chapter 4 
 
 

Mathematical Modelling of 
Haemorrhagic Transformation in the 
Human Brain* 
 
 
In this Chapter, the osmotherapy model is further developed by including haemorrhagic 

transformation. In severe BBB damage, vessel wall ruptures, and blood components and blood 

usually flow into the interstitial space spontaneously. However, the role of biomechanical factors in 

haemorrhagic transformation remains unclear. Here, the model is validated with clinical imaging 

data and utilised for the investigation of the impact of blood glucose, BBB damage severity, blood 

pressure on haemorrhage development.  

 

 

 
 
* The contents of this chapter are reproduced without change from (Chen et al., 2023). This Chapter 
is the collaborative work of Xi Chen and Jiayu Wang. During the collaboration, Xi Chen worked on 
the modelling of brain haematoma and contributed the FEniCS code for haematoma simulation. Wang 
worked on the MATLAB clinical data processing code. Both Chen and Wang contributed to the 
conceptualisation, clinical data acquisition and data analysis of the results. The paper writing is done 
by both Chen and Wang. The Introduction, Results and Discussion are completed by both of Chen and 
Wang. Meanwhile, section 4.2.1- 4.2.2 of Methods is completed by Chen and section 4.2.3 of Methods 
is completed by Wang. Author contribution is listed at the end and the work by Wang will be labelled 
in footnote throughout this Chapter.  
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4.1 Introduction* 
 
Stroke is one of the most important causes of damage to the brain and was ranked as the second 

leading cause of death across the world in 2018 (Katan & Luft., 2018). The incidence of stroke 

is predicted to continue to increase in ageing populations. Haemorrhagic transformation (HT) 

is one of the most common complications after ischaemic stroke, caused by damage to the 

blood–brain barrier (BBB) that can be the result of stroke progression or a complication of 

stroke treatment with reperfusion therapy. HT is a frequent, often asymptomatic, complication 

(Álvarez-Sabín et al., 2013) that has the potential to lead to long-term morbidity and mortality 

(Marsh et al., 2013).  

 

The Heidelberg Bleeding classification which incorporates the European Cooperative Acute 

Stroke Study (ECASS) classification, classifies HT based on its radiological appearance on 

follow-up computed tomography (CT) or magnetic resonance imaging (MRI) (von Kummer et 

al., 2015): haemorrhagic infarction type 1 (HI1), which is defined as small petechiae (tiny spots 

of bleeding) along the peripheral margins of infarct; haemorrhagic infarction type 2 (HI2) as 

confluent petechiae within the infarcted area but without mass effect; parenchymal haematoma 

type 1 (PH1), defined as blood clots in ≤ 30% of the infarcted area with some slight mass effect; 

and parenchymal haematoma type 2 (PH2) as blood clots in > 30% of the infarcted area with 

substantial mass effect. HT can also be quantified by measuring its volume and large volumes 

were associated with poor functional outcomes (Van Kranendonk et al., 2020). HT is often 

located in the internal regions of the brain: putaminal (occurrence: 46.2%), thalamic 

(occurrence: 19.4%) and pontine (occurrence: 14%) (Nah et al., 2012). 

 

 
* Wang contributed to the medical background of haemorrhagic transformation and Chen contributed 
to the literature review of computational modelling in the Introduction section.  
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The severity of HT is highly variable and a key question is whether the occurrence and severity 

of HT can be predicted accurately after ischaemic stroke, based on available imaging data and 

clinical parameters. Wang and Payne (2021) first proposed a mathematical model that describes 

the behaviour of HT within a 2D vasculature model. In this vasculature model, the geometries 

of vessels in the same generation were the same. However, based on anatomical studies, 

capillaries have been shown to have a more web-like than tree-like structure (Duvernoy et al., 

1981). In addition, the effects of HT on surrounding normal vessels and tissue were not 

considered in this initial model. 

 

Wang et al. (2022a), extended the previous model to an enlarged vasculature length scale in 

order to compare the model predictions more accurately with the human vasculature. The 

penetrating model they used was that of El-Bouri and Payne (2018) and they investigated the 

effects of HT on the surrounding tissue and vessels. It was found that perfusion reduces by 

approximately 13 − 17	% and cerebral blood volume (CBV) reduces by around 20 − 25	% 

after HT onset due to the effect of capillary compression caused by increased interstitial 

pressure. However, this model focuses on a length scale of around 1	mm, which remains 

difficult to compare with imaging data. 

  

Therefore, it is necessary to extend the HT model to a full brain length scale (100	mm) and 

validate this model with real imaging data, as shown in Fig.4.1. Various full brain models have 

been developed, for example, to investigate the correlation between stress and midline shift 

(MLS) (Bing et al., 2020), to study the importance of different constitutive relationships and 

material properties (Weickenmeier et al., 2017), to explore the risk factors associated with the 

early stages of Alzheimer’s disease (Guo et al., 2018) and to simulate tissue perfusion (Padmos 

et al., 2021). However, a full brain model that describes HT has not previously been developed. 
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Figure 4.1: Macroscopic (a) and microscopic (b, c, d) configurations of haemorrhagic 

transformation (HT) simulation across different length: (a) HT model in the entire human 

brain (present study); (b) simulation of HT in penetrating vessel network; (c) healthy vessel; 

(d) BBB breakdown and haemorrhage modelling around a single vessel. Figure adapted from 

Wang & Panye (2021) with permission. 

 

The aim of this study is thus to develop a model which can simulate the severity of haemorrhage 

in a full brain model. In addition, this model has the potential to be used to help clinicians to 

determine the bleeding region more accurately. We used the HT model developed by Wang and 

Payne (2021) and Wang et al. (2022a), which we further extended by inclusion of an oedema 

model developed by Mokhtarudin and Payne (2015) and Chen et al., (2022). 
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The developed HT model is applied to provide information in addition to a perfusion model 

described by Guo et al. (2018), Padmos et al. (2021) and Józsa et al. (2021a) . Then our results 

are compared with imaging data from the MR CLEAN-NO IV trial (LeCouffe et al., 2021). 

Properties such as haematoma volume are estimated and compared with neuroimaging 

measurements (Jain et al., 2013; LeCouffe et al., 2021). By comparing with the clinical data, 

the parameters used for our simulations, such as the definition of haematoma surface pressure, 

can be optimised. We then conclude by investigating the factors that may affect the severity of 

HT, including increased blood viscosity and blood pressure. 

 

4.2 Materials and Methods* 
 
The model consists of two components that simulate blood perfusion and individual 

haematomas respectively. Similarly, we use the perfusion model presented in Chapter 3 as the 

criteria to determine the brain damage region. An additional model for blood leakage will be 

introduced before being coupled with perfusion model. The methods to provide quantification 

of HT will then be introduced.  

 

4.2.1 Leakage Model  
 

4.2.1.1 Governing Equations 
 
In this model, the blood is assumed to leak into the interstitial space and an additional compartment 

for the interstitial flow is thus required. Therefore, a porous circulation model with 4 compartments 

(arteriole, capillary network, venule, and interstitial space) is proposed here to predict the growth of 

a haematoma and the change in cerebral blood flow (CBF) and perfusion before and after HT. The 

blood leakage is modelled using the capillary wall filtration model and the flow rate can be written 

as (Starling, 1896; Mokhtarudin, 2016):  

 
* Wang contributed to the MATLAB code for clinical image processing (4.2.3) and the Chen 
contributed to the computational model 4.2.1-4.2.2  
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𝑆 = ]2𝑛̂𝑏
𝐿𝑝
𝑅𝑐
(𝑝𝑐 − 𝑝𝑤)						in	bleeding	tissue

0																																	in	healthy	tissue
                        (4.1) 

 

where 𝑛̂- is the volume fraction of blood vessel in a unit volume of brain tissue, 𝐿+ denotes the 

vascular permeability, 𝑅" denotes vessel radius, 𝑝 denotes the hydrostatic pressure with subscripts 

that represent capillary blood pressure and interstitial fluid pressure respectively and 𝑆 denotes the 

leakage flow rate. 

 

Here, the compression of the capillary blood vessels is also considered using the tube law 

(Drzewiecki et al., 1997; Mokhtarudin, 2016), and the capillary compression function is assumed to 

be of the form: 

 

𝑓 = Q
R
`1 + tanh c1 + +̅6+$

V.VQX
de)                       (4.2) 

 

where 𝑓  denotes the fraction of vessels remaining open, 𝑝̅  is the baseline value of interstitial 

pressure, and 𝐸 is the bulk modulus representing the capillary wall stiffness. Since the blood flow 

into the haematoma compresses the tissue, it acts to squeeze the interstitial fluid in the brain. 

Therefore, the blood flow and the interstitial flow driven by the growing haematoma both need to be 

considered. There are no current experimental data available to define the surface of a haematoma. 

Hence, in these simulations, in order to obtain reasonable values of haematoma volume, we set the 

threshold of haematoma surface pressure, 𝑝∗ = 3.5	mmHg above the baseline tissue pressure. The 

value is chosen following simulations (results not shown) that show that this value appears to be the 

optimal one to obtain haematoma volumes that match clinical imaging data reasonably well. The 
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sensitivity analysis for this haematoma surface pressure will, however, be presented and discussed 

later. 

 

Based on our knowledge, there is currently no anatomical data of the bleeding proportion in different 

types of vessels in HT. In this model, we assumed that only the capillaries are leaky when HT occurs. 

Gliem et al. (2012) found that bleeding frequently occurred around thin-walled vessel in the infarct 

border zone and the capillary wall thickness is around 2	um (Lucas, 2013; Payne & Lucas, 2018). 

In addition, based on morphological measurements of the frequency distribution of vessels diameter, 

majority of vessels are found to be capillary vessels (Lauwers et al., 2008). Furthermore, Wang, et al. 

(2022a) found that the larger leaky vessel led to larger haematoma volume and in this simulation, the 

PH2 type of HT is excluded. Therefore, in terms of to determine the bleeding regions in different 

compartments (arteries, capillaries and veins), we assume the leakage only occurs in the capillary 

compartment. The governing equations for the leakage model can be written as the following:      

   

𝛻 ∙ (Z
[
𝛻𝑝() = −𝑓 ∙ 𝑆                                          (4.3) 

  𝛻 ∙ (𝑲𝒂
[F
𝛻𝑝!) = 	 	𝑓 ∙ 𝜔!" ∙ (𝑝! − 𝑝")									                            (4.4)   

𝛻 ∙ (Z&
[F
𝛻𝑝") = 	−	𝑓 ∙ 𝜔!" ∙ (𝑝! − 𝑝") + 𝑓 ∙ 𝜔"$ ∙ (𝑝" − 𝑝$) 	+ 	𝑓 ∙ 𝑆       (4.5)   

         𝛻 ∙ (𝑲𝒗
[F
𝛻𝑝$) = 	−	𝑓 ∙ 𝜔"$ ∙ (𝑝" − 𝑝$)                               (4.6) 

 

where 𝜇 denotes fluid viscosity in the interstitial space. The permeability of fluid in the interstitial 

space depends on whether the space is occupied by blood or interstitial fluid. Since the fluid 

component is assumed to be determined by a pressure threshold 𝑝∗ = 3.5	mmHg, the tissue 

permeability of fluid in the interstitial space depends on pressure values and it is thus assumed 

to be of the form: 

 
Z
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= Z$
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[
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))																																						(4.7) 
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where 𝐾(  and 𝐾-  denote the conductivities of water and blood in the interstitial space, 

respectively. By implementing a tissue conductivity that varies with pressure, we can simulate 

both the flow of oedema fluid and blood.   

4.2.1.2 Boundary Conditions 
 
In the haematoma model, following removal of the occlusion, the blood perfusion is assumed 

to be fully restored. Although this is a strong assumption imposed for simplicity, it will be 

possible in future to examine the effect of incomplete restoration. The perfusion then leads to 

an increased blood pressure on the blood vessel wall and causes vessel rupture and the formation 

of a haematoma. Constant pressure boundary conditions are imposed on the pial surface for all 

subregions. The interstitial space boundaries are the interface between interstitial fluid and 

cerebrospinal fluid and the pressure is assumed to be constant due to the high compliance of the 

cerebrospinal fluid (CSF) (Mokhtarudin & Payne, 2017). The boundary conditions for the 

haematoma model are given in Table4.1. 

 

 Cortical Surface Ventricle Surface 

Arteriole Blood 𝑝! = 	90	mmHg 𝑲𝒂𝛻𝑝" = 	0 

Capillary Blood 𝛻𝑝, = 	0 𝛻𝑝, = 	0 

Venule Blood 𝑝# = 	15	mmHg 𝑲𝒗𝛻𝑝. = 	0 

Interstitial Fluid 𝑝H = 	10	mmHg 𝑝H = 	10	mmHg 

 
Table 4.1: Boundary conditions for the haematoma model. 

 
4.2.2 Model Coupling 
 
In the perfusion model, it is assumed that the locations with higher values of capillary blood 

pressure are prone to vessel disruption, BBB breakdown, and consequently HT. Since 
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haematoma is likely only to occur in the infarcted region, a 70% perfusion reduction is used 

as the primary threshold for the tissue bleeding (Campbell et al., 2015; Payne, 2016; Jovin et 

al., 2017). Furthermore, although subcortical HT has been found to appear more frequently than 

cortical HT, it should be noted that the prediction of the precise spatial location of the 

haematoma is highly challenging. To obtain the haematoma locations that match the clinical 

images, capillary pressure ranges were varied	and used as the secondary threshold for vessel 

rupture and tissue bleeding. The geometry of the bleeding tissue obtained from the perfusion 

model was then included within the leakage model to simulate the growth of the haematoma 

and the resulting perfusion reduction.  

1. The heathy perfusion is simulated to obtain the healthy blood flow (Fig.4.2a).  

2. The occluded subregions are chosen (Fig.4.2b) to obtain the stroke blood perfusion (Fig.4.2c). 

3. Patient-specific capillary pressure ranges are chosen manually. Regions with 70% perfusion 

reduction (Fig.4.2d) and over where the capillary blood pressure lie in the ranges are defined as 

bleeding tissue for each patient. 

4. The regions chosen as bleeding tissue are imported into the leakage model for haematoma 

simulation (Fig.4.2e).  

5. The haematomas are defined as regions with interstitial pressure rise over 3.5 mmHg. 

Comparison in the pairs of haematoma centre locations (x_i, y_i,z_i) and volumes, which are 

obtained from the computational model and clinical images is performed (Fig.4.2f). If the 

differences do not lie in a reasonable range (the differences in pairs of x values, y values and z 

values from the computational model and imaging data are < 5%), then go back to step 2 until 

a reasonable hematoma is obtained.   
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Figure 4.2 (a) Simulation of blood pressures in healthy blood flow in the arteriole, capillary, venule 

and interstitial space, respectively. (b) Subregions on the cortical surface and selection of the 

occluded regions (red). (c) Simulation of brain blood pressures in infarction. A reduction in blood 

pressures in the occluded region is shown as the colour darkens. (d) Blood perfusion reduction 

obtained from the healthy and stroke cases. (e) Bleeding tissue is assumed to occur in the regions 

where perfusion reduction is over 70% and is chosen by varying the capillary blood pressure ranges. 

The bleeding tissue is then imported into the leakage model for the simulation of the growth of 

hematoma. (f) 3.5 mmHg of pressure rise is used as the threshold of hematoma boundary and the 

hematoma is compared with the CT images. 

 

In the model, the governing equations are solved numerically using Python with a high-

performance open-source Finite Element library, FEniCS (Logg & Wells, 2010; Logg et al., 

2012). The highly coupled equations in the Finite Element model are solved in a mixed function 

space describing the multi-compartment dynamic system. The pressure in each compartment 

(𝑝&) is discretised with piecewise linear Lagrange (P1) elements. Meanwhile, the permeabilities 

(𝑲𝒊) and the other coefficients (𝜔&', 𝐿+, etc) used in the model are represented in piecewise 

constant (dP0) tensor and scalar function spaces, respectively. The flow fields and the blood 
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perfusion are computed in dP0 elements and are solved using the BiCojungate Gradient 

STABilised method (BiCGSTAB) with an Algebraic MultiGrid (AMG) preconditioner.  

 

All the parameters used in the models and their sources are given in full in Table4.2. 

 

Parameter Value Reference(s) 

𝑲𝒂 4.4424 × 10IJK	mK  Estimated by 0-
order arteriole diameters and vessel density 
(Józsa et al., 2021a) 

𝐾" 1.5408 × 10IJL	mK  1.0 × 10IJM	mK (El-Bouri & Payne, 2016); 

1.0 × 10IJN	mK (Tully & Ventikos, 2011) 
𝑲𝒗 8.8848 × 10IJK	mK  Estimated by pressure and blood perfusion rate 

(Józsa et al., 2021a) 
𝐾H 3.6 × 10IJM	mK  (Su, 2012) 

𝐾O 1.0 × 10IJM	mK  (Su, 2012) 

𝜔!"H   1.326 × 10IP	PaIJ ∙ sIJ  Derived from perfusion rates in grey and white 
matter (Lüders et al., 2002; Józsa et al., 2021a) 

𝜔!"
Q  5.22 × 10IR	PaIJ ∙ sIJ  

𝜔"#H  4.641 × 10IR	PaIJ ∙ sIJ  

𝜔"#
Q  1.828 × 10IP	PaIJ ∙ sIJ  

𝑝! at cortical surface 12000	𝑃𝑎 = 90	mmHg  (Józsa et al., 2021a) 

𝑝̅  10	mmHg  (Payne, 2006) 

𝑝# at cortical surface 2000	𝑃𝑎 = 15	mmHg  (Józsa et al., 2021a) 

𝐿S  3.0 × 10IJJ	m ∙ PaIJ ∙ sIJ  (Su, 2012) 

𝑅"  5.0 × 10IP	m  (Cassot et al., 2006) 

𝑛@O  0.03  (Ito et al., 2001) 

𝜇O  3.6 × 10ITPa ∙ s  (Su, 2012) 

𝜇  1.0 × 10ITPa ∙ s  (Mokhtarudin & Payne, 2015) 

 

Table4.2: Values of model parameters used in the perfusion, oedema and osmotherapy 

models and their sources. 

 

4.2.3 Quantifications of CT Images 
 
We included patients with HT from the MR CLEAN-NO IV trial (LeCouffe et al., 2021). The 
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MR CLEAN-NO IV trial was a multicentre randomized controlled trial that assessed the effect 

of EVT alone compared with IVT before EVT after acute ischaemic stroke due to large vessel 

occlusion. The study protocol of MR CLEAN-NO IV has previously been described by 

Treurniet, et al. (2021). HT was assessed on follow-up CT according to the Heidelberg bleeding 

classification acquired within 7 days after stroke onset (LeCouffe et al., 2021; Treurniet et al., 

2021). We included 5 patients with HI1, 5 with HI2 and 5 with PH1. We did not include patients 

with PH2 because there were significant tissue displacements and large midline shifts (MLS) 

which are more difficult to simulate (and may require a non-linear constitutive model for the 

tissue). All 15 series of CT images were quantified by manually delineating the haemorrhage 

by a trained observer (KRK) using ITK-SNAP (version 3.4.0). 

 

All CT images were imported into MATLAB R2022a to generate a pixel (2D) matrix, which 

was used to determine the centre of each haematoma. A coordinate was established to describe 

hematoma centres, as shown in Figs.4.3 and 4.4. The origin is set at the lower left of the 

cerebellum (left of bottom oblongata) for all patients and computational brain models. We found 

that it was challenging to determine the centre of the brain when there is a significant effect of 

MLS shown in the imaging data. Thus, setting the origin outside the brain based on the boundary 

of brain became our preferred choice. The centre of haematoma in the brain can thus be 

described in a three-dimensional co-ordinate of the form (𝑥, 𝑦, 𝑧) where 𝑥, 𝑦	and	𝑧	lie in the 

range of 0 − 100%. 

 

The determination of the haematoma location is based on the delineation of the haemorrhage. 

The haematoma could then be quantified in the pixel matrix. The pixels of the haematoma 

shown in the pixel matrix can be described as (𝑥&, 𝑦& , 𝑧&). Then all the locations of haematoma 

pixels in three directions were used to obtain the centre of each haematoma. The flow diagram 

of the quantification of HT method is shown in Fig.4.3. 
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Figure 4.3: Schematic drawing of quantification method of HT for both CT images and the 

computational brain model. Dashed boxes: input. Yellow arrows: haematoma locations. The 

image was rotated after being imported into MATLAB using the function “imrotate” in 

MATLAB to ensure the same size (dimensions) of matrix. 

 

4.3 Results 
 

4.3.1 Haematoma Location and Volume Measurements 
 
Using Eq. 4.1 - 4.7, the haematoma models can be computed for each patient with different 

sizes and locations of HT. An example of a HT simulation is given in Fig.4.4 for a type HI2 

haematoma. The haematoma volume from CT images was calculated to be 0.72	ml and the 

result obtained from the simulation shows that the haematoma volume is close at 0.64	ml. The 

centre of haematoma obtained from the CT images is located at (25.82%, 60.60%, 48.72%) 
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and that calculated from the simulation is located at (29.48%, 61.65%, 47.17%). As discussed 

above, the co-ordinates of each haematoma centre are given in percentage length (i.e., a 

dimensionless length) to mitigate the effects of brain geometry that may vary from one patient 

to another. Fig.4.5 shows the correlation of haematoma and bleeding region (note that the 

example shown in this figure is not the same as the example in Fig.4.4). It can be seen that the 

bleeding region (white) is located completely inside the haematoma (red). 

 

 

 

Figure 4.4: Example HT model showing a haematoma located in a full brain model obtained 

from the axial plane (a) and sagittal plane (c). This example is compared with an example of 

HT by showing the axial plane (b) and sagittal plane (d). The positive x-axis extends to the 

right, reaching the far-right side of the brain; the positive y-axis extends to the front, 

reaching the front side of the brain; and the positive z-axis extends to the top of the brain. 
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Figure 4.5: Example of haematoma and bleeding region. A haematoma (red substance) 

including bleeding region (white substance) from the axial plane (a). Slice view of the 

haematoma and bleeding region obtained from the simulation (b). The haematoma and 

bleeding region are shown overlaid in (c). The bleeding region is fully inside the haematoma. 

 

These 15 HT imaging data were chosen because of their high image quality. As shown in 

Fig.4.6(a), 5 patients had HT in the left hemisphere (x value < 50%) and 10 patients had HT in 

the right hemisphere. The haematoma centres obtained from the image data and simulations are 

all close to each other (no significantly statistical differences are found using a t-test). 

 

The co-ordinate differences from simulations and CT images occur because our model is limited 

in its location of the haematoma since the subregion size was pre-determined, i.e., the finite 

resolutions of both the CT images and the computational brain model leads to small differences 

in the haematoma centres (Józsa et al., 2021a). Comparisons of haematoma volumes (𝑉) are 

also shown in Fig.4.6(b) and the p-value for the pair of volumes is > 0.05, indicating that there 

is again no statistically significant difference between the predicted and measured haematoma 

volumes. 
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Figure 4.6: Comparison of HT between CT images and simulations. Quantification of 

haematoma centres in 𝑥, 𝑦	and 𝑧 axis (a). Comparison of haematoma volume between 

image data and simulations (b). 

 

4.3.2 Perfusion Quantification 
 
Fig.4.7 shows the comparison of perfusion reduction in the region of interest. In these 

simulations, we find that perfusion reduces by 5% − 16% after HT onset.  The perfusion 

reduction (∆𝐹) (from the full brain model) is computed from data collected on the ipsilateral 

side compared with the contralateral (healthy) side. The right part of Fig.4.7 shows the perfusion 

reduction values computed in a penetrating network model, the values of which are taken from 

Wang et al. (2022a). 
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Figure 4.7: Comparison of perfusion reduction obtained from this full brain model and 

penetrating network model. The data for right boxplot are reproduced from Wang, et al. 

(2022a). 

 

4.3.3 Sensitivity Analysis 
 
We next used one example of HT to process the sensitivity analysis with various values of blood 

viscosity 𝜇- , the definition of haematoma surface pressure 𝑝∗  and blood pressure 𝑝! . This 

example of HT was set close to the lenticular nucleus, which is found to be a high occurrence 

location of HT (Horie et al., 2019). Correlations between haematoma volumes (𝑉)	and perfusion 

reduction (∆𝐹) with 𝜇-, 𝑝∗ and 𝑝! were tested, as shown in Fig.4.8. A critical phenomenon 

that was found when we adjusted the blood viscosity was that the haematoma volume increases 

with increased blood viscosity when the blood viscosity was in the range of 3.4 − 4.1	cP. It is 

found that 1% increase of blood viscosity increases 10.35% of haematoma volume from the 

baseline (when 𝜇- = 3.6	cP), as shown in Fig.4.8(b). In addition, we find that the perfusion 

reduces when the blood viscosity increases: 1% increase of blood viscosity reduces 0.04% of 

perfusion, Fig.4.8(b). 
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As shown in Fig.4.8(c), a higher definition of haematoma surface pressure leads to a larger 

haematoma volume and smaller perfusion reduction, as would be expected (note the logarithmic 

scale, which indicates the very high sensitivity). The haematoma volume changes significantly 

with the definition of haematoma surface pressure 𝑝∗. Haematoma volume is calculated to be 

10.02	ml  when we set 𝑝∗  as the initial value at 1	mmHg . When the value of 𝑝∗ is set at 

5	mmHg, the haematoma volume is equal to 0.05	ml. When the value of  𝑝∗ is thus set to be 

just 5 times larger than its original value, the haematoma volume will decrease by some four 

orders of magnitude. As shown in Fig.4.8(d), 1% change of 𝑝∗  ( ±𝑝a) leads to 0.0061% 

change of perfusion.  

 

Higher blood pressure, as expected, results in larger perfusion reduction and haematoma volume. 

As shown in Fig.4.8(e), when the blood pressure 𝑝! is set from 70	mmHg to 90	mmHg, the 

haematoma volume grows from 0.51	ml to 1.12	ml and perfusion reduction increases from 

0.28% to 22.85%. The measure of importance is shown in Fig.4.8(f): 1% increase of blood 

pressure reduces 0.80% of perfusion and increases 4.73%	of haematoma volume from the 

baseline.  

 

Higher hydraulic permeability results in larger perfusion reduction and haematoma volume, as 

shown in Fig.4.8(g) and Fig.4.8(h). When the permeability increased by four orders of magnitude 

from 106QR  m/(Pa∙S), the perfusion reduction increased from 7.89% to 16.7% and the 

haematoma volume increased from 0.017ml to 0.66ml. 
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Figure 4.8: Variations in perfusion reduction and haematoma volume as functions of (a) blood 

viscosity, (c) the definition of haematoma surface pressure, (e) blood pressure (source pressure) and 

(g) hydraulic permeability. Measures of importance of perfusion reduction and haematoma volume 

change as functions of (b) viscosity change, (d) the definition of haematoma surface pressure change, 

(f) blood pressure change, (h) hydraulic permeability. ∆𝐹 denotes perfusion reduction. 𝑉 denotes the 

haematoma volume, 𝑉’ denotes the haematoma volume change. 𝑉- denotes reduced haematoma 

volume and 𝑉+ denotes increased haematoma volume. 𝜇-	 a denotes the blood viscosity change, 𝑝’ 

denotes the definition of haematoma surface pressure change and 𝑝!	 a denotes the blood pressure 

change. Note that the right y axis in (c) is shown in logarithmic scale at a base of 𝑒. 
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4.4 Discussion 
 
In this study, we have developed a model of HT in a full brain model to examine the relationship 

between the bleeding region with HT and to investigate how HT can be affected by various 

haemodynamic parameters. This simulation is based on the model proposed by Wang and Payne 

(2021), which presents a mathematical model of HT after ischaemic stroke. They investigated 

how changes in vascular geometry can affect the severity of HT. To develop further these 

simulations, Wang, et al. (2022a) simulated the HT in a penetrating network to determine how 

HT can affect healthy blood vessels and tissues. In this study, we have further developed this HT 

model into a computational whole brain model to investigate the correlation between bleeding 

region and haematoma. We quantified the HT and validated the results with a set of clinical 

images to simulate the bleeding region of haematomas. By using the optimised parameters, we 

established a HT scenario to investigate the haemodynamic factors that may affect HT. 

 

In the quantification of HT for real clinical image data, we controlled the haematoma volumes 

and centres by adjusting the infarcted regions and capillary pressure manually to approach the 

haematoma volumes and centres obtained from CT images. The coordinate points of haematoma 

centres both from these models and CT images are compared in Fig.4.6(a) by t-test. All p-values 

of  𝑥 , 𝑦  and 𝑧  values of haematoma centres are > 0.05. Aligning the coordinate values, 

however, proved to be relatively difficult compared to processing the other two values. This is 

due to different patients having different geometries of brains; thus, the origin of the coordinate 

system will be slightly different comparing with the computational model, i.e., the accurate 

coordinate of the bottom of oblongata is challenging to determine. In addition, the resolution of 

the computational brain subregion also leads to some differences. This should be addressed more 

rigorously in the future. 
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The voxel-based dice similarity coefficient (DSC), which was proposed by Dice (1945), is 

commonly used to quantify the area overlap between the algorithm and manually segmented 

regions for patients with various diseases (Chai et al., 2012; Yamamoto et al., 2012; Edmund et 

al., 2014; Griffis et al., 2016; Zhou et al., 2020). However, DSC can only be calculated based on 

two images shown by pixels or voxels. In our study, the computational brain model is mesh-

based, whereas the CT images are pixel-based. Thus, the overlap regions of HT from the 

computational brain model and CT images are difficult to determine and define. In addition, it is 

challenging to determine the region of interest since the geometries of patients’ brains vary from 

one patient to another. 

 

In this study, the location and the volume of haematoma are the primary focus. However, the 

shape of the haematoma is not validated with the CT images since the main aim of this study is 

to optimise the model parameters (for example, 𝑝∗	) and to investigate the factors that may 

influence the severity of HT. We suggest, however, that the shape of the haematoma should be 

determined in the next study to locate the bleeding region more accurately. DSC (Dice, 1945) (to 

determine the overlap) and symmetric correspondence method (Papademetris et al., 2002) (to 

obtain the difference in boundaries) are potential ways to quantify the shape difference. 

 

In the comparison of the haematoma volumes between the CT scan and the computational model, 

no statistically significant difference was found. The results of haematoma volumes from the 

simulations are close to the clinical data. From the 15 patients, 5 are HI1, 5 are HI2 and 5 are 

PH1. All haematoma volumes are less than 5	ml. We did not split up results into the different 

types since we used these imaging data to optimise our model parameters. Different types of HT 

provide nearly the same results, for example, the optimised 𝑝∗	was found to be 3.5	mmHg for 

all types of HT. We did not include the PH2 patients at this stage since this model is not able to 

investigate HT with large tissue displacement, especially for patients with a significant MLS. 
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As shown in Fig.4.7, a reduction in perfusion is found following HT, in the range of 5 − 16%. 

Jain, et al. (2013) compared the CT perfusion parameters for a control group and an HT group: 

the mean reduction rate of relative cerebral blood flow (rCBF) was found to be 10 ± 4.3% 

(5.7 − 14.3%), which is in good agreement with the results that we present here (note this 

experimental result of rCBF is not obtained from MR CLEAN-NO IV). Since rCBF was 

calculated clinically from data collected on the ipsilateral side compared with the contralateral 

(healthy) side, we used the same method to determine the reduction of perfusion in these 

simulations (noting that the comparison is not exact). 

 

Wang et al. (2022a) predicted that the reduction of perfusion in a penetrating network voxel, 

which is in the size of 1 × 1 × 2.5	mm, is approximately 13 − 17% after HT onset. Our results 

are found to be smaller than the perfusion reduction from the penetrating network. We suggest 

that this is because different sizes of regions of interest are selected. 

 

In this study, our results show that increased blood viscosity has the potential to increase the 

volumes of haematoma. Çinar, et al. (2001) measured the correlations between blood glucose 

with blood viscosity: when the mean value of blood glucose increased from 100 − 400	mg/dL, 

viscosity increased by 25% (𝑟	 = 	0.59, 𝑃	 = 	0.002). Mushtaq, et al. (2019) also found that 

hyperglycaemia is associated with blood viscosity. A phenomenon that increased baseline 

glucose levels were associated with overall symptomatic intracerebral haemorrhage (sICH) 

occurrence was proposed by van der Steen, et al. (2022). The simulations from our model support 

the hypothesis that increased blood glucose levels lead to a higher level of severity of HT if the 

high blood glucose level results in higher blood viscosity. 

 

In addition, high blood glucose and high blood pressure are linked, since high levels of sugar in 
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blood can lead to atherosclerosis (Brown & Goldstein, 1984; Libby, 2002; Bays et al., 2005). As 

shown in Fig.4.8(e), higher blood pressure leads to a larger haematoma and a larger reduction in 

perfusion, as would be expected. Blood pressure acts as a driving force of HT in our model. Our 

results thus also support the results proposed by van der Steen, et al. (2022): i.e., that increased 

baseline systolic blood pressures can increase overall sICH occurrence.  

 

It should be noted that in our simulation, the time dynamics were not included since all images 

were taken at the time of CT scanning. Thus, the dynamic process of haemostasis was not 

considered. However, one important aspect of a reduction in cerebral blood volume (CBV) caused 

by haemostasis should be considered in the following stages of model development due to 

localized vasoconstriction occurring before haemostasis starts (Armstrong & Golan, 2011). 

Localized vasoconstriction caused by haemostasis could also lead to significant capillary 

compression but here it was assumed that increased ICP was the primary source of reduced CBV. 

It also indicates that further studies are needed to determine the dynamic correlations between 

variations in perfusion reduction and haematoma volume. 

 

To the best of our knowledge, there are very limited available experimental data that propose 

rigorous definitions of the haematoma boundary using physical parameters after HT onset, 

especially for HT in the full brain. Wang and Payne (2021) and Wang, et al. (2022a) set the 

definition of haematoma boundary at 0.1	mmHg above tissue pressure, which was found to 

ensure a haematoma radius close to experimental data in mice: Jenkins, et al. (1989) measured 

the distance between the haematoma boundary and related damaged vessels as 700	µm . 

However, these simulations were based on a single leaky vessel and in relatively small regions 

of interest, compared to our full brain model. 
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It can be seen from Fig.4.8(c) that haematoma volume is highly sensitive to the definition of 

haematoma boundary pressure. Since the haematoma boundary was drawn manually from clinical 

imaging data, the identification of the haematoma boundary may be different from the haematoma 

definition based on experimental data from individual vessels in mice (Jenkins et al., 1989; Wang 

& Payne, 2021).  To keep the size of haematoma volume to a reasonable size compared with 

clinical data (LeCouffe et al., 2021; Treurniet et al., 2021), we optimised the definition of 

haematoma surface pressure, 𝑝∗, and found this to be 3.5	mmHg above tissue pressure in our 

simulation. 

 

Regarding the identifiability aspects of the model, nearly all the parameters that we are using here 

are likely to vary from one patient to another (to a greater or lesser degree). We suspect that the 

hydraulic permeability 𝐿+ is one of the most likely values to vary significantly from one patient 

to another, although obtaining experimental measurements of this parameter is highly 

challenging. The sensitivity analysis for the hydraulic permeability 𝐿+ is shown in Figs.4.8(g) 

and 4.8(h). Future work will be required to confirm the hydraulic permeability for different types 

and locations of HT, which will be required to predicting the severity of HT more accurately. 

 

In addition, we have only one computational brain model with a specific shape, while the 

geometries of patient brains vary from one patient to another. Although the coordinate points of 

haematoma centres (described using percentage values) were used in our simulation to eliminate 

the influence of the different shapes between our brain model and real patients’ brains, more 

adaptive brain models will be needed in the future to fit different brain shapes. One of the potential 

models has been proposed by Jozsa, et al. (2022): the anatomical (geometrical) fitness of the brain 

models was evaluated by comparing the simulated grey and white matter volumes to 

measurements in healthy reference subjects. Thus, various patients can be compared with every 
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computational brain which is adjusted to geometry. We can use the same method in future to fit 

our brain model with specific patient brains. 

 

As shown in Fig.4.5, the bleeding region and haematoma are both present in the brain model. 

However, this model is not able to locate the specific bleeding vessels. Since the vessel geometry 

varies from one patient to another, it is challenging to determine the bleeding vessels. It is 

suggested that the bleeding regions will need to be validated in the future as and when the relevant 

clinical data become available. 

 

The long-term aim of our work is to identify those patients who are most at risk of haemorrhage 

based on imaging data (and other non-imaging parameters) and to predict the occurrence and 

severity of HT. However, our model still has many limitations to predict HT. One of the potential 

methods to develop a prediction model is linking HT with oedema. Oedema and HT were found 

to be highly associated after stroke and oedema was commonly assumed as a leading factor of 

HT (Vemmos et al., 2004). In addition, oedema could potentially be examined and identified by 

a wearable ultrasound device such as that invented by Wang, et al. (2022b). Thus, HT could in 

future become much more predictable by applying a wearable ultrasound device combined with 

our model relating oedema and haematoma. 

 

 

4.5 Conclusion 
 
Through the development of a mathematical model to simulate HT in a computational brain 

model, validation with real clinical images is possible through the comparison between 

haematoma geometry, locations, and perfusion change. This study has identified that a reduction 

in perfusion after HT onset is in the range of 5 − 16%, which is with good agreement with 
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experimental data. One of the more significant results found here is that increased blood glucose 

level and high blood pressure lead to more severe HT, as observed clinically:  

 

1. 1% increase in blood viscosity reduces perfusion by 0.0434% and increases haematoma 

volume by 10.35% from baseline.  

2. 1%  increase in blood pressure reduces perfusion by 0.80%  and increases haematoma 

volume by 4.73%	from baseline.  

 

This model is the first such to be able to simulate the correlation between bleeding regions and 

haematoma and should be of assistance in future to assess HT for clinicians. 
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Chapter 5 
 
 

Modelling Midline Shift and Ventricle 
Collapse in Cerebral Oedema Following 
Acute Ischaemic Stroke* 
 
 
Thus far, we have proposed the models for the simulation of oedema and haemorrhagic transformation. 

However, the models presented in Chapter 3 & 4 are limited by the fact that they do not consider the 

deformation of the brain. This was due to the challenge in simulating contact problem that emerges 

from brain deformation. As the brain deforms, the ventricle is compressed and the ventricle surface 

can contact and form a self-contact problem. Here, I develop a contact mechanics solver in FEniCS 

open-source software for the solution of brain deformation. This enables the model to simulate the 

relationship between ICP and MLS, which is great significance to clinical decision-making. 

 

5.1 Introduction 
 
Reperfusion therapy restores CBF, but it can also cause excessive fluid leakage, leading to increased 

 
* The contents of this chapter are reproduced without change from the published version of paper on 
PLoS Computational Biology (Chen et al., 2024). This paper is written and conducted by Chen. Chen 
contributed to the FEniCS mechanics solver, data analysis and discussion of the results.  
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ICP and brain oedema (Fig.5.1) (Aries et al, 2012). An elevated ICP can cause symptoms such as 

headache, nausea, vomiting, and loss of consciousness and can be fatal when over 25 mmHg 

(Leinonen et al., 2018). Therefore, clinical decision-making and treatment strategies heavily depend 

on accurate knowledge of ICP levels and generally aim to restore the ICP level to a normal range of 

5–15 mmHg (Leinonen et al., 2018). The ICP can be measured invasively in intraventricular, 

intraparenchymal, subdural and epidural spaces (Raboel et al., 2012). The gold standard of ICP 

measurement is through an intraventricular pressure probe (Nag et al., 2019), but such an invasive 

technique involves higher risks of brain damage and post-surgery infection (Le Roux, 2016). Therefore, 

multiple non-invasive ICP measurement techniques have been developed to attempt to overcome the 

limitations of invasive techniques (Rosenberg et al., 2011; Raboel et al., 2012; Kristiansson et al., 

2013). Many studies have attempted to find a correlation between increased ICP and radiologic 

findings on CT/MRI images, including the appearance of the cisterns, ventricular size, degree of 

contusion, the magnitude of MLS, and the ventricular index (Robba et al., 2016). However, these 

criteria are affected by many factors and thus are not able to predict ICP precisely. (Miller et al., 2004, 

Kristiansson et al., 2013). 

 

  
 

Figure 5.1: Oedema formation is associated with blood leaving the lumen through the damaged 

blood brain barrier, filling the interstitial space. 
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In this study, I focus on the MLS of the oedematous brain, which is defined as the shift of the brain 

past its centre line. It has been widely used to estimate ICP and the severity of brain damage since 

MLS can be observed directly on brain imaging. Meanwhile, MLS is also an important diagnostic 

(Liao et al., 2018, Tu et al., 2012) and prognostic (Asil et al., 2003) indicator in various brain diseases 

because it provides important information about the location and severity of brain injury (Walberer et 

al., 2007; Jacobs et al., 2011; Ouyang et al., 2013). Usually, a midline shift of less than 5 mm may be 

considered mild and may not require immediate intervention, while a midline shift of more than 5 mm 

may be considered moderate to severe and may require urgent surgical intervention to relieve the 

pressure (Valadka et al., 2000). Although previous studies have shown a linear relationship between 

ICP and MLS, this relationship still lacks statistical significance (Miller et al., 2004). 

 

Over the past few decades, computational models have been widely applied to study brain oedema 

caused by various diseases (Drake et al., 1996; Li et al, 2009; Sweetman et al., 2011; Tully & Ventikos, 

2011; Yuan et al., 2013; Mokhtarudin & Payne, 2015; Guo et al., 2018; Vardakis et al., 2019; Ju et al., 

2020; Józsa et al., 2021a; Miller et al., 2021; Józsa et al., 2022) and only a few studies have focused 

on the simulation of post-stroke oedema (Mokhtarudin & Payne, 2015; Bing et al., 2020). Most of the 

previous studies focused on the solid mechanics of the brain tissue and are therefore not able to 

represent the variation of ICP across the computation domain and reflect the relationship between ICP 

and MLS (Fletcher et al., 2016; Weickenmeier et al., 2017; Bing et al., 2020). In addition, previous 

studies have only investigated small deformation and are thus not able to simulate large deformations 

of the brain and values of MLS of over 5 mm (Bing et al., 2020).  

 

To provide more insights into the ICP-MLS relationship, I thus propose a new computational model 

to study the relationship between ICP and MLS and explore the factors that could cause deviations 
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from a linear relation. The model has been utilised for the simulation of brain osmotherapy and 

haemorrhagic transformation after stroke and validated with clinical data (Chen, et al., 2022; Chen et 

al., 2023). The present study sets out to extend computational brain models developed in the In Silico 

Clinical Trials for the Treatment of Acute Ischaemic Stroke (INSIST) project (Mokhtarudin & Pyane, 

2015; Konduri et al., 2020; Józsa et al., 2021a; Miller et al., 2021) and to investigate factors such as 

patient brain geometries, the severity of BBB damage and types of oedemas that can affect the ICP-

MLS relation. Once a reliable model is established, it will help to sharpen the focus of resource-

intensive clinical studies, and thus lower the associated (often very high) costs. Inspired by recent 

studies (Mokhtarudin & Payne, 2015; Józsa et al., 2021a; Józsa et al., 2022)) on biofluid transport in 

the brain, a multi-compartment porous Finite Element model will be utilised to investigate the ICP-

MLS relation.  

 

In this study, I thus used poroelastic theory to model brain oedema and ventricle collapse and to 

investigate the relation between ICP and MLS. The computational model incorporates a contact 

mechanics solver for the first time to investigate severe brain oedema with large deformations and 

ventricle collapse. The study consists of the following parts: (1) the governing equations will be 

presented and the simulated arterial blood pressure (ABP), ICP and MLS will be compared with 

clinical data to validate the model; (2) the simulation results will be presented to show the distribution 

of ICP, displacement, stress and stretch in the oedematous brain; (3) oedema in patient-specific brain 

geometries, oedema with various severity of BBB damage and different types of oedema will be 

investigated to show their effects on the ICP-MLS relationship; (4) the ICP-MLS relations of different 

cases will be compared and the important factors will be highlighted to improve the clinical estimation 

of ICP; (5) stress and tenson/compression that can lead to brain tissue damage will be discussed.  
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5.2 Methods 
 
The modelling pipeline consists of a perfusion component and an oedema component for the 

simulation of healthy blood perfusion, stroke blood perfusion, and oedema, respectively. The healthy 

and stroke blood perfusion simulated in the perfusion model is utilized to obtain the oedema core, 

which will then be imported into the oedema model for oedema simulation. The models are presented 

before being coupled together. Similarly, we use the perfusion model in Chapter 3 to generate 

perfusion data and obtain the oedema geometry.  

5.2.1 Oedema model 
 

5.2.1.1 Governing Equations 
 
Because of the relatively slow rate of ISF flow compared to blood flow, the flow exchange between 

the capillary network and the interstitial space is negligible in a healthy brain. Therefore, only three 

compartments are used in the perfusion model. In the oedema model, however, the brain is damaged 

and additional fluid leaks into the interstitial space and leads to brain oedema. Therefore, additional 

compartments for interstitial fluid and brain deformation are required for the simulation of ICP and 

MLS in a damaged brain. In the oedema model, the brain is assumed to be a poroelastic medium 

consisting of five compartments, i.e., tissue, interstitial space, arteriole, capillary, and venule network 

and can thus be considered as a multi-network fluid dynamic system. A threshold of 70% or greater 

reduction in blood perfusion (Campbell et al., 2015; Payne, 2016; Jovin et al., 2017) is used to define 

the location of leaking vessels. The corresponding governing equations are given as: 
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where 𝑐( and 𝑐- are the storage factors of the interstitial fluid and blood in the brain tissue. The 

parameters 𝑝(  and 𝐾(  are the pressure and hydraulic conductivity of interstitial fluid in the 

interstitial space.	 𝜀	 is the dilatational strain and 𝒖}}⃗  is the displacement. 𝐺 and 𝜆 are the Lamé 

constants. The term	𝑆"( represents the fluid transport from the vasculature into the interstitial space. 

It should be noted that here we neglected the time derivative of displacement in the poroelastic theory 

(Equation5.1) (Tully & Ventikos, 2011), and the poroelastic problem can thus be solved in a decoupled 

manner. This is because brain oedema develops over a long time scale and the process is highly 

dependent on the breakdown of the BBB. This makes the pressure a slow time scale (days or weeks) 

(Marmarou et al., 2000; Lang et al., 2017) variant whilst the deformation is at a much faster time scale 

(seconds or minutes) (Budday et al., 2020). In oedema modelling, time-scale separation can be used 

and the displacement can always reach equilibrium. Therefore, the time derivative of displacement 

term becomes negligible.  

 

The value of the 𝑆"( term in the normal BBB has been estimated by Fraser et al. (1990) and this 

value can increase by more than 100 times the normal value (Hakamata et al., 1995). Due to the large 

difference between the BBB permeability in the damaged region and the healthy region, the flow from 

capillary blood to the interstitial space and the flow of interstitial fluid in healthy tissue is thus 

neglected. Meanwhile, the leakage of fluid into the interstitial space 𝑆"(  can be derived 

(Mokhtarudin, 2016) from modified Starling’s principle and Donnan’s Effect (Donnan, 1924; Elkin et 

al., 2010; Lang et al., 2014): 

 

𝑆"( = �
2𝑛-

3(
4&
[(𝑝" − 𝑝() − 𝜎𝛱"]	, 𝑂𝑒𝑑𝑒𝑚𝑎

⬚
0	, 𝐻𝑒𝑎𝑙𝑡ℎ𝑦	𝑡𝑖𝑠𝑠𝑢𝑒

																																									(5.6)	
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The term representing fluid transfer between the capillary and the interstitial fluid compartments (𝑆"() 

is derived in Appendix A. 𝐿+ is the hydraulic permeability of the capillary wall, 𝛱" is the osmotic 

pressure for the plasma components in the blood before osmotherapy, 𝜎 is the reflection coefficient 

of the original plasma composition, 𝑛- is the volume fraction of blood vessels in a unit volume of 

brain tissue, and 𝑅" is the mean vessel radius.  

5.2.1.2 Boundary Conditions 
 
In the oedema model, the blood perfusion is restored and thus the arteriole pressure at the pial surface 

is constant. Therefore, the boundary conditions of the blood compartments are the same as the healthy 

blood perfusion listed in Table5.1. For the interstitial compartment, the CSF in the ventricle and the 

subarachnoid space are compliable and the pressure in the CSF space is thus considered constant. 

Meanwhile, brain tissue at the pial surface is fixed to the skull through interconnecting structures such 

as the dura mater and subarachnoid space. Thus, the displacement at the pial surface is assumed to be 

negligible and a fixed boundary condition is thus imposed. As to the ventricle surface, however, the 

CSF in the ventricle does not resist any displacement and the stress on the ventricle surface is thus 

balanced by the CSF pressure in the ventricle. Therefore, the total stress 𝝈𝑡𝑜𝑡𝑎𝑙 satisfies 𝝈𝑡𝑜𝑡𝑎𝑙 ∙ 𝒏}}⃗ = 	0. 

 

  

 Cortical Surface Ventricle Surface 

Arteriole Blood 𝑝! = 	90	mmHg	 𝐾!𝛻𝑝! ∙ 𝒏}}⃗ = 	0 

Capillary Blood 𝐾"𝛻𝑝" ∙ 𝒏}}⃗ = 	0 𝐾"𝛻𝑝" ∙ 𝒏}}⃗ = 	0 

Venule Blood 𝑝$ = 	15	mmHg 𝐾$𝛻𝑝$ ∙ 𝒏}}⃗ = 	0 

Interstitial Space 𝑝( = 	10	mmHg 𝑝( = 	10	mmHg 

Tissue  𝒖}}⃗ = 	0	 𝝈,b,!2 ∙ 𝒏}}⃗ = 	0	 

 
Table 5.1: Boundary conditions for the oedema model 
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5.2.2 Parameters 
 
The parameter values used here have been presented in my previous studies and were also thoroughly 

investigated in previous studies by other authors. The parameter values utilised in the modelling 

presented here are listed in Table5.2. 

 

Parameter Value Reference(s) Parameter Value Reference(s) 

𝑐%	 1.59×10−3 Pa-1 (Su, 2011) 
𝑝&  at 
cortical 
surface	

2000 Pa = 15 mmHg (Józsa et al, 2021a) 

𝑐'	 3.08×10−4 Pa-1 
Derived from (Bai, 
1993; Zienkiewicz et 
al., 1990; Zienkiewicz 
et al., 1984) 

𝑅(	 5×10−6 m (Cassot et al., 2006) 

𝐺 592.7 Pa (Budday et al., 2020) 𝜎	 0.35 Estimated from the initial ICP in 
oedema at the start of treatment 

𝐾+ 1.234 mm3s kg−
1 

Estimated by 0-
order arteriole diamete
rs and vessel density (
Józsa et al, 2021a) 

𝑝+  at 
cortical 
surface	

12000 Pa = 90 mmH
g (Józsa et al, 2021a) 

𝐾( 
4.28 × 10 − 3 

mm3s kg−1 

(1.0×10−15 m², El-
Bouri et al, 2016)(1.0
×10−10 m², Tully & 
Ventikos, 2011) 

𝛱(	 2445 Pa  (Su, 2011) 

𝐾& 2.468 mm3s kg−
1 

Estimated by pressure 
and blood perfusion 
rate 
(Józsa et al, 2021a) 

𝜔!"⬚ 	 3×10−6 Pa−1s−1 
Derived from perfusion in grey 
and white matter 
(Józsa et al, 2021a, b) 

𝐾'	
3.6×10−3 mm3s 
kg−1 (Su, 2011) 𝜔"$⬚ 	 6×10−6 Pa−1s−1 

𝐿/	 3.0×10−11 m/s.P
a (Su, 2011) 𝜆	 1383.0 Pa Derived. (Mokhtarudin, 2016) 

𝑛% 0.03 (Ito et al., 2001) 	   

 
Table 5.2: Values of model parameters used in the perfusion, oedema and osmotherapy models and 

their sources. 
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5.2.3 Numerical Method 
 
The governing equations are solved numerically using Python with a high-performance open-source 

finite element library, FEniCS (Logg & Wells, 2010; Logg et al., 2012). The highly coupled equations 

in the Finite Element model are solved in a mixed function space describing the multi-compartment 

dynamic system. The contact problem is solved using FEniCS, with a self-developed Augmented 

Lagrangian method to solve the self-contact of the brain ventricle during oedema. The method has 

been widely used for simulation in previous investigations of biomechanical problems (Brinkhues et 

al., 2013; Guo et al., 2014). The equations implemented to solve the contact mechanics are:  

 𝐺(𝒖, 𝒗) + ∫ (𝜆0
(d) + 𝜀0𝑔)𝒗 ∙ 𝒏 ∙ 𝑑

⬚
e Γ	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 (5.7) 

𝜆0
(dfQ) = 〈𝜆0

(d) + 𝜀0𝑔〉                                    (5.8) 

 
where 〈∙〉 is the Macaulay bracket, 𝑔 is the penetration depth after brain deformation, 𝒏 is the 

contact surface normal vector. 𝒖 and 𝒗 denote the displacement and the variation of displacement, 

respectively. 𝐺(𝒖, 𝒗) is the potential energy of non-contact terms. 𝜆0⬚ is the Lagrange multiplier and 

𝜀0 is the penalty coefficient and they are used to impose a contact pressure on the contact boundary 

to achieve convergence and to avoid large penetration. A large penalty coefficient can lead to 

divergence, whereas a small penalty makes it time-consuming to achieve convergence. Therefore, 

different penalty coefficients are chosen for different simulation cases.  

 

The iterations and simulation algorithms are shown in the flowchart depicted in Fig.5.2. The time steps 

are discretized using a backward Euler scheme throughout the model. The pressure field is first 

computed and then utilized to compute the displacement. The rise in ICP leads to tissue deformation 

and thus potential contact between ventricle surfaces. The collision between mesh elements is detected 

using BoundingBoxTree toolset in FEniCS after each iteration and the penetration depth of each 
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penetrating mesh nodes is measured to obtain 𝑔 and to generate the 𝜆0⬚ function. We use SciPy and 

PETSc toolkits to assemble and solve stiffness matrices and residual forces generated from FEniCS. 

As the ventricle collapses, the surface of the ventricle contacts and the Lagrange multiplier is 

augmented to avoid large penetration of brain tissue. Once the Lagrange multiplier is found to keep 

penetration within tolerance, the results are saved and used for the simulation in the next time step. 

Details of the implementation of the contact algorithm and convergence criteria are introduced in 

Appendix D. 

 

 
 

Figure 5.2: Flowchart of the computation algorithm for mesh deformation. 
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The pressure in each compartment (𝑝&) is discretised with piecewise linear Lagrange (P1) elements. 

Meanwhile, the permeabilities (𝐾&) and the other coefficients (𝜔&', 𝐿+, etc) used in the model are 

represented in piecewise constant (dP0) tensor and scalar function spaces, respectively. The pressure 

field computed from the previous step is then used for the simulation of the displacement field, where 

the displacement is discretised with the Continuous Galerkin (CG) Method. The flow fields, the blood 

perfusion and the displacement are all computed in P1 elements and are solved using the BiCojungate 

Gradient STABilised method (BiCGSTAB) with an Algebraic MultiGrid (AMG) preconditioner. 

 

5.2.4 Clinical Data 
 
The dataset used here is obtained from a retrospective cohort of 97 oedema patients who had traumatic 

brain injury (TBI) and were admitted to the Neurosciences Critical Care Unit between 1995-2002 in 

Addenbrooke’s Hospital, University of Cambridge, UK. Data were recorded and re-analysed 

anonymously under ethical protocol 30 REC 97/291. The median age was 34 years (range 13-76 years; 

78% males). ABP was measured directly from the radial artery levelled at the level of the heart (Baxter 

Health Care Corp.). ICP was monitored continuously using a microtransducer (Direct Pressure 

Monitor; Camino Laboratories, or MicroSensors ICP Transducer; Codman and Shurtleff, Inc.), 

inserted intraparenchymally into the right frontal region. Among them, 24 presented unilateral lesions 

and midline shifts were confirmed by CT imaging (Cardim et al., 2021). The midline shift was 

measured in millimetres according to the scale on the CT scan. We assigned a positive value to the 

displacement of the midline from the right to the left side, and a negative value to displacement of the 

midline from the left to the right side. No midline shift was graded as a zero value. The median number 

of daily recordings was 3 days (range 1–11 days).  

 

As the post-ischaemic stroke is usually not as severe as the TBI, data on the intraparenchymal 
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monitoring of ICP is very rare. Therefore, the TBI data are utilised in this in-silico study to obtain 

proper mechanical properties, including the shear modulus and Poisson ratio of the brain tissue. 

 

5.3 Results 
 
Here I show the simulation results of the population-averaged brain with hemispheric stroke. The 

oedema volume is simulated in the perfusion model and shown in Fig.5.3a. As the brain swells during 

the development of oedema, the cerebrospinal fluid (CSF) drains, and the ventricle surface contacts 

(Fig.5.3b). The temporal variation of blood pressures, ICP and displacement can be observed. As the 

ICP rises, the brain swells and the capillary blood pressure drops on the swelling side. Meanwhile, 

there is only an insignificant change in the blood pressures in the arteriole and venule compartments 

(Fig 5.3c). 

 

5.3.1 Model Validation 
 
The simulation results are first compared with the clinical ICP, ABP and MLS data of oedema patients. 

In Fig.5.4, the clinical data of ICP and ABP in lesions in the left hemisphere and right hemisphere are 

shown separately, with the in-silico data fitting the ellipse. In the clinical data, a linear relationship 

between ICP and ABP shows that the ICP rise is primarily driven by blood pressure and the data points 

can be fitted using an ellipse and linear fit (as shown in Fig.5.4). Similarly, the governing equations in 

the model also indicate that the ICP rise is linearly driven by the ABP, as expected, and as shown in 

Equation 5.1-5.5. By varying the ABP values, ICP also varies during brain oedema and the ICP values 

can be recorded and compared with the clinical data to fit the ellipse. A good fit of the ABP and ICP 

data indicates a proper choice of the 𝐿+ to 𝐾( ratio in the computational model and thus validates 

the flow simulation. In the model, ABP corresponds to the boundary blood pressure on the pial surface 

in the arteriole compartment and ICP corresponds to the maximum interstitial pressure across the 
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computation domain. MLS is measured as the maximum displacement on the centreline of the brain 

model. As for different ABP values 𝐴𝐵𝑃& , the boundary conditions for the arteriole blood at the 

cortical surface are varied and the venule pressure is set to rise as the arteriole pressure rises, with a 

fixed pressure difference of 75 mmHg.  

 

 
 

Figure 5.3: simulation results of the hemispheric oedema in the population-averaged human brain 

when the ABP is 105 mmHg. Here, the simulation results for 105 mmHg ABP are chosen to show 

the MLS and contact of ventricle surface more clearly. (a) 3D oedema geometry. (b) ventricle 

collapse and partial contact. (c) slices of blood pressures, ICP and displacement at 500 and 1000 

seconds. 

 

Meanwhile, I can also obtain the MLS values in the simulations for the validation of the solid 

compartment in the model. In the model, the relationship between ICP and MLS is determined by the 
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shear modulus and Poisson ratio of the solid phase. Therefore, a comparison demonstrates the accuracy 

of mechanical property parameters chosen in the model. In Fig.5.4b, the MLS values of the data points 

in Fig.5.4a are plotted against the boxplot of MLS values measured on CT imaging, and an excellent 

agreement is found.  

a b 
 

Figure 5.4: Clinical data and validation. (a) The ICP and ABP relationship with best ellipse fit and 

linear fit (dotted line). Clinical data for lesions on the left and right hemisphere are shown and 

simulations are run within the range. (b) Clinical and in-silico MLS comparison, with the boxplots 

showing 5, 25, 50, 75, 95 percentiles. 

 

5.3.2 Intracranial Pressure, Midline Shift, and Stress 
 
In brain oedema, there are multiple different types of damage, including stress damage and axonal 

damage caused by stretch. Therefore, in this section, I consider the distributions of ICP, displacement 

and tissue stress. As shown in Fig.5.5, the ABP is 105 mmHg and the maximum ICP across the 

computational domain is found during the development of oedema. As the intracranial pressure rises, 

the oedema core swells and compresses the surrounding tissue, leading to a rise in tissue stress. The 

ICP rises in the entire hemisphere while the deformation occurs in certain regions on the ventricle 

surface. ICP value can be obtained by calculating the maximum pressure from the interstitial fluid 

compartment in the computational domain. It can be observed that stress concentrates at the corners 
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of the ventricle. The periventricular stress concentration is much greater (approximately twice) than 

the maximum intraparenchymal stress.  

 

 
 

Figure 5.5: ICP, displacement and stress distribution in the brain (a) the stress concentration on the 

ventricle corners. (b) brain slices of the model. (c) slices showing values of ICP, displacement and 

stress.  

 

5.3.3 ICP-MLS Relationship 
 
Due to the difficulties in measuring ICP in clinical settings, the MLS has been widely used to 

determine the severity of oedema. However, the ICP-MLS relationship has been shown to be multi-

factorial and it is thus challenging to substitute MLS for accurate ICP estimation. Hence, to study the 

effects of these factors, i.e., patient-specific brain geometry, BBB damage severity and types of 

oedemas, are simulated to obtain ICP-MLS curves and to quantify the variability that can arise. 

5.3.3.1 Patient-specific Geometry 
 
According to our previous study, the brain mesh is affine transformed according to CT imaging to 
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obtain brain models that are similar to patient-specific brains (Józsa et al., 2023). Quasi-patient-

specific geometries are obtained by first creating a general mesh template in the standard space and 

then an affine registration of this template to the tissue mask of each specific subject. This approach 

avoids time-consuming and potentially non-robust patient-specific geometry reconstruction. A mesh 

template is prepared from the averaged T1-weighted MNI template of the IXI555 cohort (Gaser, 2009). 

Here I study oedema in patient brains with hemispheric oedema and compare the ICP-MLS curves 

with the population-averaged brain (Fig.5.6). Linear fits are used to find the ICP-MLS slope and zero 

intercept is imposed in the linear fitting as the MLS is zero when there is no pressure rise in the healthy 

brain. In this study, 18 cases are simulated and the four with the most different ICP-MLS curves are 

shown in Fig.5.6.   

 

 
 

Figure 5.6: (a) MLS-ICP curves; and (b) patient-specific brain geometries obtained from affine 

transformation.  

  

The oedema volumes, sagittal, coronal, and axial lengths of the patient brains are summarized in 

Table5.3. To illustrate the correlation between the ICP-MLS slope and geometrical features of the 

brain. The volume of oedema and 3 dimensions of the 18 patient-specific brains are plotted with the 

slopes (Fig.5.7). It can be seen that the ICP-MLS relationship is dependent upon the volume of the 
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oedema, with an R2 of 0.530. Meanwhile, the plot of 3 dimensions shows the axial and coronal lengths 

of the patient brain correlate with the ICP-MLS slopes. In brains with larger axial and coronal lengths, 

the ventricle has a larger cross-section for brain tissue displacement from the right to left hemisphere 

and this indicates the ICP-MLS curve is affected by the geometry of the ventricle.  

 

Patient Volume of 
Oedema (ml) 

Sagittal 
Length (cm) 

Coronal 
Length (cm) 

Axial Length 
(cm) 

Standard 
Brain 55.75 13.8 17.4 15.5 

6 42.62 13.0 15.7 14.6 

28 45.18 12.6 16.9 14.7 

56 42.42 12.7 16.2 14.8 

60 59.59 14.1 17.4 17.0 

 
Table 5.3: Oedema volumes and the maximum width and maximum length of brain geometries. 

 

 

Figure 5.7: The factors that can affect the ICP-MLS relationship, where volume indicates the 

volume of oedema in different brains, and the L, W and H represent coronal, sagittal and axial 

lengths, respectively.  
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5.3.3.2 Severity of BBB Damage 
 
Another factor that varies among patients is the severity of BBB damage. BBB damage depends on 

the effectiveness of the stroke therapy, age, medical history, collateral score, etc (Kimberly et al., 2018; 

Wiegers al., 2020). Due to the different extent of BBB damage, some patients present MLS whereas 

others do not. To investigate the effects of the severity of BBB damage, the 𝐿+ value is varied to 

analyse the ICP-MLS relations. As shown in Fig.5.8, the ICP rise is distributed only in the oedema 

core when the 𝐿+ is small and the ICP becomes more evenly distributed across the hemisphere as 𝐿+ 

rises. Meanwhile, the volume change in the brain tissue can be defined as: 

 

∆𝑉 = g&	6		gU
gU		

× 100%                        (5.9) 

 

where the 𝑉" is the volume of tissue after oedema occurrence and 𝑉& is the tissue volume before 

oedema. As the BBB damage becomes more severe, the volume of the brain tissue also increases 

across a larger region, from the core in the oedema volume to almost the entire right hemisphere 

(Fig.5.8c). As the tissue swells, the increase in the water content in the oedema core compresses the 

surrounding tissue and leads to a water content and tissue volume reduction (around 20%) at the 

periventricular region and at the pial surface. It is found that as 𝐿+ rises, the volume of fluid leakage 

into the interstitial space becomes greater and thus leads to larger MLS under the same maximum ICP 

rise (Fig.5.8a). However, when the increase of water content in the brain tissue almost spreads across 

the entire hemisphere (as shown in the 5𝐿+ and 8𝐿+ cases), the slope of the ICP-MLS curve stops 

increasing.      
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Figure 5.8: Effects of Lp value and the volume changes in the oedema brain. The value of Lp rises 

from left to right.  

5.3.3.3 Types of Oedemas 
 
Different types of stroke lead to different types of post-stroke oedema, including ACA, PCA, MCA, 

and hemispheric oedema, etc. MCA and hemispheric oedema are common types of oedema, whereas 

PCA and ACA are rare and are thus hard to investigate in clinical settings. In the model, oedema at 

different locations leads to differences in anatomical features and thus various ICP-MLS relations. 

According to a vascular territory atlas (Tatu et al., 1998), each artery feeds one sub-territory at the pial 

surface, as shown in Fig.5.9a. In this section, different territories on the pial surface are occluded in 

the perfusion model to obtain damaged tissue volume for a range of oedema simulations. 

 

The volumes of oedema cores are listed in Table5.4. It can be noted that the ICP-MLS slopes of 

different types of oedemas vary significantly (Fig.5.9c & 5.9d). The pressure rise in the interstitial 

fluid compartment in different types of brain oedema is similar (Fig.5.9e). Meanwhile, the volume of 

the MCA oedema is twice the volume of PCA or ACA, while the volumes of PCA and ACA oedema 

are around the same. Although the PCA and ACA oedema are of similar volume, the MLS in ACA 

oedema reaches around 1 mm when ICP is 20 mmHg while the PCA oedema leads to almost no MLS. 

The PCA oedema, the displacement in the brain tissue concentrates at the right back of the ventricle 

and thus does not contribute to the MLS (Fig.5.9b & 5.9f). Meanwhile, the ACA oedema leads to 
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much larger MLS as the swelling tissue compresses the tissue on the opposite side even though the 

deformation is restricted by the falx which is assumed to be rigid. The MLS caused by ACA can be 

larger if the falx is included as a part of the model. In addition, tissue swelling in MCA oedema pushes 

the brain from the side and therefore the MLS caused by MCA oedema is the largest of the three types 

of oedema. 

 

 
 

Figure 5.9: Simulations of different types of oedemas. (a) Subregions on brain model. (b) 

Ventricle geometry and midline of the brain. (c) MLS-ICP relations for different types of 

oedemas. (d) Hemispheric, PCA, ACA and MCA oedema geometries. (e) ICP rise. (f) 

Displacement. 

 

 

Type of Oedema Oedema Volume 
(ml) Slope (mm/mmHg) 

Hemispheric 53.78 0.307 
PCA 7.00 0.022 
ACA 8.52 0.105 
MCA 16.98 0.181 

Table 5.4: Volumes of different types of brain oedema. 
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5.4 Discussion 
 
This chapter proposes the first model for the study of post-stroke oedema with MLS under large 

deformation. Although computational models have been widely used for the study of brain oedema, 

post-stroke oedema has not been thoroughly investigated. Different from previous studies in which 

the oedema cores are assumed as growing volumes (Bing et al., 2020) or are assumed to occur in the 

entire brain (Tully & Ventikos, 2011; Vardakis et al., 2016), a perfusion component is utilised in the 

model for the simulation of different types of oedemas and to obtain the oedema volume. This provides 

more accurate population-averaged oedema locations and allows us to investigate the differences 

between different oedema types in more detail. Meanwhile, the population-averaged brain can be 

affine transformed to obtain patient-specific brains and to analyse the effects of their anatomical 

features. Furthermore, as the brain is modelled as a four-compartment poroelastic medium, it can thus 

provide overall information on blood pressure, interstitial pressure, displacement, stress and strain. 

This helps improve our understanding of post-stroke brain oedema as a multi-factorial process. 

 

This model also incorporates for the first time the contact mechanics problem into the modelling of 

brain oedema, Previous studies assume the ventricle as a material with low shear modulus as an 

approximation of the fluidity of cerebrospinal fluid (Fletcher et al., 2016; Weickenmeier et al., 2017; 

Bing et al., 2020). However, the compression of ventricle mesh during the tissue swelling makes it 

challenging to simulate brain oedema with large deformations. In previous studies, most models only 

focus on marginal brain deformation and the MLS is only around 2 mm, which is smaller than the 

clinical threshold of severe oedema (5mm). In the model proposed here, the brain ventricle can 

collapse and therefore allows us to investigate brain oedema with MLS over 7mm and to study severe 

oedema cases.  
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The simulation results are compared with the clinical data of 97 oedema patients for validation. The 

linear relationship between ABP and ICP observed in the patients is replicated in the model by varying 

arteriole blood pressure boundary conditions. The ICP values are chosen from different time points, 

ranging from 0 to 1000 s. The time taken to reach the ICP values in the clinical data are around 1000 

second and this is much shorter than the time recorded (in days) in clinical settings. This is because 

the development of oedema is not just a fluid and solid mechanic process, and biochemical factors 

including oxidative stress, toxic substances and enzymes are involved in the damage of the BBB over 

a longer time period (Marmarou et al., 2000; Lang et al., 2017). In clinical settings, the ICP can be 

measured both in the ventricle and in the parenchyma. As the gold standard of ICP measurement, the 

pressure in the ventricle is measured through an intraventricular catheter. However, the pressure 

represents the CSF pressure and is thus not able to reflect the pressure in the tissue. In this study, the 

intraparenchymal pressure is measured using the ICP micro transducer. Two outliers are shown in the 

boxplot (Fig.5.4) and the clinical data (range from 1 to 5.5 mm, with a mean value of 3.6 mm) are 

compared to the in-silico results (range from 0.5 to 6.8, with a mean value of 3.2 mm). Although there 

are limited clinical data available, this analysis provides some comparison between the clinical data 

and our computational model and helps determine the key parameters when using a poroelastic model 

for oedema modelling. 

 

The ICP-MLS relationship is the most crucial for the estimation of brain oedema severity. As shown 

in the results, the types of oedemas affect the linear relationship significantly (Fig.5.9) while the 

geometry and BBB damage severity can only lead to around 2 (Fig.5.6) and 5 (Fig.5.8) mmHg 

underestimation of ICP when MLS is 3.5 mm. Therefore, it is crucial to take the types of oedemas into 

consideration when estimating ICP from MLS. Especially, estimating ICP from MLS in PCA oedema 

leads to a very significant underestimation of ICP and thus should be considered in clinical studies. 

Furthermore, stress can restrict blood flow and lead to the rupture of blood vessels, with the 
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compression/tension causing mechanical damage to axons. The simulation results show that under 

large deformation, the periventricular and intraparenchymal regions experience reduction and increase 

in water content and the stress concentrates at the periventricular corners. This suggests that the 

periventricular regions are prone to vessel closure in oedema and therefore have a higher risk for 

secondary ischaemia and tissue damage. In the simulation results (as shown in Appendix C), both the 

ICP and MLS can predict intraparenchymal pressure well but do not predict the periventricular stress 

accurately. This indicates that the intraparenchymal stress is determined by the forces exerted by 

excessive ICP in the tissue and the stress at the ventricle corners is affected by the geometry of brain 

and it is therefore less predictable and more challenging to evaluate its risks. 

5.4.1 Limitations 
 
It should be noted that there are several limitations to this study. Firstly, many parameters have been 

used in the multicompartment model. Some of them are challenging to measure in clinical settings or 

experiments. For example, the fluid filtration of the capillary wall	has been measured in frog models 

(Fraser et al., 1990) but there is still a lack of data on the 𝐿+ values in the human brain (Harper & 

Bohlen, 1984; Józsa et al., 2021a). Meanwhile, some parameters such as the Poisson ratio and shear 

modulus of the brain tissue remain controversial. The values of the mechanical property parameters 

are affected by tissue sampling and experimental techniques and thus vary dramatically in previous 

literature. 

 

Secondly, due to the danger and high risk of intraparenchymal pressure measurement, the data on ICP 

are very limited. In this study, I use the data from 97 patients whose oedema was caused by traumatic 

brain injury (TBI) for the validation of the model. Although both TBI and post-stroke oedema are 

caused by BBB damage, the TBI oedema takes longer to develop, whereas post-stroke oedema can 

occur in hours or days and the difference between the mechanisms is still unclear. Thirdly, the 

deformation of the brain can be more complicated because of the realistic boundary conditions. In the 
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model, the pial surface of the brain imposes a zero-displacement boundary condition and the falx is 

not included in the model and is thus considered non-deformable. However, the falx is not rigid and 

can deform when compressed by surrounding tissue. Furthermore, the gyrus and sulcus between the 

brain tissue and skull can also allow some deformation and thus affect the displacement field and the 

MLS values.  

 

Finally, linear elasticity is utilised for the simulation of large deformation the brain tissue can show 

complex mechanical behaviours under different types of loads (Budday et al., 2020), and it can thus 

be challenging to describe the mechanical properties of the brain tissue in oedema, especially when 

the brain tissue experiences compression, tension and shear at the same time. Considering that the 

Fung hyper-elastic model and linear elastic model did not show significant difference when the 

dilatational strain is below 25% (Mokhtarudin, 2016). For simplicity, linear elasticity is employed 

throughout the study. However, as this study majorly focus on the impact of various physiological 

features, such the oedema type, brain geometry and BBB damage levels, the major conclusion of this 

study is not expected to be affected by the choice of constitutive law.    

 

In conclusion, this is the first model studying brain swelling and ventricle collapse in brain oedema. 

The simulation results are found to be in good agreement with the clinical data of 97 patients. Stress, 

water content, interstitial pressure, blood pressure, compression/tension and MLS of the oedema brain 

are presented and the stress concentration in the periventricular region is highlighted. Furthermore, 

various factors (patient brain geometry, BBB damage severity and oedema types) that can affect the 

estimation of ICP from MLS are investigated to assist clinical decision-making. This model can 

hopefully be further developed to achieve better accuracy and to provide more detailed guidelines for 

the clinical treatment of oedema.  
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Chapter 6 

 
 

AI-assisted In-silico Trial for the 
Optimization of Osmotherapy*  
 
 
In this Chapter, we attempt to address the problem discussed in Chapter 3 with a deep neural network 

Computational models are usually limited by the fact that the model parameters are not patient 

specific. As a result, the optimisation of osmotherapy can be challenging due to the variation of 

physiological parameter in patient groups. In contrast, deep neural network can incorporate 

biostatistical information and therefore help tackling the challenges in in-silico trials. Here, a deep 

neural network is trained and tested with in-silico data to optimise the dose of osmotic agent in 

patient groups of various BBB damage levels and ages. In this Chapter, the contents in the thesis is 

further enriched by incorporating deep learning techniques.       

 

 

 

* The contents of this chapter are reproduced without change from the version currently under review. 
This Chapter is the collaborative work of Xi Chen and Lei Lu. Chen worked on the brain modelling, 
data generation and data analysis. The simulations are run for 3000 cases and used for training and 
testing of neural network. Chen and Lu both contributed to the conceptualisation of the paper and 
modelling of the deep neural networks. Xi Chen designed Multiple Layer Perceptron and 
Convolutional Neural Network and Lei Lu improved its performance by designing an architecture 
with ResNet blocks. Xi Chen finished the paper manuscript with Lei Lu’s assistance on the neural 
network part of the manuscript (section 6.2.1 & 6.3.1).  
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6.1 Introduction  
 
In the context of an ischemic stroke, blood vessel blockage causes a reduction in cerebral blood flow 

(CBF) and the blood-brain barrier (BBB) breakdown, resulting in a rise in BBB permeability (Yang 

& Rosenburg, 2011; Lee et al., 2017). Reperfusion therapy aims at restoring CBF to the affected area 

and can thus elevate blood pressure and lead to excessive fluid leakage into the interstitial space (see 

Fig.6.1). Consequently, this fluid accumulation in the interstitial space can result in brain oedema, 

increasing intracranial pressure (ICP), and excessive brain tissue stress (Donkin et al., 2010). Elevated 

ICP leads to symptoms like headache, nausea, vomiting, and loss of consciousness. Typically, an ICP 

exceeding 25 mmHg is deemed life-threatening and necessitates immediate medical intervention 

(Leinonen et al., 2018). Over the past few decades, osmotherapy has been widely employed to restore 

ICP to the normal range of 5 to 15 mmHg (Ayata & Ropper, 2004; Leinonen et al., 2018)  

 

 
 

Figure 6.1: Fluid filtration from the lumen to the interstitial space through the blood brain barrier 

(BBB) of a single capillary vessel. 

 

Currently, four types of osmotic agents (mannitol, hypertonic saline, sorbitol, and glycerol) are 

available for treatment and hypertonic saline has gained increasing popularity (Larive et al., 2004; Ziai 

et al., 2007; Hays et al., 2011). Hypertonic saline creates an osmotic pressure gradient that drives 
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excessive fluid from the brain into the intravascular space, thereby reducing the volume of interstitial 

fluid and relieving oedema. Despite its various advantages, the use of osmotic agents can result in a 

variety of issues (Paczynski, 1997; Grände & Romner, 2012). One concern is that the elevation in Cl- 

level in hypertonic saline can lead to hyperchloremic acidosis (Kølsen-Petersen, 2020). Additionally, 

a high concentration of NaCl (exceeding 160 mmol/L) is reported to worsen outcomes and further 

damage the blood-brain barrier (Himmelseher, 2007; Qureshi & Suarez, 2000). Hence, it is crucial to 

carefully select the administration protocol. In clinical practice, despite there are previous comparisons 

of osmotherapy outcomes (Tyagi et al., 2007; Carney et al., 2017; Mangat, 2018; Gu et al., 2019), no 

optimized administration protocol established for hypertonic saline infusion. The variation in the 

proposed protocols in previous studies are inferred to be a result of heterogeneity in the patients 

(Kølsen-Petersen, 2020).  

 

To tackle this issue, the current study aims to expand upon simulation tools developed in the In Silico 

Clinical Trials for the Treatment of Acute Ischaemic Stroke (INSIST) project (Konduri et al., 2020; 

Miller et al., 2021). The objective is to incorporate AI-assisted in-silico osmotherapy trial into the 

existing FEM osmotherapy model and explore treatment protocols that are optimal. The deep learning 

model can incorporate statistics therefore establish a connection between patient characteristics and 

low information-noise ratio clinical data with an FEM model based on mathematical and mechanical 

theories. Once a reliable model is established, it can enhance the precision of resource-intensive 

clinical studies, consequently reducing the enormous costs. Drawing inspiration from recent studies 

on biofluid transport in the brain (Li et al., 2009; Sweetman et al., 2011; Tully & Ventikos, 2011; Yuan 

et al., 2013; Mokhtarudin & Payne, 2015; Guo et al., 2018; Vardakis et al., 2019; Józsa et al., 2021a; 

Miller et al., 2021; Józsa et al., 2022) and recent AI applications in biomedical studies (Lipkova et al., 

2022; Sapoval et al., 2022; Qiu et al., 2022), the first AI-assisted FEM model for investigation of 

osmotherapy is proposed.  
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In this model, we will present the prediction of the ICP evolution using DNN model during 

osmotherapy episodes on a quasi-population level. The study consists of the following parts: (1) the 

FEM model and the training and testing of the neural network will be presented; (2) the effects of the 

parameters on the main features of the osmotherapy will be investigated; (3) the efficiency of the 

osmotherapy will be evaluated using two criteria and the effects of different parameters will be 

presented; (4) proper doses of osmotic agents will be proposed for different levels of BBB damage 

and age groups.  

 

6.2 Methods 
 

The model consists of two components, including the FEM model and the artificial neural network. 

In the FEM model (Chen et al., 2022), the brain is assumed to consist of four compartments, i.e., tissue, 

arteriole, capillary, and venule network and can thus be considered a multi-network fluid dynamic 

system. The modelling pipeline consists of three 3D models for the simulation of blood perfusion, 

oedema, and osmotherapy, respectively. After in-silico trials, the DNN model is trained using the ICP 

data generated from the FEM model. The perfusion model section is the same to section 3.2.1 and the 

oedema and osmotherapy models are presented in 3.2.2. Here, we present the neural network and how 

the DNN is coupled with in-silico model from Chapter 3.   

 
6.2.1 Design of Deep Neural Network Model 
 
To facilitate the simulation process, we developed a deep neural network (DNN) model to explore 

the relationship between the parameters and the ICP change. The model has an input of five 

parameters, including the tissue storage factor C, tissue hydraulic conductivity K, blood vessel 

permeability 𝐿+ , arterial blood pressure ABP, and the maximum osmotic pressure 𝛱&"' . The 
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parameters 𝐿+ , C and K are varied between 0.5 to 2 times their baseline values, and the blood 

pressure ABP is varied between 80 mmHg to 100 mmHg. The dose maximum osmotic pressure is 

varied between 900-3600 Pa. The output is a sequence of 49 data points for the ICP values at different 

time during an osmotherapy episode. We tried different architectures for the DNN model design, 

including the models using dense layers, convolutional layers (Conv), long short-term memory 

(LSMT) layers, residual connection, and batch normalisation layers; and we also investigated the 

prediction performance in terms of different model hyperparameters, such as different kernel sizes 

and the number of hidden layers. Using trial-and-error, we searched for an optimal model with the 

minimal error for the ICP value estimation. As shown in Fig.6.2, the final searched DNN model* has 

six convolutional layers and two residual neural network (ResNet) blocks.  

 

Figure 6.2: (a) The architecture of DNN model for the ICP value prediction. 

 (b) Relationship between different ICP curves and the maximum osmotic pressure values, 

generated from FEM model to train the DNN (c) Illustration of DNN model design. (d) ICP value 

prediction using the developed DNN model.  

 
* Le Lu designed this neural network architecture. 
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In the first ResNet block, the convolutional layers have 48 kernels with the size of 3; and in the 

second ResNet block, the convolutional layers have 64 kernels with the size of 3. Then, a dense layer 

is used to produce the output for the ICP value estimation. The mean squared error between the ICP 

value and the estimation, summed over all time points, is used as the loss function. The model was 

trained for 100 epochs with a batch size of 16 and a learning rate of 0.001. Generally, the best model 

was decided based on the minimal loss during training.  

 

6.2.2 Model Coupling 
 
The location of leaking vessels obtained from the perfusion model is then used within the oedema 

model. The perfusion in brain tissue of the healthy and stroke scenarios can thus be compared. The 

perfusion (𝐹) and perfusion change (Δ𝐹) are given in Equation3.8 & Equation3.9. A threshold of 70% 

or greater blood perfusion reduction (Campbell et al., 2015; Payne, 2016; Jovin et al., 2017) is utilised 

to determine the region of leaking vessels. Thereafter, the pressure field in the oedema is simulated 

until the ICP (defined to be the same as 𝑝() reaches equilibrium by using the stroke simulation results 

as the initial condition. Finally, the osmotherapy is assumed to be performed after the ICP reaches 

equilibrium and thus the pressures at the final step in the oedema model are used as the initial pressures 

in the osmotherapy model. A full space searching is performed for {C, ABP, K, 𝐿+, 𝛱6+7}, and 2000 

in-silico trials are simulated using FEniCS open-source platform. The data is then used to train and 

test the artificial neural network, as shown in Fig.6.3.  

 

As parameters vary among patients, the baseline parameters in the models and numerical methods are 

chosen to be the same to Chapter 3. 
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Figure 6.3: Flowchart demonstrating how the Finite Element models are coupled and used to 

generate data for artificial neural network.  

 

6.3 Results 
 

6.3.1 DNN Model Training and ICP Value Estimation 
 

We used a total of 2,000 in-silico samples for the DNN model development, out of which we randomly 

selected 1,600 samples for model training, and the remaining 400 samples were held out for model 

testing. To obtain a reliable model, we used 10-fold cross-validation to train the DNN model. As 

illustrated in Fig.6.4(a), we divided the whole dataset into training and testing sets, the training data 

were then randomly split into 10 folds. During each training, 9 of the 10 folds were used for model 

training and the rest fold was used for validation. For each iteration, the DNN model was trained for 

100 epochs, and the model with the minimal estimation error was stored. The searched optimal model 

was then used to predict the ICP values in the hold-out testing dataset, which had the performance of 

0.249 ± 0.009 mmHg for the error of estimating the pressure. As illustrated in Fig.6.4(b)-(d), we show 

three examples of estimation the ICP values with varied input values. It can be seen from the sub-

figures that the developed DNN model efficiently captured the underlying trend and estimated the 

pressure values. In particular, the DNN model successfully identified data points of the lowest pressure 

around 30, 50, and 100 mins for the three different inputs. 
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Figure 6.4: Prediction of the ICP value using DNN model. (a) Model training using 10-fold cross-

validation, (b) - (d) Testing results for the ICP value estimation with different model input 

parameters. 

 

6.3.2 Effect of Patient-specific Parameters on ICP Curve Evolution 
 

We first investigate the effects of the physiological parameters on the features of ICP curves over an 

osmotherapy episode. The parameters vary with patients and are challenging to measure in clinical 

settings. However, previous studies indicate a variation of the parameters in different patient groups. 

For example, the CSF clearance rate in smokers was reported to be lower than in non-smokers, 

indicating a lower tissue hydraulic conductivity (Guo et al., 2020). Meanwhile, the blood vessel 

leakage was found to be larger in elderly patients, implying a larger 𝐿+ (Verheggen et al., 2020). In 

this study, we investigate the effects of different parameters by fixing one of the four parameter inputs 
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and fixing the injection dose input while the rest of the parameters are varied randomly around the 

baseline. The value of the 𝐿+, K, or C range from 0.5 to 2 times the baseline value and the ABP ranges 

from 80 mmHg to 100 mmHg. 1600 results are generated for each parameter using the artificial neural 

network and the initial ICP, lowest ICP and the final ICP at the end of the episode are plotted as 

boxplots to show the difference on a quasi-population level (Fig.6.5).  

 

Figure 6.5: The features of the ICP curve as the flow parameters change. The first row shows the 

case where dose of injection leads to a maximum osmotic pressure of 1800 Pa, whereas the second 

row represents the case where maximum osmotic pressure is 3600 Pa. The lBP, hBP denote 80 

mmHg and 100 mmHg arteriole blood pressure, respectively. Meanwhile, the lC, hC, lK, hK, lLp, 

hLp represents 0.5 and 2 times the baseline values of the physiological parameters, with “l” for 0.5 

and “h” for 2 times.    

 

The plots show that the 𝐿+ has the most significant effects on the initial ICP, with a mean of around 

20 to 25 mmHg. Meanwhile, the brain tissue hydraulic conductivity also affects the initial pressure, 

with a mean ICP ranging from 23 to 26 mmHg. Surprisingly, the blood pressure value has only limited 
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effects on the ICP from around 22 to 25 mmHg. It is also noted that the storage factor does not present 

any significant effect on the ICP at the start of the therapy. Furthermore, it is obvious that the lowest 

pressure is strongly dependent on the dose of the osmotic agent. By comparing the 1800 and 3600 Pa 

cases, the lowest ICP can reach a much lower value with most cases showing the lowest pressure value 

of around 10 mmHg. In the 1800 Pa maximum osmotic pressure case, the storage factor presents a 

strong influence on the lowest ICP whilst the effects of the 𝐿+ become less significant compared to 

its impact on initial pressure. The arteriole blood pressure also shows a remarkable influence on the 

lowest pressure. Finally, no notable difference between the final pressure and the initial pressure is 

found in the virtual patients, indicating a pressure rebound back to a high level at the end of the 

episodes. 

 

6.3.3 Evaluation of the Osmotherapy over an Episode Based on Two 
Criteria  

 
Apart from the effects of the parameters on the ICP curves, the estimation of the effectiveness of 

osmotherapy is critical in designing a proper treatment plan for different patients. The flow parameters 

are varied within 0.5 to 2 the baseline values while the blood pressure is varied between 80 mmHg to 

100 mmHg. The maximum osmotic pressure here is chosen to be 1800 Pa. Two criteria are utilised to 

estimate the effectiveness of the episode. As the major goal of osmotherapy is reducing ICP below 20 

mmHg, the duration of time of the ICP below 20 mmHg in an episode is divided by the duration of 

the episode to obtain a time ratio and to indicate how effectively the ICP is reduced. In addition, the 

overall pressure drop is divided by the overall rise in the osmotic pressure in the blood during an 

episode of 240 mins (Equation 3.11) 

 

In Fig.6.6, virtual patient groups are generated, and 1600 episodes outcome are predicted in each group. 

To avoid cases with initial pressure below 20 mmHg, only those virtual patients with initial ICP over 



118 

25 mmHg are selected. The 𝐿+  show the most significant effect on the time ratio, ranging from 

around 7% to 22%, whereas the arteriole blood pressure shows a minor effect on the time ratio. 

Furthermore, the 𝐿+ influences the efficiency of osmotherapy by 25% (from an average of 65% to 

over 90%). The tissue hydraulic conductivity also affects the efficiency significantly, from 78% to 

89%. It is also noted that the effects of storage factor and arteriole blood pressure have only a slight 

influence on the efficiency.  

 

 

Figure 6.6: the time ratio of ICP below 20 mmHg and the treatment efficiency of an osmotherapy 

episode, where arteriole blood pressure (ABP) shows the blood pressure increment from baseline 

value of 80 mmHg, C is the storage factor, K is the tissue hydraulic conductivity and 𝐿+ the vessel 

wall permeability. The ABP’s baseline value is 80 mmHg with a uniform increment to the maximum 

of 100 mmHg. The boxplots show the mean and outliers in the quasi-population level trial and the 

dotted lines shows the average values for different groups. 

  

6.3.4 The Optimization of Medication Doses for Various Brain Damage 
Levels  

 
In clinical settings, the physiological parameters vary in different patient groups, especially the vessel 
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wall permeability, which has been shown in the previous section to affect the therapy significantly. 

The post-stroke damage to the blood-brain barrier can vary depending on whether the treatment is 

successful. It is also determined by the timing of clinical treatment and the collateral score of the 

patients (Kimberly et al., 2018).  

 

 

Figure 6.7: First row: the efficiency under different 𝐿+ values (0.5, 1, 1.5, 2 times the baseline) and 

doses of osmotic agent at each injection. The blue and green dotted lines show trend of the average 

values. Second row: the time ratio under different 𝐿+ values (0.5, 1, 1.5, 2 times the baseline) and 

doses of osmotic agent at each injection. The grey dotted lines represent the overall mean values. 

 

The two criteria to evaluate the effectiveness of the therapy are both utilised. 𝐿+ values are varied 

between 0.5 to 2 times the baseline value, and the maximum osmotic pressure is varied between 900 

to 3600 Pa. 1600 virtual patients are generated for each 𝐿+ value and dose. Similarly, to exclude 

patients with initial ICP lower than 20 mmHg, only the cases with initial ICP values over 25 mmHg 

are included (with a fraction of around 5%, 25%, 50%, 62% for 0.5𝐿+, 𝐿+, 1.5𝐿+, 2𝐿+, respectively).  

 

In Fig.6.7, the efficiency of treatment is low in cases with low 𝐿+ (below 70%) cases but rises to an 
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average of over 90% in the high 𝐿+ cases (Fig.6.7). It can also be seen that changing the dose does 

not significantly change the efficiency on a quasi-population-averaged level, with only a slight rise 

when the maximum osmotic pressure is 900 Pa and a slight drop when the maximum osmotic pressure 

is 3600 Pa.  

 

Furthermore, the maximum time ratio for different 𝐿+ values is largely constant, close to 70%. In 

addition, when the 𝐿+ value is low, there is a larger resistance to the flow of fluid from interstitial 

space back to blood vessels. Therefore, the time ratio is zero on average when the dose of the 

medication is small for the low 𝐿+ cases. The grey lines show the overall mean values of the time 

ratios. Osmotic agents with a maximum osmotic pressure of around 2400 Pa generally achieve the 

goal of sufficiently reducing the ICP to 20 mmHg in most cases (Fig.6.7).   

 

6.3.5 The Optimization of Drug Doses for Various Age Groups  
 
Here, we attempt to relate the model parameters with certain patient groups. In clinical settings, the 

age of patients is an important factor to consider as ageing changes not just the biomedical conditions 

of the patient but also the mechanical properties of the human brain. According to previous studies, 

ageing is related to a softening of brain tissue (Fallenstein et al., 1969; Jin et al., 2013; Budday et al., 

2017; Budday et al., 2020), increased blood vessel leakage (Farrall & Wardlaw, 2009; Verheggen et 

al., 2020), a decrease in water content in the brain (Gottschalk et al., 2021; Rasmussen et al., 2022; 

Gracien et al, 2017) and a decrease in the CSF production rate (around half CSF production rate in the 

70s compared to the 30s) (May et al., 1990). These indicate a lower interstitial fluid clearance rate, a 

higher vessel leakage rate, larger storage factor in the elder patients. Meanwhile, the mean arterial 

pressure (MAP) is not found to be statistically different between young and elderly patients (Yetim et 

al., 2023). The previous studies on these parameters are summarised in Appendix E.    
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Although there is a decrease in water content in the brain tissue and a decrease in the CSF production 

rate, quantitative studies on brain tissue hydraulic conductivity are rare. It is therefore assumed that in 

subject in their 90s has half the hydraulic conductivity as a result of the CSF production rate decrease 

in the elderly’s brains. Meanwhile, the compression test of the brain tissue shows a doubled 

compression modulus in the 50s subjects compared to the 90s subjects (Budday et al., 2020) which 

indicates a smaller storage factor in the 50s. Additionally, twice the blood vessel wall permeability is 

implemented to reflect the two times difference in vessel wall leakage between the 50s and 90s 

populations, whereas the arteriole blood pressure at the pial surface is considered an approximation to 

mean arterial pressure (MAP).  

 

To investigate the effects of ageing, patients between 50 to 90 years old are studied and 1600 virtual 

patients are generated for each group. The vessel wall permeability and storage factor are given a 

random number between 0.5-1 the baseline value for the 50 years group, and these randomly generated 

values are doubled to represent the 90 years group. Tissue hydraulic conductivity is given a random 

number between 1-2 the baseline value and halved in the 90s age group. In the meantime, the arteriole 

blood pressure values are generated randomly between 80 to 100 mmHg for both age groups. The 

efficiency and time ratio for the evaluation of osmotherapy episodes are shown in Fig.6.8.  

 

In the results, it can be seen that the efficiency of the 90s age group is higher than for the 50s population, 

with an average efficiency of 95% compared to around 84% in the 50s age group. As to the time ratio, 

the 50s shows a significantly more homogeneous time ratio distribution when compared with a large 

variation in the 90s. Furthermore, it can be seen that most patients in 50s have over 30% of the time 

achieving 20 mmHg and below when the maximum osmotic pressure is 2400 Pa. In contrast, the 90s 

only achieve 20 mmHg and below effectively when the maximum osmotic pressure is 2700 Pa.  
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Figure 6.8: The comparison between the 50s and the 90s age groups. The first row shows the 

efficiency and time ratio of the 50s age group, and the second row shows the efficiency and time 

ratio of the 90s age group. The blue dotted line represents the average values and the grey dotted line 

represents the overall mean values. In the time ratio plots, the green line represents the average and 

the grey dotted line represents the overall mean of time ratio.  

 
6.4 Discussion 
 
This study presents the first in-silico trial assisted by a DNN. The DNN has also shown potential in 

processing patient data for diagnosis, treatment, biomedical signal processing etc. In clinical settings, 

the treatment of brain oedema is usually based on the medical history and other characteristics of the 

patients, for example, the ages, sex, etc. These patient data have been widely used to predict the 

outcome of oedema treatment, especially the ICP. However, how these characteristics are correlated 
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with the ICP and with other flow parameters remains unclear. In this study, flow parameters are varied, 

and DNN is utilised to generate virtual patients to present the influence of various parameters. 

Meanwhile, the patient brain’s mechanical properties are related to patient groups of various levels of 

BBB damage and various ages. To the best of our knowledge, this is the first attempt to correlate the 

clinical statistics to a FEM mathematical model. This can help to bridge the gap between various 

methods in biomedical studies and provide a tool for the study of brain oedema supported by both 

well-founded mathematical and mechanical theories and real patient data and information.  

 

In the DNN predicted results, the initial ICP mainly depends on the 𝐿+ and the hydraulic conductivity. 

In contrast, the effect of arteriole blood pressure is not as significant as a variation of ABP from 80 to 

100 mmHg only leads to an around 2 mmHg difference in the initial ICP in the virtual patients. This 

indicates that fluid accumulation is highly dependent on the restriction of the blood-brain barrier on 

the fluid flow through the vessel wall. Meanwhile, the lowest ICP is strongly affected by the choice 

of storage factor. As the brain tissue with a small storage factor can respond to the osmotic pressure 

rise in the blood vessel in a shorter period of time, brains with a small storage factor also experience 

a faster pressure rebound after the osmotic pressure drops and the drug concentration reaches the peak. 

Therefore, the storage factor of the brain tissue has multiple effects on the ICP curve. Interestingly, 

the virtual patient data show that a large storage factor (which means the tissue is softer) can lead to a 

lower minimum ICP during an episode in the virtual patients. This demonstrates that a large storage 

factor (softened brain) is favourable to achieving a lower ICP.  

 

Finally, the AI-assisted in-silico trial is evaluated based on two criteria, the time ratio, and the 

efficiency. The model is used to study different patient groups, including patients with various levels 

of BBB damage and patients at different ages, namely the 50s and the 90s. In the patient groups with 

different 𝐿+ values, the efficiency is only slightly affected by the dose of the osmotic agent on an 
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average level. Differing from my previous study on osmotherapy (Chen et al., 2022), where the dose 

of the medication shows a strong influence on specific cases, the improvement in efficiency diminishes 

because of the randomness of other physiological parameters. However, it is challenging to obtain the 

exact value of the parameters and it is therefore reasonable to consider an optimization on a 

population-averaged level. Meanwhile, the virtual patients show a notable difference in the required 

dose to achieve 20 mmHg ICP and below, which indicates the dose can be optimised for different 

levels of BBB damage on a population level. Furthermore, the simulation results show a high treatment 

efficiency in the 90s, which is because of higher vessel wall permeability and the higher storage factor. 

Meanwhile, the virtual patient groups show that less dose is needed for the elderly (90s) to achieve 

proper ICP reduction and therefore, considering the various side-effects of osmotic agents, less dose 

is suggested to be used for the elderly patients with oedema onset.               

6.4.1 Limitations  
 
It should be noted that there are several limitations to this study. Firstly, many parameters have been 

used in the multi-compartment models and it is challenging to determine some of the parameters from 

the existing experimental data. Due to the various experimental methods adopted in the previous 

studies, the parameters shown in experimental studies vary significantly, even though the real 

physiological values usually do not vary beyond the 50%-200% range (see for example, Sack et al., 

2009; Montagne et al., 2015; Budday et al., 2020). Additionally, some of the parameters are not yet 

available in the human brain and data from animals were thus used as necessary (Harper & Bohlen, 

1984; Józsa et al., 2021a). Furthermore, the multi-compartment porous model hinges on the principles 

of multi-scale separation and the homogenization of cerebral tissue. Notably, this approach involves 

homogenizing the mechanical properties of the entire brain, thereby overlooking the spatial variations 

in tissue properties across different brain regions. The model addresses discrepancies between white 

and grey matter while leaving the properties of other brain regions unexplored due to limited 

experimental data supporting a model elaborated with anatomical features. 
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In conclusion, this is the first study combining the conventional FEM model with machine learning 

methods to investigate osmotherapy on a quasi-population level. Once more accurate mechanical 

properties and physiological parameters of the brain become available, the model will be able to 

provide a more accurate prediction of clinical outcomes and thus improve the clinical treatment of 

brain oedema.   
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Chapter 7 
 
Chapter7 
Conclusions and future work 
 
 
7.1 Conclusions 
 
Thus far, I have proposed a novel tool for the simulation of post-stroke oedema and haemorrhage 

based on previous simulation models developed in INSIST project. The models further developed the 

blood perfusion and oedema models (Józsa et al, 2021a; Mokhtarudin 2016) to simulate large 

deformation and osmotherapy. The model includes four components for the simulation of healthy 

blood perfusion, occluded blood perfusion, oedema/haemorrhage, and osmotherapy. Compared to our 

previous models, the models presented in the thesis can simulate brain oedema with large deformation 

and can also be used to study brain injury prediction (Chapter 4), clinical decision-making (Chapter 

5) and treatment optimisation (Chapter 3&6). This provides the first computational tool for a thorough 

investigation of post-stroke brain injuries. The nature of this multi-physical model allows us to 

simulate both the pressure and deformation of the brain and therefore provides us with comprehensive 

information about the blood perfusion, blood flow rate, ICP, MLS, stress and stretch in the brain tissue. 

These parameters can be challenging to obtain in clinical settings and thus the conclusions from the 

models can potentially provide guidance for clinicians and improve the prevention, treatment and 

diagnosis of brain injuries in the future.  
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The model is first applied for the simulation of osmotherapy. Although it has been widely used in 

clinical settings for the release of ICP in brain oedema, the effects of the therapy have remained 

controversial. The physiological parameters and the administration parameters were thus investigated 

to illustrate their effects on the osmotherapy. Also, the model is utilized to study two common 

scenarios when osmotherapy can fail and corresponding strategies to improve the effectiveness are 

suggested. In the slow-changing ICP curve scenario, additional dose of medication is suggested, 

whereas alternative osmotic agent is suggested for the fast-changing ICP curve scenario.  

 

Furthermore, the model was developed for the simulation of the haemorrhagic transformation, which 

commonly occurs alongside oedema and causes severe damage to the brain. To include the blood flow 

in the interstitial space, the blood flow was modelled, and the haematoma volumes generated from 

simulations were compared with clinical imaging data. The impact of haematoma on the local blood 

perfusion is compared. To further understand the effects of high blood pressure, blood glucose, etc., a 

parameter sensitivity analysis was conducted. The study indicates that high blood pressure and high 

blood glucose can lead to severer brain haemorrhage. The model provides the first in-silico 

investigation of brain haemorrhagic transformation in the full brain and therefore provides insights 

into its damage after stroke treatment.   

 

In the investigation of the ICP-MLS relationship, the model is first compared with clinical MLS and 

ICP data provided by collaborators. The ABP and intraparenchymal ICP are measured in 97 patients. 

The linear relationship between the ABP and ICP shown in the clinical data (Cardim et al, 2021) is 

generated from the computational model for the validation of pressure field computation. Meanwhile, 

the in-silico and clinical MLS values are compared to tune the parameters of the mechanical properties 

of the brain tissue. Based on the simulation results, the stress, stretch, pressure, water content and 
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displacement in the brain are presented. During the development of oedema, the periventricular region 

exhibits a reduction in the water content whereas the intraparenchymal regions presents an increase in 

the water content. Furthermore, the stress concentrates at the corners of the ventricle surface and can 

cause damage to the periventricular regions of the brain.  

 

In the study, the various MLS-ICP relationships have been quantified and the MLS-ICP relationship 

for different patient geometries, BBB damage severity levels and oedema types. The simulation results 

show that the MLS-ICP relation is multi-factorial and is most strongly affected by the geometry and 

location of the oedema volume. This study provides the first computational tool for the investigation 

of brain deformation and ventricle collapse in oedema. Furthermore, clinical advice was given to 

predict ICP more accurately. For the PCA type oedema, MLS is small and should be noted as PCA 

oedema patients can experience high ICP whilst MLS is not observable on clinical images.  

 

Finally, an AI-assisted FEM model was proposed for further investigation of the optimization of 

administration protocols. The deep neural network (DNN) used five FEM model parameters as model 

input and the output of the ICP pressure change over an osmotherapy episode. The ICP curve learned 

by the DNN model showed an excellent agreement with the in-silico results. By using the model, the 

effects of the parameters and the choice of dose of osmotic agents were investigated and discussed. In 

addition, clinical stratifications of patients were related to a brain model for the first time for the 

optimization of treatment for different patient groups. 90s age group can experience severer oedema 

and thus require a higher dose to achieve effective treatments.  

 

7.2 Research Implications 
 
In the thesis, the osmotherapy models propose a novel method for the simulation of brain oedema 

therapy with the assistance of DNN. Considering the difficulties in measuring intracranial pressure, 
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in-silico models can provide valuable information for the optimisation of the therapy by producing 

massive virtual patient data supported by physical laws. This approach can inspire not just the study 

of other types of brain oedema, such as oedema after traumatic injury and oedema in brain tumours, 

but also the broader field of the in-silico trials of other diseases, where some critical physiological 

parameters can be hard to measure in clinical settings. For example, in the field of cardiovascular 

diseases, high blood pressure can lead to vessel rupture and bleeding (Fuchs & Whelton, 2020). In the 

study of skeleton mechanics, stress and load can lead to bone fracture in bones because of ageing 

vitamin D deficiency and osteoporosis (Zimmermann et al., 2015; Hoenig et al., 2022). Furthermore, 

the combination of DNN and in-silico model provides a novel approach for the investigation of 

biomedical problems supported by both physical laws and biostatistics and therefore inspires the in-

silico modelling of various diseases that is governed by both patient characteristics and biomechanics 

(Shakoor & Moisio, 2004; Lee & Lim, 2007).  

 

The thesis also proposes a model for haematoma simulation. In clinical settings, haematoma has been 

hard to investigate from clinical imaging data, as the measurement of blood flow and the segmentation 

of haematoma volume can be challenging (Kidwell & Wintermark, 2008). By using the model at an 

organ scale, we are able to validate the model with clinical imaging data and investigate brain 

haematoma development under different physiological parameters. The clinical studies of brain 

haematoma will benefit from this as the study provides the fact that high blood viscosity caused by 

high blood glucose will lead to severer haematoma. The modelling of haematoma is challenging, and 

this study is the first modelling of haematoma in a whole brain model. The model highlights the 

importance of high blood pressure and high blood glucose in predicting HT severity and can 

potentially help understanding the mechanisms of HT. Thus, this study demonstrates the role of 

mathematical modelling in supporting clinical trials and facilitating further development of 

computational methods for haematoma.  
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Furthermore, the impact of three physiological features on the development of oedema provides 

clinical guidance for the treatment of oedema and clinical decision-making. This will contribute to the 

understanding of the factors that can lead to high-noise clinical data (Miller et al., 2004). Once these 

impacts can be considered in the clinical estimation of ICP from MLS, the noise is expected to be 

reduced and thus other factors that might affect the ICP-MLS relationship will be highlighted. The 

model also incorporates large deformation and simulates ventricle collapse for the first time. The 

simulation results show that the measurement of MLS can be dependent on the locations of MLS 

measurements, because of the additional obstruction and displacement caused by the contact between 

structures in the brain. These findings propose that mechanical problems can be important in the 

clinical investigation of brain oedema. As MLS is a critical criterion in clinical settings, this also 

implies that the clinical measurement of MLS should be revised and different measurement protocols 

(Liao et al., 2018) should be compared for a more accurate oedema severity estimation in the future.  

 

7.3 Future Work 
 

7.3.1 Incorporation of Autoregulation 
 
Autoregulation plays a key role in regulating the blood flow when the perfusion blood pressure 

changes (Paulson et al., 1990). Over the past three decades, significant progress has been made in the 

development of cerebral autoregulation models (Zagzoule & Marc-Vergnes, 1986; Mitsis et al., 2002; 

Payne, 2006; Golubev et al., 2022). These models have offered valuable insights into the mechanisms 

governing autoregulation. Due to the considerable range of length scales in the brain, the scales of 

interest in cerebral blood flow (CBF) models exhibit a substantial variation. These models can range 

from relatively large-scale lumped compartment models (Olufsen et al., 2002) to small-scale single-

vessel models (Alastruey et al., 2008). Until now, autoregulation has not been incorporated into the 

length scale of a full brain model in previous studies.  
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Autoregulation is neglected as in the model used in the thesis, the perfusion is modelled as a static 

flow. In fact, a model considering autoregulation can help understand the mechanisms of brain stroke 

and brain damage therefore facilitating our understanding of the brain damage caused by blood 

perfusion reduction. The incorporation of autoregulation involves the coupling of mathematical 

models to represent autoregulation (for example, Olufsen et al., 2002) and the whole brain model to 

simulate the blood flow rate and blood perfusion volume. A model incorporating autoregulation can 

also generate a stroke brain where blood perfusion can vary during the stroke and damage to the blood-

brain barrier. Consequently, the model is expected to generate different infarct regions and thus 

different damaged tissue volumes and oedema cores. Meanwhile, blood perfusion can also be affected 

by autoregulation and autoregulation is also impaired after stroke, making them strongly coupled and 

thus can influence both the blood flow field and haemorrhage development.  

 

7.3.2 Patient-specific Vessel Geometries 
 
The oedema and haemorrhage can both be affected by the patient-specific geometries of blood vessels, 

as the large vessels might lead to a larger blood flow volume in the region of penetration. Homogenised 

whole-brain models have been developed in this DPhil study for the investigation of brain oedema 

and its treatment. However, there is still a lack of patient-specific models (Otani et al., 2023) that 

incorporate patient-specific vessel geometries that can significantly affect cerebral blood flow 

dynamics. In previous studies, arterioles and arteries can be modelled based on existing MRI/CT 

image segmentation techniques using deep neural networks and this latest advancement (Lin et al., 

2023) in computational imaging techniques provides a possibility of coupling large vessels with the 

existing whole-brain models.  

 

The blood vessels can have various diameters and the small vessels (diameter below 100 𝜇𝑚) can be 
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difficult to extract from brain imaging, as the vessel geometries extraction is limited by the resolution 

of brain imaging. Therefore, only large vessels (diameter over 100𝜇𝑚) can be incorporated and the 

coupling of the large blood vessels and whole brain model will require a fluid transfer term between 

the CFD model, which simulates the blood flow and the FEM model, which simulates the brain as a 

porous medium. Blood flow dynamics can be investigated and consequential effects on oedema core 

geometry, tissue stress and strain can be discussed. To validate the model, various brain imaging data, 

including perfusion- and diffusion-weighted MRI can be compared with the simulation results. 

Furthermore, the model can generate an automatic image processing technique to assist patient-

specific modelling by incorporating the blood vessel geometries. Finally, the difference in blood flow 

and intracranial pressure can be discussed and compared to the homogenised model to understand the 

importance of patient-specific modelling.  

 

 

7.3.3 Patient-specific Spatial Distributions of Physiological Parameters 
 
According to previous studies (Budday et al., 2020), the brain tissue has been demonstrated to be 

highly anisotropic and heterogeneous. However, the limited experimental data has restricted the 

application of a brain model with more anatomical details of the brain. In the study presented by Jamal 

et al. (2020) and Vidotto et al. (2021) the brain tissue shows an around halved permeability in the 

white matter where the interstitial flow is perpendicular to the direction of neurons. Meanwhile, the 

brain tissue is heterogeneous. The stiffness of the brain tissue varies in different regions of the brain 

(Budday et al., 2020). This indicates that it is necessary to consider the spatial variation of brain 

mechanical properties for a more accurate simulation of oedema and haemorrhage. As the mechanical 

properties of the brain regions are not significantly different in the brain regions, the major conclusion 

of the thesis is not expected to be affected and the focus of the novel model will be providing a more 

precise prediction of brain oedema. 
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The incorporation of tissue heterogeneity will require further subdivision of the computational domain 

in order to impose different mechanical properties in different brain regions. Meanwhile, a 

permeability tensor will be needed to implement the anisotropy of brain white matter. As we have 

already had a brain model with grey and white matter subregions and anisotropic blood permeability 

in the arteriole and venule compartments, the imposition of heterogeneity and anisotropy will be 

straightforward. The variation in these properties is expected to lead to a difference in the distribution 

of tissue stress, interstitial pressure, and displacement. The impact will depend on the variation in the 

mechanical properties, especially the local impacts on the brain deformation and stress in the brain 

regions.     

 

In recent studies, these properties vary in different brain regions and the experimental results vary due 

to the different experimental techniques in previous studies. Therefore, it is challenging to determine 

the accurate physiological parameter distributions across the human brain. Once more accurate 

experimental data become available, the model will be able to incorporate these anatomical features 

and provide more accurate simulation results. A factor to investigate here is the stress distribution. In 

my work, I find that the stress can concentrate on the ventricle corner, which indicates that brain 

geometry can affect the distribution of brain tissue stress in oedema. It is interesting to see how the 

geometry combined with heterogenous shear modulus can lead to high stress and hence high damage 

to certain brain regions in oedema. 

 

7.3.4 Refinement of Boundary Conditions 
 
The brain model is bounded to ideal boundary conditions that consider the ventricle surface as a free 

boundary and the pial surface as a fixed boundary. The pial surface is assumed to be a fixed boundary 

as the pial surface is fixed to the sub-arachnoid space and then connected to the skull, which is almost 
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rigid in this context. However, in some cases, the pial surface can deform and compress the 

subarachnoid space which is a structure supported by delicate connective tissue trabeculae and filled 

with cerebrospinal fluid (Miller et al., 2004). Hence it is possible to undergo deformation in severe 

brain oedema. As a result, the boundary can vary among patients and a refinement in boundary 

conditions can improve the accuracy of ICP-MLS relationship prediction, especially to refine the ICP-

MLS curve predicted in the investigation of ICP-MLS curves in the thesis. 

 

To improve the accuracy of brain modelling, the mechanics of subarachnoid space and the CSF can 

be incorporated into the model, as this helps to impose a more flexible boundary condition. However, 

the major challenge lies in the uncertainty of the mechanical properties of the subarachnoid space, as 

it comprises microstructures that can behave differently under compression. Once a better 

understanding of the mechanical properties of the subarachnoid space is achieved, the modelling of 

severe brain oedema will become more comparable to the realistic deformation of oedema brains.   

 

7.3.5 Investigation of How Contact Affect the Midline Shift 
 
In this DPhil, a mechanical solver for contact mechanics is developed for the simulation of brain 

ventricular wall contact in large deformation. The contact is not found to affect the midline shift 

measurement due to the simple measurement algorithm used in the study. However, in the clinical 

measurement of midline shift, the MLS is not measured on the entire mid-plane on the brain, but 

rather measured using imaging processing tools and the midline shift is usually measured on certain 

locations on the brain where any displacement is more visible. This can lead to over/underestimation 

of the midline shift in the model, as contact can lead to additional deformation or obstruction. 

Therefore, it is valuable to incorporate realistic clinical measurement of midline shift to mimic the 

clinical measurements. This will help in understanding how the contact and different measurement 

algorithms can introduce errors in midline shift and oedema severity estimation. 
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7.3.6 Acceleration of In-silico Trials with Neural Networks and Neural 
Operators  

 
The brain model can provide details of the stress, interstitial pressure, and deformation in the 

oedema tissue. As demonstrated in the models, the simulation results vary with patient-specific 

geometries and physiological parameters. It is therefore necessary to conduct an in-silico trial 

for each patient to obtain more accurate results. However, such simulation is restricted by the 

computing power as a simulation in the model uses around a million mesh elements and can 

take hours or even days to run on a desktop. This can delay clinical decision for patient who are 

in urgent need of treatments. Meanwhile, the acceleration of in-silico model can require more 

advanced computing units and therefore become expensive. Recently, various neural networks 

and neural operators have been applied to solve PDEs within a shorter time. Once the neural 

network or neural operators are trained, the solutions of PDEs can be inferred in a shorter time 

than solving the PDEs. In the work of Li et al (2020), a Fourier neural operator (FNO) is 

proposed to solve fluid mechanics problems and a comparison with the PDE solution shows a 

good agreement while the computing time is reduced by orders of magnitudes.  

 

In brain modelling, I used the CNN and ResNet architecture to predict the behaviour of different 

virtual patient groups to osmotherapy. The ICP curves for different patients are learned by a 

DNN in the AI-assisted model to avoid the time-consuming in-silico trial and to generate 

massive virtual patient groups. However, the study does not include the complicated geometrical 

features and only studies the variation of ICP over osmotherapy episodes. In the work of Wu et 

al. (2022), CNN and transformer are employed to predict brain displacement and stress during 

traumatic brain injuries. The trained neural networks can predict displacement and stress of brain 

tissue during impact within a shorter time and thus save time for faster clinical decision-making. 

Therefore, it will be interesting to further apply neural networks to the training of oedema in 3D 
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brain geometries for a faster oedema severity prediction.  

    

7.3.7 Patient-specific Modelling Using Neural Networks 
 
Due to the complex mechanical properties of the human brain, it can be challenging to model the 

mechanical behaviour of the brain with a FEM model, especially considering that the mechanical 

parameters in brain regions, exact boundary conditions on pial surface and the constitutive law 

(Budday et la., 2020) of the brain tissue can be unclear and challenging to describe. Therefore, 

neural networks and neural operators can take the advantage that they do not require explicit 

boundary conditions and mathematical descriptions of brain mechanical properties that are hard 

to obtain, and therefore provide a novel approach to investigate the response of brain tissue to 

intracranial pressure rise. For example, a physics-informed neural network (PINN) consists of a 

neural network for the approximation of the solution and loss functions comprising the losses of 

both PDEs and data (Karniadakis et al., 2021), therefore incorporating patient-specific 

considerations.  

 

In previous studies, PINN has been utilised to infer the unknown parameters in the blood flow 

through a thrombus (Yin et al., 2021). The permeability of the thrombus significantly affects the 

flow fields and a data loss was introduced to the model to infer the input thrombus permeability. 

Meanwhile, DeepONet consists of branch nets and trunk nets and can infer flow parameters at 

any location in a flow field given the training dataset. The model was implemented for the 

inference of damage area on an aneurysm (Goswami et al., 2021). It will be an interesting project 

to utilise these neural networks and neural operators in the field of brain oedema and to simulate 

the displacement and blood flow in the brain. It can open up the possibility of simulating brain 

deformation and investigating brain oedema in a more patient-specific manner, especially by 

combining more uncertain mechanical properties, boundary conditions or even age and other 

demographic information.  
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7.4 Closing Remarks  

Overall, the brain is a highly complicated fluid dynamic system that can experience post-stroke 

damages and injuries. This thesis presents computational models for the in-silico trials of brain 

oedema and haemorrhagic transformation to sharpen our understanding of these diseases from 

biomechanical perspective. Brain models for the simulation of ischaemic stroke, brain oedema, 

haemorrhagic transformation and osmotherapy are proposed for the first time. This provides a 

novel tool for the investigation and prediction of post-stroke brain injury. This thesis investigates 

(1) the treatment strategies for patients with different types of failure in osmotherapy (2) 

osmothereapy in different age groups (3) haemorrhagic transformation under various blood 

pressure and viscosity (4) MLS-ICP relationship and multiple brain mechanical features. 

Considering the complex nature of the human brain, it is proposed that the model can be further 

developed by incorporating heterogeneity, autoregulation etc. Furthermore, the model can be 

incorporated with neural network techniques, including neural networks and neural operators 

that incorporate patient-specific biological information and patient-specific brain disease 

investigation. 

.  
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Appendices 
 
Appendix A: Derivation of Fluid Filtration through Capillary Wall 

Here, I employ the filtration theory and the Donnan effect, which has been used to model brain tissue 

in previous studies (Donnan, 1924; Elkin et al., 2010; Lang et al., 2014), to derive 𝑆"( 	, i.e., fluid 

filtration through the damaged BBB. The filtration flux, 𝐽gh	, can be described by the following 

filtration equation as shown below.  

 

 𝐽89 =	𝐿/[(𝑝( − 𝑝') − ∑ 𝜎:(𝛱(: −𝛱':)6
:;< ] ,                  (A1) 

 

where 	𝐿+ is the hydraulic permeability of the capillary wall, 𝑚 is the different solutes, 𝑝& is the 

hydrostatic pressure with subscripts that represent capillary blood pressure and interstitial fluid 

pressure. Meanwhile, 𝛱" and 𝛱( are the osmotic pressure for each water-soluble solute present in 

the blood plasma and interstitial fluid. 𝜎 is the reflection coefficient that varies from 0 to 1, where a 

value of 1 means that no solute can flow through the BBB. Meanwhile, the difference in osmotic 

pressure can be described by the equation:   

𝛱" − 𝛱( = 𝜎𝛱"
Q6Fij(LF)
Q6k⋅Fij(LF)	

,                        (A2) 

 

where Pe is the Péclet number. Here the Péclet number is much smaller than one (Zhang et al., 

2006; Mokhtarudin, 2016) and for a fixed composition of the filtration model, we thus have  

  

𝐽/0 =	𝐿1[(𝑃, − 𝑃2) − 𝜎𝛱,],                         (A3) 

  

Meanwhile, the fluid transfer between capillary network and interstitial space 𝑆"( can be given as  
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𝑆"( = 𝐽𝑉𝐴
𝑛𝑏
𝜋𝑅𝑐2

∫ 𝑝(𝑐)𝑑𝑐∞
0 	,                                  (A4) 

 

where 𝑛% is the volume fraction of blood vessel in a unit volume of brain tissue, 𝑅" is vessel radius 

and 𝑝(𝑐), at each point in space over the distribution of vessel circumferences. By assuming that the 

perimeter of blood vessels remains constant, we have  

 

∫ 𝑝(𝑐)𝑑𝑐:
; = 2𝜋𝑅,,                                      (A5) 

 

Substituting Equations A3 and A5 into Equation A4, 𝑆"( can therefore be written as:  

 

𝑆"( = 	2𝑛𝑏
𝐿𝑝
𝑅𝑐
�(𝑃𝑐 − 𝑃𝑤) − 𝜎𝛱𝑐�,                             (A6)  

 

Note that, for osmotherapy, we introduce an additional term to include the effects of saline:  

 

𝑆"( = 	2𝑛𝑏
𝐿𝑝
𝑅𝑐
�(𝑃𝑐 − 𝑃𝑤) − 𝜎𝛱𝑐 − 𝜎𝑁𝑎𝐶𝑙𝛱𝑁𝑎𝐶𝑙�,           (A7) 

 

𝐿+	in the normal BBB has been estimated by Fraser et al. (1990) and this value can increase by more 

than 100 times the normal value (Hakamata et al., 1995). Due to the large difference between the BBB 

permeability in the damaged region and the healthy region, the flow from capillary blood to the 

interstitial space and the flow of interstitial fluid in healthy tissue is thus neglected. 

 

Appendix B: Parameter Value Ranges 

The ranges of the parameter values are listed in TableB1:  
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Table B1: Sources of parameter values in the sensitivity analysis tests. 

The values of 𝜎  and 𝐿+  are challenging to measure and are related to the severity of oedema. 

Therefore, these values are varied to obtain initial ICP values between 20 and 25 mmHg. Meanwhile, 

other parameters are not related to the severity of oedema and the parameter value ranges are 

summarized and given in TableB1. Note that where experimental data on human brain are not available, 

we assume that the physiological parameters varies from 50% to 200% of the baseline value, since 

this is the parameter range shown in most previous studies on brain properties (see for example, Sack 

et al., 2009; Montagne et al., 2015; Budday et al., 2020).    

 

Appendix C: Intraparenchymal and Periventricular Stress in Oedema Brains in Quasi-patient-

specific Brains  

The stress in the parenchyma and at the ventricle corners can be plotted against the ICP and MLS, 

respectively for 18 patients’ brains. As shown in the figure, the intraparenchymal stress is more related 

to the deformation of the brain and ICP values, whereas the periventricular stress is not as predictable 

as intraparenchymal stress. This indicates that the intraparenchymal stress is determined by the forces 

exerted by excessive ICP in the tissue and the periventricular stress is determined by the local tissue 

Physiological parameters 

𝐼𝐶𝑃:.;-<=/- 5-15 
mmHg (Leinonen et al., 2018) c>  1.54×10−4 - 

6.16×10−4 Pa−1 

Varied from 50% to 
200% of baseline value 

(Mokhtarudin, 2016; Guo 
et al., 2020) 

Oedema size 
L-MCA 
and 

hemispheric  

Most common stroke type 
is studied (Liew et al., 

2018) 

 
	𝐾$ 

1.8×10−3 - 
7.2×10−3mm3s kg

−1 

Varied from 50% to 
200% of baseline value 

𝜎 0.35-0.65 
Estimated from the initial 
ICP value between 20 - 25 

mmHg 
𝐿? 6.0×10−12 - 

6.0×10−11 m/s.Pa  
Estimated from the 

initial ICP value between 
20 - 25 mmHg 

Administration protocol parameters  

𝛱@!A	 1200 - 
4800 Pa 

Derived from the doses of 
saline (Kølsen-Petersen, 

2020) and estimated from 
the maximum ICP drop	

𝐷	 0.01 - 0.03 
min-1 

Derived from 
elimination half-life 30 - 
60 minutes (Paczynski, 

1997) 

𝑇45 10 - 30 
minutes (Kølsen-Petersen, 2020)	    
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deformation and quasi patient-specific geometries of the brains.   

 

 

Figure C1: The intraparenchymal stress and periventricular stress vs ICP and MLS, where the blue 

and red lines are the best linear fit of the stress curves.   

 

Appendix D: Mechanical Solver for Contact Mechanics 

In the implementation of contact mechanics algorithm, we use Laursen’s contact formulation (Laursen 

& Marker, 1995), where the displacement and the Lagrange multiplier are solved until convergence in 

both the inner and outer loop. For simplicity, we do not use the BFGS solver in the original method 

(Laursen & Marker, 1995) and we replace the line search with simpler relaxation coefficients. The 

algorithm can be written as: 
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Contact Mechanics Solver 

1. Initialise the iteration process  

a. Set initial values of displacement 𝒖0 and 𝜆(0) 

b. Compute initial search direction Δ𝒖0 and compute initial energy 𝐺V = Δ𝒖𝟎 ∗ 𝑅(𝒖𝟎; 	𝜆(0), where 

𝑅(𝒖𝟎; 	𝜆(0) is the residual force 

c. Set iteration counters, 𝑖 = 0, 𝑘 = 0 

2. Loop on displacement until equilibrium 

a. Relaxation of displacement and move mesh   

b. 𝑖	+= 1 

c. Solve Δ𝒖𝒊 and compute the energy of current step 𝐺c 

d. If (𝐺"  < ETOL∗ 𝐺V), Then GOTO step 3 

3. Augment 

a. Compute new Lagrange multiplier 𝜆YZ   

b. Check convergence: IF L𝜆YZ − 𝜆([)L < 𝐾𝑇𝑂𝐿 ∗ L𝜆([)L EXIT 

c. 𝜆([\J) =	𝜆YZ , 𝑘	+= 1 

d. Compute energy 𝐺c and GOTO step 2 

 
Table D1: Algorithm of contact mechanics solver. 

 
 

As shown in the algorithm, our method uses two convergences criteria, ETOL and KTOL. The values 

are given 0.01 to ensure that the simulation reaches equilibrium and the penetration at the final step is 

sufficiently small, and thus guarantees the accuracy of the simulation. Meanwhile, the discretisation 

and linearisation are done according to (Wriggers, 2006). 

 

Appendix E: Parameter Value Ranges 

The ranges of the parameter values from the literature are listed in TableC1:  
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Physiological Parameters 

Arteriole blood pressure 
(Yetim et al., 2023) 95±11 mmHg in the 50s	 98±11 mmHg in the 90s  

Tension shear modulus 
(Budday et al., 2020) Around 500 Pa in the 50s Around 250 Pa in the 90s 

CSF production rate (May et 
al., 1990) 0.41±0.24 in the 30s  0.19±0.07 in the 80s 

Vessel wall leakage rate 
(Verheggen et al., 2020) 7.5 min-1 in the 50s 12 min-1 in the 90s 

 
Table E1: Sources of parameter values in the 50s and the 90s age groups.    

 

An around two times difference are shown in Lp and compression modulus between the 50s and 90s 

groups. Although the vessel leakage rate is measure in healthy brains, the value is simply taken to be 

around twice in oedema patients as there is not yet any relevant dataset.   
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