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Summary

diagnosis and monitoring of brain function is crucial to provide adequate healthcare to patients suffering from cerebral pathologies and injuries.
Unfortunately, most existing monitoring methods are either invasive, not
accurate enough, or limited by the restricted accessibility of the brain and, hence,
need to be improved. Moreover, there are still many cerebral pathologies that
cannot be monitored because the relevant metrics can simply not be measured.
Technologies such as computer algorithms might be used to improve the accuracy of non-invasive assessments methods, whereas computational models that
mimic physiological processes of the human body might be used to estimate clinical
metrics by using and combining information that can be measured at other more
accessible locations in the body.

E

In this thesis we have developed two new technologies to improve the noninvasive assessment of two different cerebral pathologies. In Part I of this thesis
(Chapters 2 and 3) we address the non-invasive assessment of elevated intracranial
pressure (ICP) by means of the optic nerve sheath diameter (ONSD) and develop an
automated algorithm to obtain operator-independent metrics, whereas in Part II
(Chapters 4 and 5) we focus on improving the estimation of patient-specific boundary conditions for cerebral aneurysm rupture risk models by using a 1D pulse wave
propagation model (PWPM) to simulate pressure and flow waveforms that can
often not be measured.

Non-invasive ICP assessment using the ONSD
Intracranial pressure assessment plays a crucial role in monitoring patients suffering from traumatic brain injury. Since existing ICP measurement techniques
are very invasive, other ways to estimate ICP have been explored. The diameter
of the optic nerve sheath (ONS) has proven to be a promising surrogate marker
for ICP because the optic nerve sheath expands when ICP increases[1, 2] and its
diameter can be measured from B-mode ultrasound images obtained by means of
transorbital insonation. However, ONSD cut-off values for the detection of elevated
ICP vary between studies[3–5], which hampers its clinical applicability.
In Chapter 2 we performed a review of the current literature on manual ONSD
assessment methodologies to identify differences in ONSD assessment methodologies that could potentially cause the discrepancies in ONSD threshold values.
Our review not only showed differences in the characteristic appearances of the
B-mode ultrasound images, but also in the placement of the ultrasound markers
used to denote the ONSD. Most importantly, the differences in ultrasound marker
viii

placement resulted in different ONSD values that also had varying sensitivities
to changes in ICP. The chapter is concluded with a set of guidelines as a first step
towards standardization of manual ONSD assessment to reduce the variations in
ONSD values due to methodological differences
In Chapter 3 we took the standardization of ONSD assessment a step further
by developing a fully automatic algorithm that is capable of segmenting the ONSD
from B-mode ultrasound images. We demonstrated that the algorithm not only
removed the intra- and interobserver variability associated with manual ONSD
assessment, but also resulted in ONSD values that were comparable to the manual
ONSD assessment performed by two experts. Using the presented algorithm, the
variation within ONSD values decreases, which in turn, reduces the discrepancies
within the ONSD threshold values and might lead to an improved stratification
between patients with normal and elevated ICP.

Estimation of cerebral boundary conditions
The risk of aneurysm rupture has to be carefully balanced against the risk of complications associated with interventions. Computational fluid dynamics (CFD)
models have proven to be capable of simulating rupture risk indices that can aid
in clinical decision-making[6]. However, the accuracy of rupture risk indices is
highly dependent on the boundary conditions (BCs) applied to the CFD simulations. Unfortunately, it is often not possible to measure patient-specific BCs within
the clinical setting. As an alternative, BCs can be simulated using 1D pulse wave
propagation models[7]. However, simulated BCs and corresponding rupture risk
indices most likely depend on the input parameters and model assumptions of the
PWPM. Therefore, the effects of the model input parameters and model assumptions on the BCs and rupture risk indices have to be investigated.
In Chapter 4 we investigated the influence of inter-subject variations in our
PWPM input parameters on simulated BCs and corresponding rupture risk indices
that were derived from 3D cerebral aneurysm simulations. Our results showed
that the inter-subject variations of the input parameters can lead to uncertainties
within the rupture risk indices that are of the same order as the difference between
ruptured and non-ruptured aneurysms and might therefore lead to misdiagnoses.
These results highlight the importance of accurate and patient-specific BCs and the
development of frameworks that can simulate these patient-specific BCs.

ix

In Chapter 5 we investigated the effect of the often discussed static pressurecoupling assumption at bifurcations[8] on our pressure and flow waveforms simulated with the PWPM. Although our results showed that changing the pressurecoupling hardly altered the 1D pressure and flow waveforms, it might be that
pressure-coupling becomes important when the PWPM is adjusted to match patientspecific hemodynamic situations. Using the framework presented in Chapters 4
and 5 the effects of model assumptions and model input parameters on (possible)
clinical metrics can be evaluated and used to optimize and individualize computer
models that mimic physiological processes of the human body.
This thesis is concluded with a General Discussion (Chapter 6) where the
results and main findings of the different chapters are put into a broader perspective.
Moreover, the limitations of our research are discussed and we elaborate on how
new technologies can contribute to the future of patient-specific clinical monitoring
and decision-making.
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1.1 Focus of this thesis
this thesis we aim to develop and evaluate technologies to improve noninvasive assessment of cerebral pathologies. Specifically, we evaluate: 1) the use
of automatic segmentation algorithms to assess the optic nerve sheath diameter
as surrogate marker for elevated intracranial pressure, and 2) the use of a pulse
wave propagation model for the definition of proper boundary conditions for threedimensional rupture risk prediction models of cerebral aneurysms.
This chapter starts with describing the anatomy of the brain, and the production and
function of cerebrospinal fluid (CSF), followed by a description of the cerebral blood
supply and its regulation required to maintain cerebral functions. Thereafter, the
clinical backgrounds and existing diagnostic and prognostic methods are introduced
for both patients with traumatic brain injury and patients with cerebral aneurysms.
Finally, the rationale and the specific objectives addressed in this thesis are given.

I

1.2 Clinical background
1.2.1

Brain anatomy and cerebrospinal fluid

The human brain is encapsulated by three meningeal layers and the skull. The three
meningeal layers from inside to outside are the pia mater, the arachnoid mater,
and the dura mater[1, 2]. The subarachnoid space, located between the pia and
the arachnoid mater, contains CSF. The CSF acts as a shock absorber, allows for
distribution and regulation of nutrients and waste products between the neurons,
and plays an important role in maintaining cerebral blood flow[1, 3]. CSF is produced at the choroid plexus inside the brain ventricles. From here, it passes into
the subarachnoid space around the brain and spinal cord via the median and lateral
apertures[3]. Finally, it is absorbed into the rigid sinuses via arachnoid granulations[1, 2]. These sinuses then drain the CSF into veins that return the blood to the
heart. The total volume of the brain (∼1700 ml) is enclosed by the skull and consists
of the following components: brain tissue (∼1400 ml), blood (∼150 ml), and CSF
(∼150 ml)[3]. The total intracranial pressure (ICP) inside the skull normally lies
between 10 and 15 mmHg[3, 4].
A continuously regulated ICP is crucial for adequate brain perfusion as the perfusion is driven by the cerebral perfusion pressure (CPP), i.e. the pressure difference
between the arterial blood pressure and the ICP[4]. In the healthy situation a
compensatory mechanism, known as the Monro-Kellie doctrine, ensures an approximately constant ICP by compensating a volume increase in one of the three
aforementioned components with an equal volume decrease in one or more of the
other components[4]. For example, an abnormal bleeding increases the blood
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volume within the skull which will be compensated by an increased CSF drainage
via the dural sinuses or shifting of CSF into the spinal subarachnoid space[2].

1.2.2

Cerebral vasculature and blood flow regulation

The human brain is responsible for almost 20 % of the body’s total oxygen and
glucose consumption, although its weight is only 2 % of the total body mass[1].
Disruption of blood flow and oxygen supply to the brain leads to unconsciousness
within seconds and to irreversible brain damage within minutes because glucose
and oxygen cannot be stored in the brain. To allow a continuous supply of blood
the cerebral circulation and the regulation of cerebral blood flow are crucial. The
brain has two important mechanisms to maintain adequate blood and nutrient
supply to all areas of the brain at all time: i.e. 1) collateral blood flow pathways,
and 2) blood flow regulation.
The brain is provided with 750 ml of blood per minute (approximately 15 % of the
cardiac output)[5, 6] via two sets of arteries, i.e. the left and right internal carotid
arteries (ICA) and the left and right vertebral arteries. The latter ones merge into the
basilar artery (BA). At the base of the brain the ICAs and BA merge into a ring-like
structure called the Circle of Willis, which is the largest example of a collateral
pathway in the brain. It divides the blood over the anterior, middle, and posterior
parts of the brain via the anterior, middle, and posterior cerebral arteries. After the
blood passes the capillary beds, where oxygen, carbon dioxide, nutrients, and waste
products are exchanged, it is drained into rigid sinuses via collapsible cerebral veins.
Together with the absorbed CSF it is then returned to the heart via the internal
jugular veins.
The amount and distribution of blood across different regions of the brain is actively
regulated by changing vascular resistances. This allows for an increase in blood
flow to specific areas of the brain when the demand is increased (neuro-vascular
coupling and metabolic regulation). Furthermore, it ensures that the cerebral blood
flow remains constant when blood pressure increases or drops (myogenic regulation)[7]. Changes in vascular resistances can be achieved by rapid vasoconstriction
or vasodilation due to contraction or relaxation of smooth muscles cells (SMC)
primarily located in the arteriolar walls. When the demand of blood rises, arteriolar
vasodilation will lead to a reduction of vascular resistance which allows the blood
flow to rise. An increase of the (perfusion) pressure, on the other hand, will induce
vasoconstriction to keep the flow at a constant level. Finally, a sudden decrease in
blood pressure, which would result in a reduced blood flow to the brain, can be
compensated by a quick enlargement of the arteriolar radii.

1
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1.3 Traumatic brain injury
1.3.1

Hemodynamic changes in traumatic brain injury

Brain swelling and edema can occur in patients suffering from traumatic brain
injury (TBI)[8, 9] due to for example, a blow to the head. When this increase in
volume cannot be compensated for by reducing the volume of blood or CSF, ICP
increases[9]. Assuming the systemic blood pressure remains the same, the CPP
will decrease which reduces the perfusion of the brain[8]. If ICP increases even
further, the venous side of the circulation will collapse significantly which impairs
the outflow of blood from the intracranial space. This will drive the ICP even higher
and at some point the perfusion of the cerebral tissue will stop completely. To
ensure sufficient perfusion and prevent irreversible tissue damage in TBI patients,
it is crucial to normalize their ICP[10].

1.3.2

Non-invasive assessment of intracranial pressure

Intracranial pressure assessment is important because it represents the severity
of the brain injury[4, 9]. Moreover, continuous or frequent monitoring of the ICP
allows clinicians to evaluate the effectiveness of their treatment[9]. Unfortunately,
performing ICP measurements within the brain is challenging as the cranium makes
it almost inaccessible. Consequently, the ICP can only be measured by drilling
a hole in the skull and placing a drain or a pressure sensor in respectively, the
ventricles or the brain parenchym[4, 6]. It goes without saying that such a procedure
is highly invasive and comes with a large risk of complications. To prevent this
risk of complications and to obtain more information about the hemodynamic
status inside the brain, there is an unmet need for new and preferably non-invasive
assessment methods.
Although ICP cannot be measured directly without entering the skull, the optic
nerve sheath diameter (ONSD) can be used as a non-invasive surrogate marker of
ICP[11–14]. The sheath surrounding the optic nerve contains CSF that is connected
to the CSF surrounding the brain. As a consequence, the diameter of the optic
nerve sheath enlarges when the ICP increases. The ONSD can be estimated on
transocular ultrasound B-mode images. Current clinical practice is to manually
assess ONSD from these images using ultrasound callipers. By linking these ONSD
measurements to invasively measured ICP values, regression models can be created
that can be used to estimate the ICP non-invasively. Unfortunately, ONSD cut-off
values for the diagnosis of increased ICP are inconsistent between studies[15–17],
which hampers the implementation of ONSD as a possible non-invasive bedside
monitoring tool for ICP. Likely sources of these discrepancies are: 1) differences
in ONSD assessment methodologies between centres, and 2) the manual ONSD
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assessment which might result in considerably inter- and intraobserver variability.
Standardization of ONSD assessment methodologies and the development of an
automatic ONSD assessment algorithm could overcome both problems and possibly
reduce the inconsistency in ONSD cut-off values.

1.4 Cerebral aneurysms
1.4.1

Hemodynamic changes in cerebral aneurysm

In patients suffering from cerebral aneurysms weak spots in the arterial walls bulge
due to forces delivered by the blood flow and associated pressure pulses. As a
consequence of this dilation, the aneurysm wall becomes thinner which can cause
the wall to become even weaker. When stresses in the vessel wall exceed the strength
of the wall, rupture will occur. Though the initial widening of the blood vessel
can remain asymptomatic and, hence, go unrecognized by the patient, a ruptured
aneurysm puts the patient in an acute and a potentially life-threatening situation.
Not only will blood leak out of the vessel thereby jeopardizing the blood supply
to the brain, but the presence of blood in the subarachnoid space can also cause
inflammation, edema, delayed cerebral ischemia, and stroke. Because preventive
treatment of an aneurysm by coiling or stenting is also not without danger, the risk
of the intervention has to be assessed and weighed against the risk of rupture[18].

1.4.2

Non-invasive assessment of aneurysm rupture risk

To assess whether a patient with an aneurysm has to be treated, the aneurysm
rupture risk has to be determined. Unfortunately, this rupture risk cannot be
measured directly. Although non-invasive morphological metrics such as the
diameter[19–22], have been correlated with aneurysm rupture risk, none of these
can accurately stratify aneurysm rupture risk. Therefore, researchers have started
focussing on hemodynamic factors, such as wall shear stress (WSS), that affect
aneurysm growth and rupture[19, 20, 23–25]. Computational Fluid Dynamics
(CFD) models have the ability to simulate the hemodynamics in and around the
aneurysm and are therefore often used to calculate hemodynamic metrics related
to aneurysm rupture in order to approximate the aneurysm rupture risk. These
CFD simulations require knowledge of the following two characteristics: 1) the
geometry of the aneurysm, and 2) proper boundary conditions (BCs). Though
the 3D geometry of the aneurysm and the surrounding vessels can be obtained
using 3DRA or CTA[26], the BCs for the 3D domain can often not be measured in
vivo. In this absence of patient-specific boundary conditions the best alternative
is the simulation of BCs using 1D pulse wave propagation models (PWPM)[27].

1
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However, pressure and flow waveforms not only vary between patients, but also
within patients due to for example, daily activities. Boundary conditions for 3D
models must resemble these patients’ waveforms closely in order to obtain accurate
predictions of flow waveforms in and around the aneurysm[28]. The inter- and
intrasubject variabilities must therefore be incorporated in the PWPM by setting
model parameters to patient-specific values. Unfortunately, measuring these values
in patients is not always possible, and if possible, it is time consuming. However, it
might not be necessary to make the whole model patient-specific because not all
model parameters might be equally important for the estimation of correct BCs.
Uncertainty and sensitivity quantification needs to be performed to find out which
model parameters should be set to patient-specific values and therefore require
patient-specific measurements.

1.5 Aims and Thesis outline
Current non-invasive approaches for the monitoring of the two cerebral pathologies
described above are promising but cannot yet compete with current gold standards
for clinical monitoring and decision-making.
The aim of this thesis is to develop and evaluate new technologies to
improve the existing non-invasive monitoring and decision-making
approaches.
This thesis is structured in two parts. Part I (Chapters 2 and 3) deals with improving the assessment of optic nerve sheath diameter as non-invasive surrogate for
intracranial pressure. Part II (Chapters 4 and 5) evaluates boundary conditions
for CFD simulations of cerebral aneurysms that are estimated by a 1D pulse wave
propagation model.

1.5.1

Part I: Non-invasive ICP assessment using the ONSD

In Chapter 2 a review of the literature on ONSD assessment is performed to obtain
insight in the different ONSD assessment methodologies used in clinical centres and
research facilities. We investigate if discrepancies in assessment methodologies lead
to different ONSD values, and if the methods vary in sensitivity to changes in ICP. In
Chapter 3 the obtained insights are used to develop an automatic ONSD algorithm.
The performance of the algorithm is quantified by comparing algorithm-derived
ONSD values with manually-derived ONSD values.

G
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Part II: Estimation of cerebral boundary conditions

In Chapter 4 we assess the influence of inter-subject variations on wall shear stress
indices of cerebral aneurysms. Hereto, we create a set of cerebral BCs by introducing
population-based variations in systemic properties of our 1D PWPM. Next, we apply
these BCs to 3D-CFD simulations of an aneurysm from which we calculate the corresponding aneurysm rupture indices. We then evaluate the effect of the variations
in the input parameters on the BCs using uncertainty quantification. Moreover, we
attribute the contribution of each individual parameter and its interactions with
other parameters to the total uncertainty using sensitivity analysis. This allows
us to identify parameters that should be set to patient-specific values in order to
estimate proper boundary conditions for rupture risk assessment models.
The accuracy of our BCs also depends on the validity of the model assumptions of
our PWPM, and there is debate on the correct pressure continuity assumption at
bifurcations. Some researchers choose to ignore the extra pressure losses caused by
the creation of vortices at bifurcations and assume continuity of the total pressure
(p + 12 ρu2 )[29–31]. Others, including ourselves, model only continuity of static pressure because they assume that both the change in dynamic pressure ( 12 ρu2 ), caused
by the deceleration of blood, and the additional pressure loss can be neglected.
They support this assumption by addressing the fact that these two terms are much
smaller than the static pressure and that they have an opposite effect on the pressure
drop[32, 33]. However, it remains unclear whether these assumptions still hold in
arterial networks with a large number of consecutive bifurcations such as in the
cerebral vasculature[34]. In Chapter 5, we therefore develop a new bifurcation
element that allows extending our 1D model with these two missing pressure terms.
Using this model, we assess the influence on pressure and flow waveforms when
using continuity of static pressure instead of total pressure.
Finally, the thesis is closed in Chapter 6 with a general discussion where the main
findings of the different chapters will be discussed and put in a broader perspective.
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Abstract
Reported cut-off values of the optic nerve sheath diameter (ONSD) for the diagnosis
of elevated intracranial pressure (ICP) are inconsistent. This hampers ONSD as a
possible non-invasive bedside monitoring tool for ICP. Since the influence of methodological differences on variations in cut-off values is unknown, we performed
a narrative review to identify discrepancies in ONSD assessment methodologies
and to investigate their effect on reported ONSD values. In a total of 63 eligible
articles we could determine the applied ONSD assessment methodology. Reported
ultrasound images either showed the optic nerve and its sheath as a dark region
with hyperechoic striped band at its edges or as a single dark region surrounded
by lighter retrobulbar fat. Four different ultrasound marker positions were used
to delineate the optic nerve sheath, which resulted in different ONSD values and
different sensitivities to changes in ICP. Based on our observations we recommend
to place ultrasound markers at the outer edges of the hyperechoic striped bands
or at the transitions from the single dark region to the hyperechoic retrobulbar fat
because these locations yielded the highest sensitivity of ONSD measurements for
increased ICP.
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2.1 Introduction
subarachnoid space, located between the optic nerve and the optic nerve
sheath, contains cerebrospinal fluid (CSF). When the hydrostatic intracranial
pressure (ICP) increases the optic nerve sheath can expand. Because this
sheath expansion is considered to be a surrogate parameter for non-invasive ICP estimation[1, 2] the optic nerve sheath diameter (ONSD) is often measured in clinical
practice. Although intra- and interobserver agreement of ONSD estimation is high
within individual studies[3, 4], ONSD cut-off values for the diagnosis of elevated
ICP (>15 mmHg) vary between studies[5, 6] and thereby limit the application of
ONSD assessment as a non-invasive surrogate marker for ICP monitoring. It is
hence of utmost importance to identify and resolve sources of these variations in
cut-off values. Although differences between patient populations studied might
explain part of these variations, the role of discrepancies in ONSD assessment methodologies still needs to be determined. Methodological aspects, such as ultrasound
machine settings, transducer placement, and ONSD delineation, probably differ
between clinical centers and research groups and might hence contribute to the
diversity in ONSD cut-off values.
In this study, we perform a narrative literature review in which we identify and
categorize the reported ONSD assessment methodologies and investigate the effect of differences found on the measured ONSD values. Hereby, we focus on 1)
the characteristic appearances of reported ultrasound images, 2) how the visible
structures are interpreted with respect to the retrobulbar anatomy, 3) how these
interpretations guide placement of the ultrasound markers used to calculate the
ONSD, and 4) the relationship between ONSD values and assessment methodology.

T

2.2 Materials and Methods
2.2.1

Eligibility criteria and search strategy

In December 2019, a PubMed search was performed using the following search
strategy: (“optic nerve sheath” AND “diameter” [MeSH Terms]) AND (“elevated
icp intracranial pressure” [MeSH Terms]). Titles and abstracts of the search results
were evaluated and articles were selected for full text review based on the following
criteria: 1) articles were written in English, 2) ONSD was manually assessed from
ultrasound images, and 3) articles did not involve fetus, animal or in vitro studies.
Consecutive full text review was performed to select articles according to the following criteria: 4) articles did report ultrasound images, 5) reported ultrasound
images were of such quality that the borders between darker and lighter regions
could be distinguished, 6) ultrasound markers were visible within the images, and
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7) there was no ambiguity in reported ultrasound images with respect to patterns
of lighter and darker regions. Criterion 5 and 6 were applied because our interest is
in the specific characteristics of the ultrasound images, i.e. the lighter and darker
regions of the images, the structural interpretation of these regions, and the corresponding ultrasound marker placement. Images of inferior quality would prevent us
from extracting this information from the articles. We applied criterion 7 because
articles with ambiguous images would prevent us from assigning them to one of the
branches in the structured and quantitative approach that was applied to analyze
the selected articles and will be described in Section 2.2.3.

2.2.2

Optic nerve anatomy

To facilitate referring to different retrobulbar structures in the remainder of the
manuscript, we first describe the anatomy of the optic nerve and the optic nerve
sheath (see Figure 2.1). The optic nerve runs from the eyeball to the chiasm and can
be divided into four parts, i.e. an intra-ocular part (1 mm long), intra-orbital part
(30 mm long), intracanalicular part (6-10 mm long), and intracranial part (10-16 mm
long)[7]. Nerve fibers originate from the retinal ganglion cells and join at the optic
disc, which is commonly referred to as “the blind spot”. From here, the bundled
unmyelinated optic nerve fibers run approximately 1 mm through the globe before
penetrating the sclera through the lamina cribrosa. Once the optic nerve enters the
intra-orbital space, it is surrounded by the optic nerve sheath. Besides the optic
nerve and its sheath, the region immediately behind the globe also contains extraocular muscles and fat tissue. The optic nerve itself has a diameter of approximately
3 mm, whereas the optic nerve sheath has a thickness of approximately 1 mm[8].
From in to out, the sheath consists of the pia mater, the subarachnoid space, the
arachnoid mater, and the dura mater[9]. The pia mater and the arachnoid mater
have a thickness of 0.09-0.15 mm[10, 11], whereas the subarachnoid space and the
dura have a thickness of 0.1-0.29 mm and 0.3-0.5 mm[8, 10, 11], respectively. The
subarachnoid space features a complex structure formed by trabeculae, septa, and
pillars immersed in the cerebral spinal fluid. The composition of these structures
within the subarachnoid space changes along the nerve[12]. The anterior part of
the subarachnoid space mainly contains trabeculae, which are 5-7 µm in diameter.
The midsection of the sheath displays both septa that divide this space into small
communicating chambers, as well as pillars with a diameter of 10-30 µm[12]. In the
posterior part, where the sheath crosses the optic canal, both pillars and trabeculae
are present.
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Eyeball

Retrobulbar fat (F)
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Figure 2.1: Left: Schematic overview of the anatomy of the eyeball and optic nerve. The nerve and its
sheath are surrounded by retrobulbar fat tissue. Right: A detailed drawing of the different layers of the
optic nerve sheath. The nerve is surrounded by the pia mater, subarachnoid space, arachnoid mater,
and the dura mater.

2.2.3

Structured and quantitative approach

To investigate the effect of different methodologies on ONSD values we assigned a
“code” to the ONSD assessment methodology used in each reviewed article. This
classification was based on the criteria discussed below.
Characteristics of retrobulbar ultrasound images
Two groups of retrobulbar ultrasound images with different patterns of echoic
characteristics were found in the reviewed articles. Both groups clearly showed a
dark (hypoechoic) circular structure representing the eyeball. In addition, lighter
(hyperechoic) structures were present behind the globe representing the retrobulbar
fat and ocular muscles. The optic nerve was represented by a linear dark structure
perpendicular to the globe. However, whereas one group of images only showed a
single dark linear structure surrounded by lighter retrobulbar fat behind the eyeball,
the other group displayed two lighter (hyperechoic) striped “bands” within this
dark region (Figure 2.2, top panel). In order to denote these echoic appearances
of the reported ultrasound images in our quantitative analysis, we labeled images
with striped bands “Category A”, and images without these dark bands “Category B”
(Figure 2.2, mid panel).
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Hyperechoic striped
bands visible

No hyperechoic
striped bands visible

Two typical
findings in 63
ONSD reports

Category A

Category B

34

29

striped bands
visible

no striped bands
visible

Number of reports
for each of the
typical findings

24
A1

6
A2

29

4
A3

B

Reported ONSD
Marker
placement

Figure 2.2: Structured and Quantitative approach used to label the optic nerve sheath diameter (ONSD)
methodologies based on the ultrasound image characteristics and marker placement. Top: Two types of
typical findings in ONSD reports, i.e. ultrasound images show hyperechoic striped bands in between
the hyperechoic retrobulbar fat, and ultrasound images show no hyperechoic striped bands. Ultrasound
images obtained from[13, 14]. Middle: Characterization of the typical findings in to Category A and
Category B. Schematic representations of the ultrasound images are depicted in the figures given within
each category. Bottom: Standardized marker positions based on the transitions from lighter to darker
regions.
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Marker placement for sheath assessment
To quantify placement of ultrasound markers used to delineate the optic nerve
sheath, possible locations of ultrasound markers were labeled. In the presence of
hyperechoic striped bands, possible marker positions from outside to inside were
located at: A1) transition from hyperechoic retrobulbar fat region to hypoechoic line,
A2) transition from hypoechoic line to hyperechoic striped band, A3) transition
from hyperechoic striped band to hypoechoic region. In images without striped
bands, marker placement is only possible at the transition from the hyperechoic
region to the hypoechoic region and this location was denoted with letter B.
Marker placement for depth assessment
Three possible positions for ultrasound depth markers were defined and used to
label the depth marker placement within the articles (Figure 2.3): 1) location
where imaginary nerve midline intersects contour of the retina, 2) hyperechoic
reflection corresponding to the lamina cribrosa, and 3) top of the dark linear
structure corresponding to the optic nerve. In case no marker was placed within
the reported image, the article was labeled with “marker position not presented”.
In addition, the terminology used to describe the chosen anatomical landmark was
extracted. If no landmark was specified it was denoted with “not reported”.

1
2

3

Figure 2.3: Definition of the three depth marker positions found in literature: 1) at the level of the
retina, 2) at the level of the lamina cribrosa, and 3) at the top of the hypoechoic (black) optic nerve. The
white dotted line denotes the retina.
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Structural interpretation

We also classified how echoic properties of the optic nerve and its sheath were
described and how structures as seen on the ultrasound images were interpreted.
Moreover, we examined if the interpretation of the ultrasound images was similar
across studies.

2.2.5

Ultrasound settings

Transducer frequency, imaging plane (transverse or sagittal), and mechanical index
(MI) were extracted from the articles to investigate whether image acquisition
characteristics were related to the ONSD values.

2.2.6

Influence of methodology on measured ONSD values

Clinical relevance of an ONSD methodology depends on its ability to detect changes
in ICP. Therefore, we assessed for each of the different ONSD measurement methodologies how the corresponding ONSD values changed with increasing ICP. ONSD
values for subjects with normal (low) and with pathologically elevated (high) ICPs
were extracted from the selected articles. It is to be noted that low ICP subjects
were reported in the reviewed articles as healthy persons (H), as age-matched controls (C), or as patients with normal ICP (ICPnorm ). Extracted ONSD values were
separated based on the assessment methodology described in Section 2.2.3, i.e. A1,
A2, A3, and B (see Figure 2.2). ONSD values obtained with the different methods
were compared within each of the four different subject groups. Subsequently,
differences in ONSD values between these subject groups were investigated for
each of the four methodologies to assess their sensitivity for ICP elevation. We also
investigated the influence of variations in ultrasound depth marker placement on
the ONSD values.

2.3 Results
2.3.1

Search results

We identified 191 citations based on our PubMed search criteria. After screening the
abstracts of these studies, 67 studies were excluded because they: involved animal,
fetus, or in-vitro studies (n=8), assessed ONSD from CT/MRI images (n=21), were
comments on other articles (n=23), were not written in English (n=8), were not
available (n=3), or other (n=4). The remaining 124 articles were selected for full text
review. From this set an additional 30 articles were excluded because they: assessed
ONSD from MRI (n=1), were comments on other articles (n=1), were not written
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in English (n=1), were not available (n=1), were review articles without an ONSD
methodology section (n=17), showed unclear exemplary ultrasound images (n=3),
showed no ultrasound markers within the image (n=2), showed ultrasound images
with conflicting characteristic appearance (n=2), or other (n=2). After omitting all
papers that did not present any ultrasound image at all (n=31), a total of 63 articles
remained for analysis in our review[1, 2, 5, 13–72].

2.3.2

Structured and quantitative approach

Image characteristics: The number of articles corresponding to each of the typical
ultrasound findings are indicated in the middle of Figure 2.2. Approximately half
(n=34) of the articles showed images corresponding to Category A, i.e. depicting
hyperechoic striped bands within the hypoechoic region between the retrobulbar
fat. The other half (n=29) reported images corresponding to Category B displaying
no striped bands in the dark region between the retrobulbar fat.
Marker placement for sheath assessment: The marker position for the sheath delineation (A1, A2, A3, and B) was determined in all 63 articles (Figure 2.2). In the
majority of articles within Category A, the marker was placed at the most outer
transition from hyperechoic to the hypoechoic region, i.e. Location A1. For the
articles showing images corresponding to Category B the marker was by definition
set at position B.
Marker placement for depth assessment: A total of 60 out of 63 articles reported
the depth at which the ONSD was determined. Although all of these 60 articles
reported that the ONSD was determined 3 mm posterior to an anatomical landmark,
we encountered three different anatomical landmark positions for which 9 different
names were used with no clear distinction between them.

2.3.3

Structural interpretation

Detailed perceptions about the echogenic properties of the different retrobulbar
structures and the corresponding structural interpretations of the ultrasound images were found in eight articles. Although all eight articles stated that the optic
nerve does not reflect ultrasound waves and appears as a dark structure radiating
away from the globe, the opinions on the echoic properties of the different layers
of the optic nerve sheath differed. Based on the latter differences, the structural
interpretations could be divided into two groups (see Figure 2.4).
In the first interpretation, reported in six articles[15, 21, 25, 41, 47, 64], it was assumed
that the pia mater and the dura mater do not reflect ultrasound waves and that the
subarachnoid space and the retrobulbar fat are hyperechoic. Hence, the pia mater
was thought to appear as a dark structure fused with the also dark optic nerve, the
subarachnoid space was appointed to the two hyperechoic striped bands, and the
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Figure 2.4: The two different structural interpretations of ultrasound images found in literature. The
darker and lighter regions within the schematic depictions of the ultrasound images are labeled with
optic nerve (N), pia mater (P), subarachnoid space (S), dura mater (D), and retrobulbar fat tissue (F)
following the description of the echoic fingerprint of the optic nerve and its sheath as described in
literature.

dura mater was thought to appear as a dark line in-between the white retrobulbar
fat and the hyperechoic striped bands.
In the second interpretation, described in two articles[1, 67], it was assumed that
the subarachnoid space does not reflect ultrasound waves and that the pia mater,
the dura mater, and the retrobulbar fat are hyperechoic. Hence, it was stated that
the pia mater corresponds with the hyperechoic striped bands present within the
dark region and that the subarachnoid space is represented by the thin hypoechoic
lines in between the striped bands and the surrounding white tissue. Moreover,
the dura mater and retrobulbar fat are thought to cause acoustic reflections and
therefore appear as hyperechoic structures which cannot be distinguished from
each other.

2.3.4

Ultrasound settings

Transducer Frequency
A total of 60 out of 63 articles did report the transducers used. Although, all
transducers were linear, their frequencies ranged from 3 MHz up to 25 MHz, with
7.5 MHz being the most used frequency (n=13).
Mechanical index
MI settings were reported in 19 out of 63 articles. Values <0.3 were reported in 13
articles, the “As Low As Reasonable Achievable” (ALARA) principle was reported in
five articles, whereas one article reported to have used an MI that was “low”.
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Imaging plane
The imaging plane was reported in 49 out of 63 articles. In the majority of cases
(n=40) a transverse plane was applied, either solely (n=37) or in combination with
the sagittal plane (n=3). Nine studies reported on solely using the sagittal plane.
Relation between ultrasound settings and image characteristics
Distributions of transducer frequencies and imaging planes were similar for articles
appointed to Category A and articles appointed to Category B indicating that the
presence of hyperechoic striped bands is not related to transducer frequency or
image plane used.

2.3.5

Influence of methodology on the Optic Nerve Sheath Diameter

ONSD values for the four subject groups are plotted for each assessment method
(A1, A2, A3, and B) in Figure 2.5. In addition, mean ONSD values per assessment
method for each of the four subject groups are given in Table 2.1. Assuming that
both the healthy group and the age-matched control group have normal ICPs, we
pooled the ONSD values of both groups because only a few observations were
available for the healthy population. Moreover, Table 2.1. shows mean differences
between ONSD values of the various subject groups. From Figure 2.5 and Table 2.1.
the following trend can be observed: averaged over the four subject groups, ONSD
values determined with Method A1 are 0.67 (0.2-1.2) mm larger than ONSD values
determined with Method A2. In turn, these A2 derived ONSD values are 1.43
(0.7-1.9) mm larger than the ONSD values obtained with A3. The ONSD values
determined with Method B are similar to the values obtained with Method A2. It is
evident from Table 2.1 that the difference in ONSD values between patients with
ICPnorm (n=21) and patients with ICPhigh (n=31) is on average at least three times
larger for Methods A1, A2, and B in comparison with Method A3, i.e. 0.9, 1.5, 1.5 and
0.3 mm, respectively. We did not find differences in ONSD values due to variations
in depth marker positioning.

2.4 Discussion
We performed a narrative literature review to identify possible methodological
differences in ONSD determination by means of ultrasound and to evaluate whether
such differences affect the ONSD values within and between groups of patients
with normal and pathologically elevated ICP. Hereto, we used a structured and
quantitative approach to label the different ONSD methods and to link the reported
ONSD values to these methods.
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Figure 2.5: ONSD values for healthy people, age-matched controls, patients with ICPnorm , and ICPhigh
reported by the reviewed articles. The ONSD values are classified into assessment Methodologies A1,
A2, A3, or B. The lines denote the mean values for each assessment methodology.

2.4.1

Major Findings

We identified four different ultrasound marker positions used to measure the ONSD,
which resulted in varying ONSD values. Moreover, not all marker positions were
equally sensitive to changes in ICP between subjects with elevated and those with
normal ICP. Three of the marker positions were located within images with hyperechoic striped bands (i.e. A1, A2, and A3), whereas the other position was pinpointed
in images without hyperechoic bands (i.e. B). The three marker positions identified
within images with striped bands, resulted in different ONSD values. Placing the
markers at the transition from the hyperechoic retrobulbar fat to the dark region
behind the globe in both image types (respectively, A1 and B), did on average not
yield similar ONSD values. However, ONSD values obtained when ultrasound
markers were placed at the outer edges of the striped bands (A2) were comparable
to the ones derived with marker location B.
Clinically most interesting is the ability of the different methods to distinguish
between patients with ICPnorm and patients with ICPhigh . Our results showed that
placement of the markers at the most inner edges of the hyperechoic striped bands
(A3) was far less sensitive to changes in ICP than the other marker positions.
Besides the four different ultrasound marker positions within the two types of
ultrasound images, we also encountered poor reporting of ONSD methodologies
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Table 2.1: Upper part: Mean ONSDs categorized in study population (Healthy and controls, Normal ICP
and Elevated ICP) and methodologies used to determine the ONSDs (A1, A2, A3, and B). The number
of ONSD values are shown between brackets. Lower part: The difference in ONSDs between study
populations for each of the methodologies (bottom).

Population
Healthy and controls
(H + C)
Normal ICP
(ICPnorm )
Elevated ICP
(ICPhigh )
|ICPnorm – (H + C)|
|ICPhigh – (H + C)|
|ICPhigh – ICPnorm |

2

A1
(n=10;10;15)

Methodological Categories
A2
A3
(n=6;2;4)
(n=5;3;6)

B
(n=8;6;6)

5.1

4.9

3.2

4.5

5.5

4.3

3.6

4.5

6.4

5.8

3.9

6.0

0.4
1.3
0.9

0.6
0.9
1.5

0.4
0.7
0.3

0
1.5
1.5

within a large portion of the analyzed articles as well as discrepancies in ONSD
assessment methodologies (vide infra). Moreover, a detailed interpretation of the
echoic signature of the optic nerve sheath was only reported in 8 out of the 63
articles. Within these eight articles two different, very conflicting interpretations
of the echoic signature were found.
Anatomical landmarks used to calculate the ONSD assessment depth also varied
between studies, resulting in different depth marker positions. Moreover, the
terminology used to describe these landmarks was inconsistent and identical anatomical terms were sometimes used to describe different landmarks. Ultrasound
transducer frequencies were reported in almost every article and their range varied
widely. Reported imaging planes also varied between studies, with studies using
only a transverse plane or both the transverse and sagittal plane, whereas one third
of the articles did not report the imaging plane at all.

2.4.2

Considerations

The lack of agreement on the echoic signature of the optic nerve sheath is most
likely the cause for the variation in ultrasound marker placement. Although there
is no ambiguity that the optic nerve is represented by the hypoechoic longitudinal
structure, the appearance of the pia mater, the subarachnoid space, and the dura
mater seems to be much less agreed upon. Studies of Topcuoglu et al. [67] and Geeraerts et al. [1] dedicate the hyperechoic striped bands to the pia mater. Pichamuthu
et al. [6], on the other hand, interpret the striped bands as being both the pia and
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dura mater, with the subarachnoid space only appearing in the middle of these
bands in patients with elevated ICP. Others assume that these bands represent
the subarachnoid space[15, 19, 25, 64] which reflects ultrasound waves because
of the complex structure of trabeculae and pillars[73]. A study of Steinborn et al.
[64] even describes the formation of a cyst like structure within the subarachnoid
space in patients with elevated ICP due to the stretching of the trabeculae. Another
study reports that these striped bands are only visible in patients with elevated
intracranial pressure[74], indicating that these bands represent the subarachnoid
space and that these bands only become apparent on ultrasound images when the
subarachnoid space is enlarged.
Besides the different interpretations of the echoic fingerprint of the optic nerve
sheath, the duality in echoic characteristic patterns of the ultrasound images (Category A and Category B) needs to be considered. Although our data did not show
an association between appearance of hyperechoic striped bands and ultrasound
frequency or imaging plane, a recent study from Pichamuthu et al. [6] points out
that ultrasound images might be dependent on the transducer frequency used
because high frequency transducers allow imaging of smaller structures in comparison with lower frequency probes. Moreover, the usage of higher frequency probes
makes the ONSD assessment possibly less susceptible to edge artefacts because
the true outlines of the optic nerve sheath are more clearly visible[6]. It cannot be
excluded that patient characteristics such as gender or age, also play a role whether
hyperechoic striped bands appear on retrobulbar ultrasound images.
The marker placement used to determine the assessment depth of 3 mm also appears
to be an enigma as becomes apparent by the variation in terms used to annotate a
specific anatomical landmark and the use of the same term for different anatomical
landmarks. However, these discrepancies did not affect ONSD values, most likely,
because the distance between the different anatomical landmarks used is less than
1 mm resulting in comparable ONSD values. Nevertheless, the usage of a singular
landmark and corresponding terminology could avoid confusion.
For all groups, i.e. healthy subjects and age-matched controls as well as patients
with ICPnorm and ICPhigh , we found ONSD values determined with Method A1 to
be larger than values determined with A2, which in turn were larger than values
obtained with Methodology A3. This finding is trivial because the markers for
Position 1, 2, and 3 are located from outside to inside on the ultrasound image.
However, the difference in ONSD values between Methods A2 and A3 was twice
as large as the difference between ONSD values assessed with Methods A1 and
A2. The difference in ONSD values between healthy/controls and patients with
ICPnorm and ICPhigh showed that Method A3 was the only method that did not
allow a clear distinction between the high and low ICP groups, making Method
A3 clinically not useful. Moreover, the small difference in ONSD values between
ICPnorm and ICPhigh for Method A3 is a clear indication that this method does not
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measure the subarachnoid space since the subarachnoid space is the only structure
that expands when ICP increases. In addition, ONSD values determined with A3
were mostly in the order of 3 mm which is approximately the diameter of the optic
nerve itself. Therefore, marker position A3 corresponds with the outline of the optic
nerve. This, in combination with the fact that ONSD values assessed with position
A2 do become significantly larger in patient with ICPhigh , is a clear indication that
marker position A2 incorporates the subarachnoid space. This makes it very likely
that marker position A2 corresponds to the outer edge of the subarachnoid space
which appears as the hyperechoic striped bands. Consequently, marker placements
as described in Method A1 and B both correspond to the outer edges of the dura
mater.
Placing the markers at the positions of Method A2 and B yields similar ONSD
values, and both methods are found to be equally sensitive to changes in ICP. In
clinical practice, it does therefore not matter whether either ultrasound images with
hyperechoic bands in combination with Method A2, or ultrasound images without
hyperechoic bands in combination with Method B, are used for ONSD assessment.

2.4.3

Limitations

One limitation of our study is that we did not consider the methodological descriptions of ultrasound marker placement, but only focused on the exemplary
ultrasound images. The primary reason for this constraint was that researchers often
provide a description of the ultrasound marker placement that is inconclusive or
cite (multiple) other studies in which the methodological approach is inconclusive,
making it impossible to categorize the methodology that was actually used based
on their description. This observation further highlights our conclusions regarding
the urgent need for ONSD standardization and improved documentation.
Another limitation is that, although articles were categorized based on their reported exemplary ultrasound image, ONSD assessment might have been performed
differently. Moreover, in some cases it was hard to differentiate whether ultrasound
marker placement was at position A1 or A2 because the dark lines between hyperechoic striped bands and hyperechoic retrobulbar fat were often very narrow.
Because only 63 articles could be included for our analysis, we had limited number
of ONSD values for each of the four groups.
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Recommendations

Our results showed not only a large variety in ONSD assessment methodology, but
also that ONSD values depend on the methodologies used. This variety in measurement approaches could be an explanation for the discrepancies in the threshold
values for elevated ICP reported in literature. Based on our findings we provide the
following crucial instructions for reliable and apparent ONSD measurements:
• 1) Place ultrasound markers at the outer edges of the hyperechoic striped
bands or at the transitions from the single dark region to the hyperechoic
retrobulbar fat.
• 2) Use the papilla as a reference point for the 3 mm depth assessment.
• 3) Mechanical Index (MI) has to be kept at values smaller than or equal to 0.3
to ensure patient safety. The TI index, on the contrary is not relevant for this
examination.
• 4) Although adequate ONSD measurements can be performed with almost
any linear transducer available, we suggest the usage of linear transducers
with the highest possible frequency to optimize resolution.

2.5 Conclusion
In this study, we performed a literature review on ONSD methodologies and examined their effect on ONSD values. We found discrepancies in ultrasound machine
settings, characteristic appearances of ultrasound images, structural interpretation of these images, and ultrasound marker placement. More importantly, our
results showed that ONSD values depend on the methodologies used. Based on our
findings we propose a set of recommendations for ultrasound imaging of the optic
nerve sheath, choice of anatomical landmark used to determine ONSD assessment
depth, as well as choice of marker positions that annotate the optic nerve sheath.
These recommendations will decrease the variation in ONSD values due to assessment discrepancies and possibly improve the accuracy of non-invasive bedside ICP
monitoring.
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Abstract
The optic nerve sheath diameter (ONSD) is a promising surrogate marker for the
detection of raised intracranial pressure (ICP). However, inconsistencies in manual
ONSD assessment, such as ultrasound marker placement, are thought to affect
ONSD and the corresponding ONSD cut-off values for the diagnosis of eleveated
ICP, hereby hampering the full potential of ONSD in clinical practice. In this study,
we developed an algorithm capable of estimating the ONSD automatically from Bmode ultrasound images at multiple depths. The algorithm uses intensity invariant
asymmetry features to make an initial estimate of the borders of the sheath and
subsequently applies an active contour to optimize the delineation of the sheath
borders.
To evaluate the performance of the algorithm the outcomes were validated against
manual ONSD measurements of two human experts. Each expert analyzed the
images twice (M1 and M2) in unknown order. The algorithm proved capable of
segmenting the ONSD in 39/42 images, hereby showing mean differences of -0.08
2
± 0.45 mm and -0.05 ± 0.41 mm compared to the averaged ONSD values ( M 1+M
)
2
of respectively, Operator 1 and Operator 2, whereas the mean difference between
the two experts was 0.03 ± 0.26 mm.
Moreover, differences between algorithm-derived and expert-derived ONSD values
were found to be much smaller than the 1 mm difference that is expected between
patients with normal and elevated ICP[1–3]. It is therefore likely that our algorithm
can distinguish between patients with normal and elevated ICP. The presented
algorithm eliminates both the inter- and intraobserver variability associated with
manual ONSD assessment because the algorithm has no intrinsic assessment variability. Therefore, our automated ONSD assessment has the potential to improve
the accuracy of ONSD as a surrogate marker for elevated ICP. However, future
research should be carried out to validate if the algorithm-derived ONSD values
do indeed correlate better with ICP and result in more accurate non-invasive ICP
predictions.
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3.1 Introduction
optic nerve sheath diameter (ONSD) is a promising surrogate marker for
non-invasive estimation of intracranial pressure (ICP)[4–7] and is therefore
often measured in clinical practice. The ONSD is manually assessed from
ultrasound B-mode images, mostly at a depth of 3 mm from the papilla because that
region is assumed to be most sensitive to changes in ICP[8]. Although the intraand interobserver variability in ONSD estimation can be low within individual
studies[9, 10], ONSD cut-off values for the diagnosis of elevated ICP (>15 mmHg)
vary between studies[11–13]. A possible explanation could be the discrepancies in
ONSD assessment methodologies between different centers[13, 14] and the lack of
agreement on the echoic behavior of the different layers of the optic nerve sheath
(see Chapter 2). Although ONSD assessment might be improved by standardization
according to respective guidelines, the ONSD values would still be dependent on
the compliance of the operator. Differences in manual ONSD measurements might
be overcome by constructing an automated framework for ONSD assessment.
Automated approaches on ONSD segmentation from ultrasound images have
already been reported in literature[15–17]. In contrast to Gerber et al. [15] and
Soroushmehr et al. [16], Meiburger et al. [17] developed an algorithm that was able
to segment the outlines of both the optic nerve and the optic nerve sheath instead of
determining only a single ONSD value at a depth of 3 mm. Derivation of the ONSD
at a wide range of depths allows investigation of the sensitivity of ONSD to changes
in ICP at multiple depths, which might lead to new insights. The intraobserver
variability of the algorithm was zero while the interobserver variability between the
algorithm and manual expert measurements was comparable to the interobserver
variability between experts reported in literature.
Although the approach by Meiburger et al. [17] is promising, we observed that our
ocular ultrasound images displayed a less clear distinction between the hyperechoic
bands and the retrobulbar fat in 37/42 images. Hence, detecting the outline of the
hyperechoic bands using intensity thresholds as proposed by Meiburger et al. [17]
would be difficult in our images.
In this study we therefore developed and evaluated an automatic ONSD algorithm
that is hypothesized to be less sensitive to such differences in intensities.

T

3.2 Materials and Methods
3.2.1

Image acquisition and patient data

A total of 42 B-mode transocular ultrasound images were acquired from 26 comatose patients suffering from traumatic brain injury or subarachnoid hemorrhage
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who were admitted to the intensive care unit of the Maastricht University Medical
Center (Maastricht, the Netherlands). The study was approved by the local ethical
committee (METC 16-04-243) and written informed consent was obtained for all
participants. Images were acquired with a Philips iU22 ultrasound device (Eindhoven, The Netherlands) and a 17-5 MHz linear transducer by two investigators who
had practised on at least 20 subjects. Measurements were performed on both eyes
(if possible) by placing the transducer horizontally on the closed eyelid with the
patient in supine position and the head tilted at an angle of 20-30o . The transducer
angle was adjusted to find the best possible image of the optic nerve, i.e. the optic
nerve in a vertical orientation with the hyperechoic bands visible on both sides of
the nerve. To prevent tissue damage the mechanical index (MI) was always kept
lower than 0.3. Finally, the images were exported from the ultrasound machine to a
computer for offline assessment.

3.2.2

Automated algorithm

The algorithm was developed in Matlab(R2018a, The MathWorks, Inc., Natick,
Massachusetts, United States) and consists of six consecutive steps:
• Step 1: Automatic cropping
• Step 2: Image enhancement
• Step 3: Feature extraction
• Step 4: Initial fat and sheath detection
• Step 5: Segmentation of the outline using an active contour
• Step 6: Optic nerve sheath diameter calculation
Step 1: Automatic cropping
To facilitate automatic seedpoint selection later on, the region containing the optic
nerve (ON) and its sheath was localized and extracted from the original B-mode
image. Hereto, the image was made black and white using a threshold of 0.26 [-]
(Figure 3.1A-B). Next, the distal part of the globe and the corresponding retrobulbar
structures were extracted by searching for the boundaries of the largest object
within this image. This was done by locating the first and last white pixel for each
row and column within the image (Figure 3.1B). Next, an estimation of the ON
location was made by searching for the vertical B-mode intensity line with the
most black pixels. Thereafter, the nerve midpoint, i.e. the intersect between this
intensity line and the retina, was determined. Subsequently, the image was cropped,
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Figure 3.1: The several steps taken to automatically select and enhance the region that contains the
optic nerve and its sheath from the B-mode ultrasound image: A) Original B-mode ultrasound image,
B) Detection of the outline of the retrobulbar structures used for the initial image crop, C) Detection of
the optic nerve midpoint, i.e. crossing of the nerve midline and the retina (white arrow). Next the image
is cropped using a width of 12 mm and a depth of 10 mm around the nerve midpoint, D) Full retina
detection and fitting of a second order polynomial (white line), E) Bandpass filtering of the cropped
image, F) image enhancement of the bandpass filtered image.

first in the x-direction using an arbitrary chosen width of 12 mm around the ON
location, and then in the y-direction using a height corresponding to a depth of
10 mm from the retina (Figure 3.1C). Next, the pixels corresponding to the retina
were detected by a search for the first white pixel within each of the vertical B-mode
intensity lines followed by the fitting of a second degree polynomial curve through
these points (Figure 3.1D).
Step 2: Image enhancement
In high quality images the hyperechoic bands are separated from the hyperechoic
retrobulbar fat by a thin dark line. In practice this dark line is not always clearly
visible causing the hyperechoic bands and retrobulbar fat to blend into each other
which hampers accurate detection of the outer border of the hyperechoic striped
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bands. Therefore, we first enhanced the image to increase the contrast between
these two structures. Hereto, we applied a 2D Butterworth bandpass filter with
cut-off frequencies of 5 and 10 Hz, respectively (Figure 3.1E). Subsequently, the
image was sharpened by the subtraction of a Gaussian blurred image (µ = 0 and
σ = 20 pixels) from the bandpass filtered image (Figure 3.1F).
Step 3: Feature extraction
Despite image enhancement, segmentation of structures in ultrasound images can
still be difficult due to, for example, differences in intensities or the presence of
speckle or artefacts[18]. To overcome this intensity dependency we chose to detect
the borders of the structures of interest by using asymmetry features calculated
from the monogenic signal of the image (see Appendix 3.A). The monogenic signal is a transformation of the original image into three new images that can be
used to calculate the local phase and amplitude and which, on their turn, can be
used to derive several useful features, e.g. asymmetry or local phase congruency.
Especially, the asymmetry features are useful for edge detection. To specify the
scale (wavelengths λ in pixels) of the detected asymmetry features, we incorporated a bandpass filter in the calculation of the monogenic signal. This can be very
useful to distinguish between clinically relevant image structures and image structures caused by artefacts[18, 19]. As bandpass filter we chose the (even) log-Gabor
filter[18–20]:
2 !
log |ω|
ω0
Ge (ω) = exp −
,
(3.1)
2(log(σ0 ))2
where | · | denotes the L2 -norm and ω = (ωx , ωy )T are the frequencies in the
2D frequency domain of the image in respectively, the image directions x and y.
Moreover, ω0 is the center frequency of the bandpass filter and σ0 is the shape
parameter that controls the width of the filter. The derived monogenic signal fm (x)
can be written as a combination of one even image and two odd images:



fe (x)
fm (x) = fox (x) ,
foy (x)

(3.2)

with
x = (x, y)T the

 pixel coordinates of the image. The two different odd parts
fox (x) and foy (x) show changes within the image that have wavelengths close to
2π
λ0 = ω
in respectively, the x- and y-direction of the image.
0
The direction of asymmetry around an edge, i.e. whether the image feature changes
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from low to high or from high to low, allows us to distinguish between the borders
of the fat and the borders of the hyperechoic bands (Figure 3.2). Therefore, we
used the Kovesi’s signed feature asymmetry which takes into account the direction
of asymmetry. Kovesi’s signed feature asymmetry R̂(x), has values between -1 and
+1. Values close to -1 or 1 correspond to ”changes” that are respectively, troughs or
peaks. The asymmetry feature can be calculated as follows[20]:
R̂j (x) =

X b| fo,λ (x) | − | fe,λ (x) | −T c foj ,λi (x)
i
i
.
A
(x)
+

| fo,λi (x) |
λ
i
i

(3.3)

3

Here, j denotes either the first or second odd image in respectively, the x- or ydirection, λi is the set of wavelengths used to calculate the monogenic signal, and T
is a threshold that determines the sensitivity which was set to 0.18[20]. In addition,
b·c is a shorthand indicating that values smaller than zero are set to zero, and  is a
positive small number that prevents division by zero. Moreover, the term fo (x) is
the combined odd component given by:
q
fo,λi (x) = fox ,λi (x)2 + foy ,λi (x)2 ,
(3.4)
and, Aλi (x) is the amplitude of the combined odd component and the even component:
q
Aλi (x) =

fe,λi (x)2 + fo,λi (x)2 .

(3.5)

Step 4: Initial fat and sheath detection
The next step was the detection of the external outlines of the hyperechoic striped
bands and the internal outline of the hyperechoic retrobulbar fat. First of all,
the signed asymmetry features in both the x- and y-direction were derived from
the monogenic signal calculated from the enhanced B-mode images using λi =
12i , i = 0, 1, ..., 6 mm and σ0 = 0.35. An example of the x-directed signed asymmetry
features for one of our images can be seen in Figure 3.2A.
As can be seen in Figure 3.2A, the left border of the hyperechoic band is a peak
(white = positive) whereas the left border of the fat is a trough (black = negative).
Secondly, initial points corresponding to the outline of the retrobulbar fat and
sheath were located. Hereto, we performed a row-wise search starting from the
middle of the image, i.e. the vertical midline of the optic nerve, towards the left side
of the image and annotated the first peak after a trough as sheath and the second
trough in each row as fat (Figure 3.2B and C). Subsequently, we removed possible
outliers by detecting and removing points that deviated more than three standard
deviations from the median. The right side edges of the hyperechoic band and fat
were detected in the same way but taking into account the change of sign.
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A

B

C

D

Figure 3.2: Panel A: Signed asymmetry features of the enhanced cropped image. The borders corresponding to the retrobulbar fat are denoted with white solid arrows. The borders corresponding to the
hyperechoic bands are indicated by the dotted arrows. Note the differences in sign (white = positive and
dark = negative) of the left and right edges. Panel B and C : Detection of the edges corresponding to the
border of respectively, the retrobulbar fat and the hyperechoic bands. Yellow points denote the found
edges, whereas pink points are points that are discarded because they are deemed to be outliers. Panel
D: Detection of the edge corresponding to the ”dome” of the nerve (white arrow). The white dotted line
denotes the vertical midline of the optic nerve.

To obtain a better estimation of the sheath outline at the top of the nerve we also
wanted to segment the ”dome of the nerve” in the next stage. Hereto, we determined
a point located at the edge of the dome by finding the crossing of the nerve midline
with the first trough found from the retina down on the y-directed signed asymmetry
image (see Figure 3.2D).
Step 5: Segmentation
To obtain a better estimate of the edges and to allow detection of the borders on
locations where no initial outline was found, we evolved a contour C along the
edges of interest. We used the localized active contour as described by Lankton
et al. [21] and implemented in MATLAB by Pang [22], hereby using the annotated
points from the previous step as initialization for the contour. Optimization of the
active contour was done by minimizing the ”energy” of the active contour. In its
general form the ”energy” of the active contour is given by:
Z
Econtour (C) =

Z
Fimage (x)dx +

Ωx

1


αFpenalty x(~s) ds.

(3.6)

0

Here C is a closed contour defined as the zero-level set of the signed distance
function φ, i.e. C = {x | φ(x) = 0} with x = (~x, ~y )T the set of all pixel coordinates
of the image I given by the domain Ωx , and ~s are the parametrized points on
the contour. Moreover, Fimage (x) is the ”force”
of the image which ”pulls” the

contour towards the edges, and Fpenalty (x ~s) is a penalty function that governs the
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smoothness of the contour with its scaling factor α. As image force the Chan-Vese
energy[23] is used, which is given by:
Z
Z
2
2
Fimage (x) =
I(x) − µin dx +
I(x) − µout dx.
(3.7)
Ωi

Ωo

Here Ωi and Ωo are all the pixels that lie respectively, in- and outside of the contour,
i.e. the local interior and exterior. The parameters µin and µout are the expected
(mean) values of the pixels on the domains Ωi and Ωo (see Figure 3.3). Following
Lankton et al. [21], the arc length was used as a penalty function. Finally, the image
force was localized using a mask B(~x, y) so the evolution of the contour is only
influenced by local information:
Z

Z

Z

1

|| ∇x(~s) || ds,

B(~x, y) Fimage (y) dydx + α

Econtour (C) =
Ωx

Ωy

(3.8)

0

where B(~x, y) is a circle with radius r around point ~x, and y is a second set of pixel
coordinates that lie within the domain Ωy of the mask.

Local
Exterior Ωe

B(x,y)
domain Ωy
point x
Local
Interior Ωi
Contour C
φ(x) = 0

Interior of C
φ(x) < 0
Exterior of C
φ(x) > 0

Figure 3.3: Schematic drawing of the different components used to derive the forces that determine the
movement of the contour. Image adopted from[21].

3

44 | C

3

Figure 3.4: An example showing the snake evolution segmenting the border corresponding to the
retrobulbar fat (left), the sheath (middle), and the ”dome” of the nerve (right).

Using the energy function described above, the sheath, fat, and dome were
segmented using the following parameters: the penalty constant α was set to 0.05
for the sheath and fat, and to 0.3 for the dome segmentation. The radius of the
mask was set to 20 pixels for all three segmentations. To control the computational
time of the gradient-descent method used to minimize the energy of the contour
the maximum number of iterations were set to 100, 400, and 150 for respectively,
sheath, fat, and dome. An example of the segmentations is shown in Figure 3.4.
Step 6: ONSD calculation
After the five contours, i.e. left and right fat, left and right sheath, and the dome, were
evolved, an initial outline of the optic nerve and the sheath was determined. Hereto,
the inner edges of the left and right fat segmentation and the outer edges of the
left and right sheath segmentation were localized at multiple depths perpendicular
to the nerve midline. When no sheath outline was found at a given depth, the fat
outline at that depth was used instead. In addition, the superior edge of the dome
contour was detected by a search in the vertical direction. Finally, all outline points
were combined into one curve and smoothed with a smoothing spline (smoothn
function in Matlab with a high smoothing parameter). Finally, the ONSD was
calculated at multiple depths by taking the distance between the left and right
outline (see Figure 3.5).
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Depth [mm]

D

3

ONSD [mm]

Figure 3.5: Final delineation of the optic nerve and its sheath (left). The corresponding ONSD as
function of the depth (right).

3.2.3

Assessment of algorithm performance

To assess the quality of the automated ONSD algorithm, we compared the automatic algorithm-derived ONSD values with ONSD values from manual assessments
performed by two human experts (Operator 1 and Operator 2). Manual assessments
by the experts were performed in Matlab using an in-house developed framework.
This framework was built such that it resembled ONSD segmentation on a real
ultrasound scanner as closely as possible. First, an ultrasound marker had to be
placed at the retina in line with the optic nerve. Subsequently, a second marker
appeared which needed to be dragged down in order to determine the depth of
3 mm. Next, two new markers appeared which had to be dragged towards the
anatomical landmarks that were assumed to correspond with the outline of the
optic nerve sheath. Upon confirmation, the Euclidean distance between the two
markers was saved as the corresponding ONSD value.
Both experts analyzed the 42 ultrasound images twice in unknown order while
blinded to any patient information.
First of all, we assessed the intraobserver variability, i.e. the agreement between
ONSD values obtained when the same image is analyzed twice by the same rater, for
each expert and for the automated algorithm. Hereto, we calculated the coefficient
of determination (R2 ) for the linear regression model y = x where x and y represent respectively, the first and second measurement (M1 and M2). In addition, we
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determined the mean difference and limits of agreement using Bland-Altman plots.
Logically, the intraobserver variability of the algorithm is zero as the algorithm
yields the same ONSD value every time the same image is analyzed.
Secondly, we examined the interobserver variability, i.e. the agreement between
ONSD values obtained when the same image is analyzed by two different raters,
between the experts and the algorithm, and between the experts themselves. However, two different analyses were carried out. In the first analysis we calculated the
mean of the two repeated manual ONSD assessments for each expert (mOp1 and
mOp2) and compared these values between the two experts (mOp1 - mOp2) and
with the ONSD values derived by the algorithm (mOp1 - A and mOp2 - A). In the
second analysis we only considered the first measurement of the operators (Op1 and
Op2) to evaluate the effect of repeated measurements and to enable comparison
with reported results in literature that were based on single measurements. Similarly as for the intraobserver variability, linear regression models y = x were made
for each analysis, i.e. for the comparisons between Operator 1 and the algorithm,
Operator 2 and the algorithm, and Operator 1 and Operator 2. Subsequently, the
corresponding coefficients of determination were calculated. Moreover, the corresponding mean difference and limits of agreement were derived from Bland-Altman
plots. Finally, we investigated if the mean ONSD values of the Algorithm, Operator
1, and Operator 2 were statistically different, hereby using the Wilcoxon signed rank
test because the data was not normally distributed.

3.3 Results
Accurate segmentation of the B-mode ultrasound images was possible in 39 out
of the 42 images, resulting in a success-rate of almost 93 %. In two images the
segmentation clearly failed because of a dark image artefact just below the retina
that masked the true outline of the hyperechoic band and retrobulbar fat on one
side, whereas in another image the physical orientation of the optic nerve deviated
largely from the vertical midline assumed in our algorithm resulting in a very large
ONSD value. These three images were excluded from further analysis.
The means and standard deviations of the ONSD calculated over all the images
are given in Table 3.1. Although the mean ONSD value of the algorithm is slightly
higher than the ONSD values derived by the experts, these differences were found
to be non-significant.
The Bland-Altman plots used to analyze the interobserver variabilities between the
averaged repeated ONSD measurements of Operator 1 (mOp1), Operator 2 (mOp2),
and the ONSD values obtained with the algorithm (A) are given in Figure 3.7 and
in Table 3.2. The ONSD values determined by the automatic algorithm were on
average slightly higher than the manually-derived values, i.e. mean differences of
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Table 3.1: The mean and standard deviation of the ONSD values [mm] calculated over all the images.

ONSD
First Measurements
Second Measurements
Averaged Measurements

Algorithm
5.42 ± 0.54

Operator 1
5.30 ± 0.4
5.38 ± 0.54
5.34 ± 0.47

Operator 2
5.40 ± 0.46
5.34 ± 0.5
5.37 ± 0.45

No significant differences (p >0.05) were found between the algorithm and the experts using the
Wilcoxon signed rank test.

-0.08 ± 0.45 mm and -0.05 ± 0.41 mm when compared with the averaged manual
expert assessments of respectively, Operator 1 and Operator 2. In comparison,
Operator 1 showed a mean difference of -0.03 ± 0.26 mm with respect to Operator
2. In addition, the corresponding R2 -values are 0.37, 0.44, and 0.71 for respectively,
Operator 1 vs Algorithm, Operator 2 vs Algorithm, and Operator 1 vs Operator 2.
The interobserver variabilities of the comparison between the first measurement
of Operator 1 (Op1), Operator 2 (Op2), and the algorithm (A) are also given in
Table 3.2. Comparing only the first manual measurements slightly increased the
interobserver variabilities between the observers and the algorithm to -0.12 ± 0.47
mm and -0.02 ± 0.41 mm for respectively, Operator 1 and Operator 2, whereas the
difference between the experts increased to -0.1 ± 0.30 mm.
The intraobserver variabilities of Operator 1 and Operator 2 are shown in Figure 3.6.
The first measurements of Operator 1 showed a mean difference of -0.08 ± 0.33
mm compared to the second measurements. In addition, the first measurements of
Operator 2 showed a mean difference of 0.06 ± 0.30 mm compared to the second
measurements. The corresponding R2 -values were 0.63 for Operator 1, and 0.65 for
Operator 2. Obviously, the algorithm has no intraobserver variability because the
algorithm yields exactly the same ONSD value when the same image is analyzed
twice.

3.4 Discussion
3.4.1

Major Findings

In this study we developed an algorithm that allows for automatic optic nerve sheath
diameter (ONSD) assessment from B-mode ultrasound images. Using asymmetry
features we were able to segment the ONSD at a range of depths in 93 % of the
images in which the sheath outline was often poorly visible.
To validate the ONSD values obtained with the algorithm, these values were compared to manual ONSD assessements performed by two experts. The intraobserver
variability of both our operators (0.33 mm and 0.30 mm) was only a bit larger than
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the ones reported by Bäuerle et al. [9] (0.22 mm) and the R2 of both operators was
comparable to the values reported by Bäuerle et al. [9, 24], indicating representative
expert assessments.
Mean ONSD derived by the algorithm was slightly higher than the mean ONSD
values derived by the experts, however, these differences were not statistically significant, indicating that the algorithm-derived ONSD values were physiological.
The interobserver variabilities obtained in our study and the ones found in literature are given in Table 3.2. Overall, the interobserver variabilities between the two
experts found in this study are comparable with values reported in literature. The
interobserver variabilities between the experts and the algorithm are a bit larger
than our interobserver variabilities between the two experts, however, similarly
as Meiburger et al. [17], the difference between expert-derived ONSD values and
algorithm-derived ONSD values is much smaller than the 1 mm differences in ONSD
values between patients with normal and elevated ICP reported in literature[1–3].
This makes it likely that our algorithm can stratify between patients with elevated
ICP and patients with normal ICP. Therefore, our algorithm can play an important
role in improving the ONSD cut-off values for the detection of elevated ICP.
Compared to the algorithm presented by Meiburger et al. [17] we found a slightly
smaller interobserver variability between the ONSD values derived with the algorithm and the expert ONSD values, whereas the R2 s of the linear regression
between our algorithm and experts were comparable to the values reported by

Operator 2

0.57

-0.08

-0.73

ONSD Average [mm]: (M1 + M2)/2

ONSD Difference [mm]: (M1 - M2)

ONSD Difference [mm]: (M1 - M2)

Operator 1

0.65

0.06

-0.53

ONSD Average [mm]: (M1 + M2)/2

Figure 3.6: Bland-Altman plots comparing the two measurements of the optic nerve sheath diameter
(M1 and M2) for Operator 1 (left) and Operator 2 (right). Solid lines depict the mean of the differences,
dashed lines denote the limit of agreement.
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Meiburger et al. [17]. Similarly as Meiburger et al. [17] our approach allows segmentation of the outline of the optic nerve sheath when the hyperechoic bands
are non-continuous, i.e. not visible on every depth. In contrast to Meiburger et al.
[17], our intensity invariant features enable us to also segment the outline of the
optic nerve sheath when the thin dark line separating the retrobulbar fat and the
hyperechoic bands is poorly visible, i.e. the retrobulbar fat and hyperechoic bands
blend into each other.

3
Operator 2 vs Algorithm

0.81

-0.08

-0.96

ONSD Average [mm]: (Algorithm + mOp1)/2

ONSD Difference [mm]: (Algorithm - mOp2)

ONSD Difference [mm]: (Algorithm - mOp1)

Operator 1 vs Algorithm

0.76

-0.05

-0.86

ONSD Average [mm]: (Algorithm + mOp2)/2

ONSD Difference [mm]: (mOp1 - mOp2)

Operator 1 vs Operator 2

0.48

-0.03

-0.54

ONSD Average [mm]: (mOp1 + mOp2)/2

Figure 3.7: Top row: Bland-Altman plots comparing the mean of the two manual assessments by
Operator 1 with the automatic measurement (top left), the mean of the two manual assessments by
Operator 2 with the automatic measurement (top right), and the mean of the two manual assessments
by Operator 1 with the mean of the two manual assessments by Operator 2 (bottom). Solid lines depict
the mean of the differences, dashed lines denote the limits of agreement.
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Table 3.2: Overview of the interobserver variability found in literature and the values obtained in the
current study.

Interobserver variability
Author
Lochner et al. [10]
Bäuerle et al. [24]
Bäuerle et al. [9]
Meiburger et al. [17]

Our work

Comparison
Op1 - Op2 (L)
Op1 - Op2 (R)
Op1 - Op2
Op1 - Op2 (L)
Op1 - Op2 (R)
Op1 - Op2
Op1 - A
Op2 - A
mOp1 - mOp2
mOp1 - A
mOp2 - A
Op1 - Op2
Op1 - A
Op2 - A

Bias
0.08
0.09
0.25
0.10
0.04
0.44∗
0.06
-0.38
-0.03
-0.08
-0.05
-0.10
-0.12
-0.02

SD
0.28
0.40
0.51
0.38
0.37
0.52
0.52
0.55
0.26
0.45
0.41
0.30
0.47
0.41

0.48
0.71
1.25
0.84
0.77
1.46
1.07
0.69
0.48
0.81
0.76
0.48
0.81
0.78

LOA
-0.64
-0.90
-0.75
-0.64
-0.69
-0.58
-0.95
-1.44
-0.54
-0.96
-0.86
-0.67
-1.04
-0.82

R2
0.67
0.66
0.71
0.42
0.41
0.37
0.71
0.37
0.44
0.63
0.31
0.46

L and R denote a comparison for the ONSD values of respectively, the L and R eye only, and LOA are
the limits of agreement. In addition, mOp denotes that the repeated ONSD measurements performed
on the images by the Operator are averaged whereas Op denotes that only the first manual ONSD
measurement of the operator is considered. Furthermore, the letter A stands for Algorithm.
* The large bias is most likely caused because Op1 was experienced whereas Op2 was less experienced.

The comparison between single and repeated ONSD measurements shows that
ONSD measurements performed by two observers deviate more from each other
when these ONSD values are obtained using non-repeated measurements. In
line with this observation, most studies calculate the mean of multiple ONSD
measurements which increases the time it takes to perform manual ONSD measurements[17]. Similarly as the algorithm of Meiburger et al. [17], our algorithm
has no intrinsic variability and therefore one singular measurement is sufficient
to obtain an accurate ONSD value. This does not only reduce the time it takes to
perform ONSD assessments but also overcomes the variation within the ONSD
values due to intra- and interobserver variabilites associated with manual ONSD
assessment.
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Limitations and Future work

Our study has a few limitations. Most important is the fact that we did not investigate if our algorithm indeed leads to a more accurate detection of elevated ICP.
Although our algorithm eliminates the intra- and interobserver variabilities present
within the manually-derived ONSD values, automated ONSD assessment might
not be enough to obtain accurate ONSD cut-off values for the detection of elevated
ICP because the inconsistencies in manual delineation of the optic nerve sheath
only represent part of the methodological differences reported in literature[13, 14,
25, 26]. Also differences in image acquisition, such as the ultrasound machine, the
ultrasound transducer, and the experience of the operator can have an impact on
the ONSD values. In order to obtain more accurate ONSD values it is therefore
necessary to not only utilize automatic segmentation algorithms, but also to standardize the transocular ultrasound acquisition[14, 17].
It would also be of interest to evaluate our automated algorithm in multiple clinical
centres because images from different centres might contain image characteristics
for which the algorithm is not developed and this could hamper the algorithm’s
performance.
Moreover, for now we assumed the nerve midline to be vertically oriented. Though
the optic nerve was orientated approximately vertical in most of our ultrasound
images, it would be more accurate to calculate the ONSD using a correctly angled
optic nerve midline. This would also allow us to obtain correct ONSD values from
images with a very tilted optic nerve, such as the image we now excluded. This will
probably further improve the agreement with the expert ONSD values.
In contrast to Meiburger et al. [17] we did not segment the diameter of the optic
nerve (OND) itself. Although the OND can be useful for the diagnosis of neurological disorders, we focused on the segmentation of the ONSD. Nevertheless,
assessment of the OND can easily be incorporated in our algorithm by finding the
first negative peak from the midline in our asymmetry images.
Another limitation is that the automatic segmentation failed in two images because
a dark image artifact below the retina obscured the outline of the hyperechoic band
and the retrobulbar fat. Where, in such cases, the human brain is able to approximate the edges of the hyperechoic bands by extrapolating information obtained
in regions where this distinction is visible into regions where this distinction is
not clear, the algorithm is not able to correctly estimate these edges. However,
these manual approximations are also subject to inter- and intraobserver variability.
Although our algorithm should be improved to allow more accurate extrapolation
in such images, mimicking the extrapolation capabilities of the human brain is not
easy. To circumvent the difficult task of identifying and implementing the ”rules”
for proper extrapolation, one could use machine-learning. Machine-learning has
great potential for the segmentation of ONSD from ultrasound images, however,
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the performance of such algorithms is highly dependent on the quality and number
of images used to train the machine-learning algorithm[27].
Besides that our algorithm removes the intra- and interobserver variability present
in ONSD values due to manual assessment, it might also be used to improve the
sensitivity of ONSD to changes in ICP. Because our algorithm yields ONSD values
not only at the conventionally used 3 mm but also at a wide range of other depths,
it allows us to investigate the sensitivity of ONSD to changes in ICP at multiple
depths. This might give answer to the question if ONSD assessment at 3 mm is the
best practice in all patients[28, 29]. Moreover, the automatic analysis can be used
to extend the ICP-ONSD relation by investigating new metrics related to the optic
nerve sheath or by combining it with other methods, such as the assessment of the
optic nerve sheath pulsatility[30] determined by tracking the optic nerve sheath
over multiple frames of a B-mode image.

3.5 Conclusion
In this study, we developed an automated optic nerve sheath diameter algorithm
to estimate the ONSD from B-mode ultrasound images. Using intensity invariant
asymmetry features followed by an active contour segmentation we were able to
segment the optic nerve sheath diameter successfully in 39 of the 42 images. The
ONSD derived with the algorithm showed good agreement with manual expert
assessments. Moreover, the differences between the automatically- and manuallyderived ONSD values were within the ranges of interobserver variabilities reported
in literature. Because the algorithm has no intrinsic variability it eliminates the
intra- and interobserver variabilities in ONSD values associated with manual ONSD
assessment. Therefore, we believe that our algorithm can be used to derive more
accurate ONSD cut-off values for the detection of elevated ICP.

D

A

ONSD A

| 53

Appendix
3.A Monogenic signal
The local phase and corresponding asymmetry features can be derived from the
monogenic signal, which is the extension of the analytic signal to the 2D domain.
To get a conceptual idea of the steps involved in the calculation of the monogenic
signal we will first explain the analytic signal. For this, we based ourselves on the
elaboration as presented by Bridge [20] because it offers a clear conceptually understanding of the analytic and monogenic signal without going too deep into the
mathematics involved.

Analytic signal
Let us assume we have a real-valued time signal f (t) and let F (ω) be its amplitude
density spectrum in the frequency domain obtained by the forward Fourier transformation. Now we introduce the analytical signal Fa by combining the Fourier
spectrum F (ω) with its Hilbert transform Fh (ω):
Fa (ω) = F (ω) + iFh (ω)


= F (ω) + i − isgn(ω)F (ω)


= 1 + sgn(ω) F (ω),
with


ω>0
 1,
−1, ω < 0
sgn(ω) =

0,
ω = 0,

(3.9)

(3.10)
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Amplitude A

Original Fourier spectrum
F(ω)

-

Hilbert Transform spectrum
sgn(ω)F(ω)

-

Frequency ω

Analytic Signal spectrum
Fa(ω)

-

Frequency ω

Frequency ω

Figure 3.8: A schematic drawing of the construction of the 1D analytic signal. Left: The original Fourier
spectrum. Middle: The Hilbert transform of the Fourier spectrum. Right: The analytic signal obtained
by summing the original and the Hilbert spectrum.

This construction of the analytic signal can be seen as removing the negative frequencies of the Fourier amplitude density spectrum (see Figure 3.8). Although we
constructed the analytic signal in the frequency domain, it is also possible to express
the analytic signal in the time-domain: fa (t) = f (t) + ifh (t) with fh (t) = H(f (t)),
where H is the Hilbert transform. Moreover, we can switch between Fa (ω) and
fa (t) using the inverse Fourier transform or the Fourier transform.
To control the frequencies that are included in the calculation of the monogenic
signal, we add a bandpass filter operation to Equation 3.9:
Fa (ω) = (1 + sgn(ω))G(ω)F (ω).

(3.11)

A popular bandpass filter is the log-Gabor function (see Figure 3.9) because it
can be constructed with arbitrary width while still maintaining a zero-gain at ω = 0
rad/s (the DC component)[18–20]. The log-Gabor filter is given by:
2 !
log |ω|
ω0
G(ω) = exp −
.
(3.12)
2(log(σ0 ))2
Here, | · | is the L2 -norm, ω0 is the center frequency that effects the scale of the
features that are detected within the signal, and σ0 the shape parameter that controls
the bandwidth of the filter.
From Equation
 3.11 it becomes clear that filtering our image with the log-Gabor filter
G(ω)F (ω) and then calculating the analytic signal of this part multiplication
with (1+sgn(ω)) is mathematically equivalent to first deriving the analytic response
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-

Frequency ω

Time t

Figure 3.9: Left: an example of a Log-Gabor filter in the frequency domain. Right: Schematic representation of the analtic filter response of a log-Gabor filter in the time domain. The solid line denotes
the (even) symmetric response (f (t)), whereas the dashed lines denotes the (odd) symmetric response
(fh (t)). Note the shift of π/2 to the right of the odd filter with respect to the even filter.



of the filter 1+sgn(ω) G(ω) and
 then applying this ”analytic filter” to our original
image multiplication with F (ω) . We apply the second method as it allows for a
more intuitive explanation of the filter responses.
Transforming the ”analytic filter” that is defined in the frequency domain back
to the time-domain, gives a complex-valued signal that consists of two parts (see
Figure 3.9). These two parts of the ”analytic filter” have some interesting properties.
As we convolute these filters over a signal that contains a peak or trough, the
symmetric filter (real part) will give a response that is positive on the left side of
the peak, maximum exactly on the peak, and positive on the right side of the peak,
resulting in a net response that is positive. The asymmetric filter, on the other hand,
has a response that is negative on the left side of the peak, zero on the peak, and
positive on the right side of the peak, resulting in a net value close to zero. The
relation between these two filter responses can be captured in the local amplitude
and local phase of the signal:
p
A(t) = f (t)2 + fh (t)2 ,
(3.13)


fh (t)
φ(t) = arctan
,
f (t)

(3.14)

Especially the local phase can be useful in our application because it incorporates
the two different responses of the ”analytic filter” and can therefore be used to
detect edge-like structures in an image.
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Monogenic signal
Now lets extend the analytic signal to 2D and apply it to images. Hereto, we use the
monogenic signal, a generalisation of the analytic signal derived by Felsberg et al.
[31]. Lets assume we have an image f(x) with x = (x, y)T the coordinates of the pixels
and F (ω) being its representation in the frequency-domain, where ω = (ωx , ωy )T
are the frequencies in the two image directions. The first step is the calculation of
the analytical filter. Hereto, we need to calculate the odd part of the filter. However,
because we our now in 2D instead of 1D, we need to calculate two odd parts, i.e. one
for each image direction. Moreover, we have to use a generalisation of the Hilbert
transform known as the Riesz transform. Similar as in the 1D example we choose
the (even) log-Gabor filter:
2 !
log |ω|
ω0
Ge (ω) = exp −
,
(3.15)
2(log(σ0 ))2
where ω0 and σ0 are still the center frequency and the shape parameter that controls
the width of the filter, respectively. The two odd parts of the ”analytic filter” are
generated by:
 ωx
i |ω| G(ω), ω 6= 0,
Gox (ω) =
(3.16)
0,
ω = 0,
 ωy
i |ω| G(ω), ω 6= 0,
Goy (ω) =
(3.17)
0,
ω = 0.
Next, we filter the image f (x) with our three ’analytic filters’ and transform the
result back to the time-domain, i.e. spatial-domain x, to obtain the monogenic
signal f(x) of the image:



fe (x)
fm (x) = fox (x) .
foy (x)

(3.18)

The two different odd parts of the monogenic signal contain image changes that
2π
have wavelengths close to λ0 = ω
each in a different image direction.
0
Similar as in the 1D case we can use the local phase to detect symmetric or asymmetric edges (peaks and troughs) in an image. However, edges in an image might not be
purely symmetrical or asymmetric. It might therefore be useful to quantify to what
extend the region surrounding a pixel is symmetric/asymmetric. In addition, it can
be useful to calculate the monogenic signal and the corresponding features over
multiple wavelengths λ instead of just one because, in contrast to noise, structures
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of interest often manifest themselves within multiple wavelengths. Therefore, we
use Kovesi’s feature asymmetry over multiple wavelengths:
R(x) =

X b| fo,λ (x) | − | fe,λ (x) | −T c
i
i
.
A
(x)
+

λ
i
i

(3.19)

Here, λi is the set of wavelengths used to calculate the monogenic signal, T is a
threshold that determines the sensitivity which was set to 0.18[20]. In addition,
b·c is a shorthand indicating that values smaller than zero are set to zero, and 
is a small number that prevents division by zero. Finally, the term fo,λi (x) is the
combined odd component given by:
q
fo,λi (x) = fox ,λi (x)2 + foy ,λi (x)2 ,
(3.20)
and, Aλi (x) is the amplitude of the combined odd component and the even function:
q
Aλi (x) = fe,λi (x)2 + fo,λi (x)2 .
(3.21)
The feature asymmetry R(x) has values between 0 and 1 where 1 indicates that
the surrounding region is very asymmetric and 0 indicates that the region is very
symmetric. It is useful to know the direction of asymmetry around an edge, e.g.
does the intensity change from low to high, or from high to low. Therefore, we
choose to retain the sign of the edge in our asymmetry measure. This is known as
the signed feature asymmetry and can be calculated as follows[20]:
R̂j (x) =

X b| fo,λ (x) | − | fe,λ (x) | −T c foj ,λi (x)
i
i
.
A
(x)
+

| fo,λi (x) |
λ
i
i

(3.22)

Here, j denotes either the first or second odd component in respectively, the xand y-direction. The values R̂j (x) lie between -1 and +1 where values close to -1 or 1
correspond to edges that are respectively, troughs or peaks.
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Abstract
Variations in systemic properties of the arterial tree, such as ageing-induced vessel
stiffness, can alter the shape of pressure and flow waveforms. As a consequence, the
hemodynamics around a cerebral aneurysm change, and therefore also the corresponding in- and outlet boundary conditions (BCs) used for 3D calculations of hemodynamic indices. In this study, we investigated the effects of variations in systemic
properties on wall shear stress (WSS) indices of a cerebral aneurysm. We created a
virtual patient database by varying systemic properties within physiological ranges.
BCs for 3D-CFD simulations were derived using a pulse wave propagation model
for each realisation of the virtual database. WSS indices were derived from the 3D
simulations and their variabilities quantified. Variations in BCs, caused by changes
in systemic properties, yielded variabilities in the WSS indices that were of the
same order of magnitude as differences in these WSS indices between ruptured and
unruptured aneurysms. Sensitivity analysis showed that the systemic properties
impacted both in- and outlet BCs simultaneously and altered the WSS indices. We
conclude that the influence of variations in patient-specific systemic properties
on WSS indices should be evaluated when using WSS indices in multidisciplinary
rupture risk prediction models.
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4.1 Introduction
the impact of cerebral aneurysm rupture against the risk of
treatment is a dilemma for clinicians. Therefore, various studies have
attempted to find indicators of aneurysm rupture risk. Although, patient
factors[1], morphological parameters[2–5] and hemodynamic indices derived from
computational fluid dynamics (CFD) simulations[2, 3, 6–8], showed to be correlated
with aneurysm rupture risk, none of these risk indicators can accurately stratify
aneurysm rupture risk independently. As advised by guidelines[9], researchers
therefore started to combine patient- and aneurysm features with the hemodynamic
metrics[10–12] in, for example, regression models. Such multidisciplinary models
have shown promising results in predicting rupture risk[13, 14]. However, the accuracy of the rupture prediction might be compromised by uncertainties present
within the risk indicators used. This is especially true for the hemodynamic indices
that result from CFD simulations because they are intrinsically compromised by
uncertainties due to amongst others, aneurysm segmentation and inaccurate inand outlet boundary conditions (BCs). The effect of inlet BCs on rupture risk prediction has already been shown by, for example, Sarrami-Foroushani et al. [15]. In
their study, they found that variations in inlet BCs changed the rupture outcome
predictions of their logistic regression model (using both morphological and hemodynamic indices as regressors) in approximately 20 % of the cases. Though BCs are
largely patient-specific and dependent on the physiological envelope of the patient
(e.g. daily activity), the assessment of patient-specific in- and outlet BCs is rarely
performed in clinical practice and even impossible in a significant number of cases.
Consequently, most researchers resort to typical (patient-generic) inlet conditions
and scale, for example, the resulting hemodynamic indices to the wall shear stress
at the inlet to minimize patient differences in BCs when comparing results. At
the outlet often non-physiological BCs are chosen that are uncorrelated with the
inlet BCs and do not take into account the differences in waveforms that might
result from differences in the peripheral and systemic vasculature of the patient[16].
Marzo et al. [16] have shown that patient-generic 1D pulse wave propagation models
(PWPM) that simulate the pressure and flow at the in- and outlets[17], are the best
alternative in the absence of patient-specific BCs. PWPMs have been validated
against clinical measurements[18], and have been used to investigate the necessity of patient-specific modeling[16, 17, 19, 20]. Using a PWPM to assess the BCs
automatically results in correlated in- and outlet BCs while simultaneously considering the systemic and peripheral vasculature even when the aneurysm domain
contains more than one outlet[21]. An additional advantage of using a PWPM is the
possibility to examine the effect of intra- and inter-subject variations in systemic
vascular properties like aortic inflow and ageing-induced vessel stiffness, on the in-
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and outlet BCs[22]. In this study, we aim to investigate the role of such variations
in systemic properties on four commonly used Wall Shear Stress (WSS) indices
calculated with 3D-CFD. Specifically, we examine the influence of mean arterial
pressure, mean aortic inflow, total arterial compliance, mean cerebral blood flow,
and age-related vessel stiffness and radius changes. Hereto, we created a virtual
database of sets of systemic properties. BCs for 3D-CFD simulations were derived
for each virtual patient using a PWPM and WSS indices were calculated from the
CFD results. Global variance-based sensitivity analysis[23] was performed to assess,
how variation in each systemic property impacts the variation within the WSS
indices. Our approach might help to identify systemic properties that can improve
the aneurysm rupture risk predictions done by multidisciplinary models.

Figure 4.1: Overview of the methodology used to quantify the effect of changes in systemic properties
on wall shear stress rupture risk indices of an aneurysm. A virtual database is created by varying five
systemic properties within their physiological ranges. 1D pulse wave propagation model simulations are
performed for each realisation of the virtual database, and pressure and flow waveforms are extracted at
locations corresponding to the in- and outlets of the 3D aneurysm domain and used to fit boundary
conditions for the 3D-CFD simulations. Four commonly used wall shear stress indices are then computed
from the CFD simulations. Global variance-based sensitivity analysis is performed to quantify the
contribution of each of the systemic properties to the variance present within the wall shear stress
indices.
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Table 4.1: Baseline values and ranges of the systemic properties used to generate the virtual database.

Description
Mean arterial pressure
Mean aortic inflow
Total arterial compliance
Mean cerebral blood flow
Age index

Symbol
p̄a
q̄ao
Ct
q̄c
iage

Unit
3

10 Pa
10−5 m3 s−1
10−9 m3 Pa−1
10−5 m3 s−1
-

Baseline

Range

11.7
8.33
11.2
1.17
0

9.33–14 [26–28]
6.67–10.0 [22, 29, 30]
7.5–15 [31]
1–1.33 [32]
0–1

4.2 Materials and Methods
In this section we describe our approach following the outline as depicted in Figure 4.1. First, we elaborate on the systemic properties which were varied to create the
virtual database. Next, we describe the PWPM and the way the systemic properties
are incorporated in the model. Subsequently, we present details of the 3D-CFD
simulations and introduce the WSS indices. Finally, we discuss the sensitivity
analysis.

4.2.1

Virtual patient database

A virtual patient database was created that consisted of multiple realisations of
different values for mean (time-averaged) arterial pressure p̄a (Pa), mean aortic
inflow q̄ao (m3 s−1 ), total arterial compliance CT (m3 Pa−1 ), mean cerebral blood
flow q̄c (m3 s−1 ), and vascular age index iage (−). We refer the reader to Method
section B for implementation details. The systemic properties p̄a , q̄ao , q̄c and CT
were used to assess the outflow BCs for the 1D model. In addition, q̄ao was used
to scale the inflow waveform prescribed at the inlet of the 1D domain. Moreover,
the vascular age index iage was used to mimic the effect of increasing arterial
wall radii and stiffnesses with age from approximately 25 to 70 years[24]. The
systemic properties were uniformly sampled within physiological ranges using the
low discrepancy Sobol sequence[25] via the built-in Matlab function sobolset. Based
on an a priori estimation (see Section 4.2.5) a database of 363 samples was created.
Each sample from the virtual database represents one virtual patient. Baseline
values and corresponding ranges of the systemic properties are listed in Table 4.1
and Table 4.2. Details about the implementation of these parameters into the
model will be elaborated in the next section.
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Table 4.2: Changes of the vessel radii and stiffness (Young’s Modulus) corresponding to changes in age
index

Description

Symbol

Change in %

Radius (proximal vessels)*
Radius (distal vessels)**
Youngs Modulus (proximal vessels)
Youngs Modulus (distal vessels)

rprox
rdist
Eprox
Edist

0-30 [26, 33]
0-20 [27, 34]
0-625 [24]
0-250 [24]

* The aortic vessels are considered proximal
** All vessels except the aortic vessels are considered distal

4.2.2

Pulse Wave Propagation Model

The arterial domain of the 1D PWPM consisted of the aorta, the main arteries
of the arms, and the brain vasculature with a complete Circle of Willis. Details
about the arterial domain such as vessel radii and Young’s moduli, can be found
in Mulder et al. [17]. The arterial domain was divided in elements. Each element
represented the local relation between pressure, flow, and vessel cross-sectional
area[35]. The 1D wave propagation equations of mass and momentum conservation
were obtained by integrating the incompressible Navier-Stokes equations over the
cross-sectional area of the blood vessel, hereby assuming only flow in axial direction.
The thin-walled tube formulation was used to describe the pressure-area relation,
hereby assuming elastic behavior of the wall. Truncated vessels were closed using
0D three-element windkessel models that consisted of two resistances R1 and R2 ,
and a compliance C, which mimic the effect of the peripheral impedance distal to
the truncated vessels. The total terminal resistance of each truncated vessel t, was
calculated according to[17]:
Rp,t =

RT
qfrac

PNt

3
i=1 a0,i
,
3
a0,t

(4.1)

with Nt the total number of vessels within the corresponding body compartment and
a0,t the vessel radius of the tth vessel[17]. Total peripheral resistance of the PWPM,
RT , was calculated using input parameters p̄a and q̄ao , according to RT = p̄a /q̄ao .
The parameter qfrac denotes the flow fraction of the total cardiac output towards
the body part. The cerebral flow fraction was calculated using mean cerebral blood
flow q̄c , i.e. qfrac,b = q̄c /q̄ao , whereas flow fractions towards each arm were set to
5 % of the cardiac output[18, 36, 37]. The remaining flow was assigned to the lower
body, i.e. descending aorta.
The windkessel resistances R1,t and R2,t ,for each truncated vessel were calculated
using Rp,t = R1,t + R2,t . To minimise non-physiological reflections for high fre-
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quencies, the resistance R1,t was chosen as the characteristic impedance of the
corresponding branch t. The compliance of the peripheral beds, C0D , was calculated as the difference between the total compliance of the human body and the
compliance of the 1D domain. This compliance C0D , was distributed according
to Cp,t = C0D ∗ RT /Rp,t [17]. Lastly, a generic aortic flow waveform with a cycle
time of 1s was prescribed at the aorta[38]. This waveform was scaled using the
corresponding q̄ao .

4.2.3

3D Simulation

The 3D computational domain of the aneurysm (Figure 4.2) was taken from Mulder
et al. [17]. The 3D domain consisted of a section of the right internal carotid artery
(ICA) that splits into the right middle cerebral artery (MCA) and right anterior
cerebral artery (ACA). In addition, the right posterior communicating artery (PCoA)
branched off from the right ICA before the bifurcation. The aneurysm was located
at the tip of the bifurcation of the ICA, MCA, and ACA.
We used an in-house finite element method (TFEM[39]) to solve the Navier-Stokes
equations for an incompressible Newtonian fluid. Time discretization was achieved
with a second order backward difference scheme. Blood density and viscosity were
set to ρ = 1050 kg m−3 and η = 3.5 · 10−3 Pa s, respectively. The computational domain was meshed using quadratic tetrahedral Taylor-Hood elements. In addition,
we used the streamline upwind technique[40], to stabilize our simulations. This
technique, made it possible to use larger elements and timesteps, which reduced
our computational time tremendously. The mesh density was approximately 56 elements per mm3 . A mesh convergence study showed stable and mesh-independent
results for the chosen mesh density. Vessel walls were assumed to be rigid and a
no-slip boundary condition was imposed. ICA flow waveforms calculated with the
PWPM were applied at the inlet of the 3D mesh. Local output impedances were
calculated using 1D outlet pressure and flow waveforms obtained from the PWPM.
These impedances were used to fit windkessels for each 3D outlet. Hereto, R1 ,
R2 , and C were chosen such that the windkessels’ impedance spectra amplitudes
resembled the load impedances as close as possible. The obtained boundary conditions were used to perform 3D-CFD simulations for every single realisation of the
virtual database.

4.2.4

Wall shear stress-based rupture risk indices

Four commonly used WSS indices were computed from the CFD simulations using
MATLAB R2015a (The MathWorks, Inc., Natick, Massachusetts, United States).
First, we calculated the maximum value of the time-averaged WSS magnitude
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Figure 4.2: Anterior (left) and posterior view (right) of the surface mesh. The cerebral aneurysm is
located at the bifurcation of the right internal carotid artery (ICA) into the right anterior cerebral
artery (ACA) and right middle cerebral artery (MCA). In the posterior view (right) the right posterior
communicating artery (PCoA) is visible[17].

τavg,max , within the complete boundary of the aneurysm domain Ω:


~ ,
τavg,max = max τavg Ω

(4.2)

with:

~ = 1
τavg Ω
T

Z

t=T

~ t
~τ Ω,



dt,

(4.3)

t=0

~ the
the time-averaged WSS magnitude, k..k the l2 norm, cycle time T (s), and Ω
vector containing the spatial coordinates of the aneurysm wall.
∗
Normalised maximum time-averaged WSS magnitude τavg,max
, was computed by
normalising τavg,max with the spatially averaged WSS magnitude τ̄avg :


~
max τavg Ω
∗
τavg,max
=
.
(4.4)
τ̄avg

E

S

P

A

R

I

| 71

Furthermore, the maximum value of the oscillatory shear index (OSI) was
calculated. The maximum OSI, ios,max , is given by:


~ ,
ios,max = max ios Ω
(4.5)
with:

ios



R t=T
~ t)dt
~τ (Ω,
 1
t=0
~ = 1 − R
,
Ω
t=T
2
~ t) dt
~τ (Ω,

(4.6)

t=0

Finally, the percentage aneurysm area with a low (<0.5 Pa) time-averaged WSS,
cA,low , was calculated. The 95th percentile intervals of the WSS indices were used
to calculate the coefficient of variation, i.e. Cv = σµ , with σ an µ the 2.5 %–97.5 %
percentile range and 50 % percentile, respectively. This coefficient was used to
quantify the effect of variations in systemic properties on the WSS indices and to
allow comparison with literature.
Lambert azimuthal equal-area projections were used to visualise the spatial distributions of τavg,max and ios,max on the aneurysm dome. This projection method
maps the entire aneurysm dome to a tangent 2D plane so that all areas on the dome
are accurately represented in size on the 2D projection (Figure 4.3). We plotted
the spatial distributions of the median values of both τavg,max and OSI. These
distributions were determined by calculating the median value over all simulations
for every point on the aneurysm dome. We also visualised local variations of τavg,max
and ios,max . Variations were determined by taking τavg,max and ios,max values of
all simulations and calculating the ranges of the 95th percentile interval for every
point on the aneurysm surface.

4.2.5

Uncertainty quantification and sensitivity analysis

A global variance-based sensitivity analysis[41] was performed to apportion each
fraction of the total variance present within the WSS indices to the individual
contribution of each single systemic properties (main effect) or their contributions
in combination with other systemic properties (interaction effects)[42]. The direct contribution of each parameter Xi to the total output variance is quantified
by the main Sobol sensitivity index Si , which represents the expected reduction
in output variance that results if parameter Xi would have been known exactly.
The contribution of all fractions of the total variance involving parameter Xi , is
quantified by the total Sobol sensitivity index ST . The total index resembles the
expected output variance that remains in case all parameters except Xi would have
been known exactly. To estimate the sensitivity indices, the adaptive generalised
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Figure 4.3: Left: detail of the intracranial aneurysm. At the bottom the coordinate system for the
equal-area mapping is shown. The O denotes the origin of the system of axis and is placed at the inlet.
The grey rings are equally spaced along the normal direction of the central axis The light grey ring
with triangles corresponds with the aneurysm neck. Right: Lambert azimuthal equal-area plot of the
aneurysm surface. The right plot is obtained by looking into the aneurysm from the inlet along the
central axis, and unfolding the aneurysm in a circular manner.

polynomial chaos expansion (agPCE) method (described by Quicken et al. [23]) was
used. The agPCE method was used to expand the output Y into a set of orthogonal
polynomials that depends on the stochastic input:
Np
  X
 
~
~ .
Yi = f X ≈
ce Φe X

(4.7)

e=0

Here, Φe are the orthogonal multivariate Legendre polynomials and ce the expansion coefficients which were estimated using least squares regression. The
~ denotes
parameter Yi denotes one of the four WSS indices (model outputs), and X
the five systemic properties (model input parameters). Furthermore, Np indicates
the total number of included polynomials. The polynomial expansion was constructed by adaptively adding or removing polynomials. Polynomials that significantly
increased the proportion of the output variance that could be explained by the metamodel R2 > ε1 were included, whereas polynomials that did significantly decrease
this proportion R2 < ε2 were removed. After each adaptive step the leave-one-out
cross-validation coefficient (Q2 ) was calculated to evaluate the model’s predictive
power (Quicken et al. [23]). Once the meta-model was of sufficient quality (high
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R2 /Q2 ), the main and total Sobol sensitivity indices could be derived analytically
from the constructed meta-model.
The agPCE framework was executed multiple times with different settings
for ε1 , ε2 , Q2trgt , zmax , and jmax in order to find the meta-model with the highest
possible Q2 . The thresholds ε1 and ε2 were varied as follows: ε1 = [0.001;0.05]∗(1 −
Q2trgt ) and ε2 = [0.05;2]∗ε1 , in which Q2trgt was set to either 0.99 or 0.999. In
addition, the “low rank” truncation scheme was applied. This scheme only allowed
polynomials with a maximum polynomial order, zmax and a maximum interaction
order jmax , to be included in the meta-model[43]. Based on zmax and jmax of 6 and
2, respectively, we estimated that 363 simulations would be needed to fit the metamodels’ coefficients. However, because the agPCE method is capable of removing
non-significant polynomials, it is possible that higher order polynomials and/or
interaction terms can be included instead. Therefore, we decided to vary zmax and
jmax between 1 and 6, and 1 and 5, respectively. Construction of a meta-model was
terminated when either Q2trgt was reached or when expansion coefficients could
not be calculated due to an insufficient number of model evaluations. Using the
above-mentioned settings, a large set of meta-models was constructed and the
meta-model with the highest Q2 was selected as final model. Meta-models were
constructed for each WSS indices on the dataset of 363 CFD simulations that were
performed prior to the sensitivity analysis (Figure 4.1).

4.3 Results
4.3.1

Virtual patient database

PWPM simulations for each realisation of the virtual database resulted in different
pressure and flow waveforms within the 1D vascular domain. The 95th percentile
intervals of the waveforms obtained at locations corresponding with the aneurysm
in- and outlets are depicted in Figure 4.4 and Figure 4.5, respectively. As can be
seen from these figures, the virtual database allowed us to create a large variety of
different waveforms with varying mean, peak and diastolic values. Compared to
characteristic points in ICA waveforms defined by Ford et al. [44], our M0, H0, M2,
and P3 peaks show similar timings and normalized flow (see Table 4.3). Although
our normalized flow of P1 is correct, the timing of P1 occurs almost twice as late.
In addition, our ICA waveforms do neither show an M1 nor a P2 characteristic peak.
Finally, our mean ICA flow curve has a mean and peak value of 4.62 and 7.22 ml s−1 .
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P1

P3

H0

M2
M0

Figure 4.4: The different inflow signals obtained with the pulse wave propagation model for all realizations of the virtual database. The light gray area indicates the 95th percentile interval of all realizations
while the median waveform is presented in black. Three different realizations are shown in gray.

Figure 4.5: Pressure and flow waveforms of the aneurysm outlets obtained with the pulse wave propagation model for all realizations of the virtual database. The light gray area indicates the 95th percentile
interval of all realizations while the median waveform is presented in black. Three different realizations
are shown in gray. ACA: anterior cerebral artery, MCA: middle cerebral artery, PCoA: posterior communicating artery. The mean flows of the median waveforms are 2.01, 2.87, and 0.26 ml s−1 , for the right
ACA, MCA, and PCoA, respectively.
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Table 4.3: Characteristic points of the ICA flow curves

M0
H0
P1
M1
P2
M2
P3

Timing [ms]*

Normalized Flow [-]

Mean (SD)

Mean (SD)

PWPM

Ford et al. [44]

PWPM

Ford et al. [44]

-51 (4.1)
0 (0)
116 (12)
X
X
249 (37)
298 (43)

-61 (7)
0 (0)
45 (4)
141 (20)
187 (25)
280 (21)
350 (8)

0.64 (0.05)
1.1 (0.06)
1.56 (0.09)
X
X
1.03 (0.14)
1.18 (0.12)

0.68 (0.05)
1.18 (0.07)
1.66 (0.16)
1.20 (0.09)
1.22 (0.10)
0.94 (0.08)
1.09 (0.04)

* Timings are with respect to H0.

4.3.2

3D-CFD simulations

The 95th percentile intervals of the WSS indices are shown in Table 4.4. The cor∗
responding coefficients of variation are 17 %, 18 %, and 11 % for τavg,max , τavg,max
,
and ios,max , respectively. The 14 % variability found in cA,low is of the same order of
magnitude.
Spatial distributions of the median value and the local variation (quantified by
the 95th percentile interval) of τavg,max are shown in Figure 4.6A and Figure 4.6B,
respectively. Large median τavg,max is present close to the ostium at the right side
of the aneurysm. Local variations in τavg,max are visible along the right side of
the aneurysm, from the ostium up to the top of the aneurysm. Locally τavg,max
can vary as much as 3.4 Pa. Similarly, the distributions of median values and the
local variation of the OSI are shown in Figure 4.6C and Figure 4.6D, respectively.
Figure 4.6C shows an OSI pattern with large values located at the front and to some
extent the right midsection of the aneurysm. These regions with high OSI values
are located around the regions containing high τavg,max . In contrast, low values
of OSI are found in regions with highτavg,max . Local variations in OSI are present
mostly at the front side of the aneurysm but some variation is also visible at the
right and left midsection of the aneurysm (Figure 4.6D). Despite the fact that most
of the variations are small, variations can be as high as 0.37 [-].

4.3.3

Sensitivity analysis

The results of the sensitivity analysis are summarized in Table 4.5. Meta-models
with Q2 > 0.98 could be constructed for all WSS indices except ios,max . For this
WSS index the meta-model had a Q2 of 0.85. Convergence checks of the sensitivity

4

76 | C

4

Table 4.4: Percentiles of the wall shear stress indices for all realizations of the virtual database

Percentiles
Output of interest

Unit

2.50 %

50 %

97.5 %

τavg,max
∗
τavg,max
ios,max
CA,low

Pa
%

7.07
15
0.39
73

8.5
16.8
0.44
81

10.1
19.2
0.49
87

indices showed convergence for all WSS indices except ios,max . In addition, all
constructed meta-models had an R2 larger than 0.89. Table 4.5 also shows the
main and total sensitivity indices for all WSS indices. Main sensitivity indices
(S) for mean aortic inflow q̄ao were larger than 0.89 for all WSS indices except
ios,max (S = 0.69). The age index iage , shows a direct contribution of 5 % (S =
∗
0.05) to the variance in τavg,max
. In addition, iage attributed 7 % to the total output
variance present within ios,max (S = 0.07). The main sensitivity indices for the
other systemic properties were all smaller than 5 %.
The differences between total and main sensitivity indices showed that all
systemic properties were involved in interactions with other parameters (ST –S >
0). If a parameter is involved in interaction, it means that its effect on the WSS
indices is depending on the value of another parameter. When these interactions
were also considered the relevance of some systemic properties changed quite a
bit. For example, q̄ao and iage were involved in interactions that contributed to
82 % (ST = 0.82) and 14 % (ST = 0.14) of the output variance present within
ios,max , respectively, whereas on their own they only contributed to 69 % and 7 %,
respectively. Nevertheless, even when interactions were taken into account, the
mean aortic inflow q̄ao remained by far the parameter with the largest contribution
to the variance present within the WSS indices.

4.4 Discussion
In this study, we aimed to quantify the effect of variations in systemic properties on
wall shear stress indices derived from 3D-CFD simulations of a cerebral aneurysm.
Moreover, we assessed which of the systemic properties had the largest effect on
the variability of the calculated wall shear stress-based risk indices.

E

S

P

A

R

I

| 77

Time-averaged Wall Shear Stress
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Figure 4.6: Lambert azimuthal equal area-plots of spatial distributions. Panel A and C show the
spatial distributions for the median values of respectively, the maximum time-averaged wall shear
stress magnitude τavg,max and the maximum oscillatory shear index ios,max . Local variations of both
parameters are shown in Panel B and D. These variations are quantified by the range of the 95th percentile
interval.

4.4.1

Major Findings

Variations within the physiological ranges of mean arterial pressure, mean aortic
inflow, total arterial compliance, mean cerebral blood flow„ and ageing-induced
increase in radii and Young’s moduli were applied to the PWPM. These variations
resulted in variabilities in the WSS indices ranging between 11 % and 18 % (coefficients of variations). The 14 % variability in percentage area with low time-averaged
wall shear stress magnitude, cA,low , found in our study is of the same order of magnitude as the difference between ruptured and unruptured aneurysms as found
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Table 4.5: The Main and Total Sobol sensitivity indices S and ST for all wall shear stress indices (rows)
for each of the five systemic properties (columns). In addition, the R2 and Q2 of the meta-models are
shown on the right side of the table.

Systemic properties
(input parameters)

τavg,max
∗
τavg,max

ios,max
CA,low

S
ST
S
ST
S
ST
S
ST

Quality of the
regression model

p̄a

q̄ao

CT

q̄c

iage

R2

Q2

0.0086
0.0096
0.0067
0.0106
0.0355
0.0876
0.0055
0.0104

0.9515
0.9535
0.8929
0.9086
0.6931
0.8232
0.9414
0.9552

0.0004
0.0009
0.015
0.0193
0.0117
0.0697
0.0031
0.0115

0.0161
0.0164
0.0153
0.0202
0.0251
0.0747
0.0139
0.0171

0.0208
0.0228
0.0513
0.0626
0.0753
0.1401
0.0197
0.0257

0.998

0.997

0.985

0.981

0.897

0.849

0.987

0.983

Sensitivity indices larger than 5 % are shown in bold.

by Jou et al. [45] and Zhang et al. [46], 16 % and 13.6 %, respectively. However,
the difference of 28 %, as found by, Xiang et al. [12], is much larger. Moreover, a
study of Qiu et al. [47] found a difference of 4.9 % and 25 % for narrow-neck and
wide-neck aneurysms, respectively. The variability in cA,low due to variations in
systemic properties found in this study is at least equal to a large portion of the
variability between ruptured and unruptured aneurysms. Therefore, it might be
possible that the uncertainties within this WSS index can lead to erroneous rupture
predictions when this WSS index is used in multidisciplinary rupture prediction
models. The effect of variations in systemic properties on this WSS index should
therefore be taken into account.
Compared to other studies[15, 48–50], our variabilities in WSS indices are mostly
within the same order of magnitude, but our experimental design was significantly
different. First of all, previous studies only changed inflow BCs, whereas we induced changes in both in- and outflow BCs. We induced these changes by varying
physiological systemic properties instead of changing the waveforms directly. This
allowed us not only to assess the effect of variations in waveforms on the variability
in the WSS indices, but also to identify physiological systemic properties responsible for this effect. Moreover, we did apply a global sensitivity analysis and not a
local one. This made it possible to assess not only the direct effects, but also the
interaction effects between multiple systemic properties. The interaction effects for
the systemic properties indicate that the effects of variations in these parameters
on the WSS indices, are depending on the values of other systemic properties. So,
in order to assess the “full” influence of certain parameters on the WSS indices, it is
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necessary to take into account the variability of other input parameters at the same
time. In order to do so, global sensitivity analysis is indispensable.
Although at first thought one might expect the amount of flow towards the aneurysm to be the most important factor for aneurysm rupture, our sensitivity
analysis showed that mean aortic inflow q̄ao and not mean cerebral flow q̄c was the
systemic property most accountable for the variability in our WSS indices. However, it is important to note that an increase in q̄ao does not simply increase blood
flow throughout the whole arterial 1D domain. To elucidate this, we will further
elaborate on the way we implemented mean aortic inflow q̄ao and mean cerebral
flow q̄c in the PWPM. To assess Rp , mean arterial pressure p̄ao was used. When
p̄ao is not changed, an increase in q̄ao will result in a decrease of total peripheral
resistance. Given p̄ao and the pre-set amount of cerebral blood q̄c , the peripheral
resistance of the brain compartment does not change as Rp,brain = p̄ao /q̄c . As
a consequence, the extra inflow will be directed towards the body. Besides the
increased body inflow, the altered body windkessel resistances result in different
reflections which transform pressure and flow waveforms. These altered waveforms
travel towards the brain and result in different pressure and flow waveforms in the
aneurysm in- and outlets. Because these waveforms are used to fit the windkessel
parameters, different BCs are obtained, which in turn lead to different values for
the WSS indices.
In contrast, increasing q̄c does lead to a reduced cerebral peripheral resistance, once
again, assuming constant mean blood pressure. As a consequence, the adjusted
cerebral resistances yield different pressure and flow reflections. Because of the
increased inflow and the altered cerebral windkessel resistances, different pressure
and flow waveforms arise in the aneurysm in- and outlet vessels leading to different
WSS indices. Despite the fact that changing q̄c and q̄ao both influence pressure and
flow waveforms, our sensitivity analysis showed that the WSS indices are much more
affected by variations in waveforms caused by changes in systemic body properties
(q̄ao ) than by variations caused by changes in systemic brain properties (q̄c ).
Our CFD simulation-derived WSS and OSI patterns are comparable to previous
studies[16, 51, 52]. Our spatial distributions showed high median WSS close to the
ostium on the right side of the aneurysm. This WSS distribution is caused by a flow
jet entering the aneurysm. Because of the orientation of the aneurysm with respect
to the ICA, this jet hits the aneurysm wall on the right side. This region of high
WSS corresponds roughly with the bleb visible on the right side of the aneurysm
(Figure 4.3). Previous studies also showed that regions exposing these blebs were
related to regions of elevated WSS[51–53]. Sometimes the development of these
blebs was even initiated by the flow jet[51, 52]. The local variations in WSS, visible
in the region of the jet’s impact location, indicate that the impact location of the
jet differs slightly between simulations.
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High OSI values were found around regions with high time-averaged WSS
(around the impact location of the jet) and can be explained by dissipation of the
jet. The high OSI along the front side of the aneurysm arises because blood flow
leaves the aneurysm along the front wall of the aneurysm. Large local OSI variations
indicate that the way the jet dissipates, and the way blood leaves the aneurysm, is
highly influenced by variations in in- and outlet waveforms caused by variations in
systemic properties.

4.4.2

Limitations and Future work

Assessing proper boundary conditions for 3D aneurysm models by using a pulse
wave propagation model has been applied in several studies[16, 17]. We believe that
combining a well-established PWPM with physiological parameter ranges gives a
good indication of the possible variation in WSS indices
In analogy with Mulder et al. [54], we compared our ICA flows with ICA flow characteristics defined by Ford et al. [44]. In general, our ICA characteristics show great
similarities with the ones presented by Ford et al. [44] All characteristics, except
the timing of the first systolic peak P1, show similar values. Our P1 peak appears
almost twice as late. In addition, similarly as Mulder et al. [54] we observed no P2
and M1 peak. These similar findings with Mulder et al. [54]. are most likely caused
because we use the same 1D geometry as Mulder et al. [54]. The “late timing” of our
P1 peak, in combination with the fact that our flow waveform looks rather similar to
our ICA pressures, indicates that our distal vasculature might be to “stiff”. However,
the true reason behind this large timing of the P1 peak is something that has to be
investigated in future research.
Although we varied our input parameters within their physiological ranges, we
have to keep in mind that there are more sources of uncertainty that can contribute to the uncertainty within WSS indices. For example, other parameters of the
PWPM, besides the one varied here, could alter the BCs as well. In addition, there
are factors/mechanisms that are not yet included in the PWPM. For example, the
model does not contain regulatory mechanisms, such as cerebral autoregulation
or the baroreflex. Such mechanisms regulate flow distributions and pressures by
changing vessel diameter, peripheral resistances, heartrate, and stroke volume. In
turn, the shape of pressure and flow waveforms will most likely change. As a result,
different BCs for the CFD simulations are obtained which might change the WSS
indices. Although, we did not include such mechanisms in this study, they can be
added to the PWPM.
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Furthermore, we did only analyze one aneurysm geometry and we did not
include the variability due to measurement and segmentation errors of the aneurysm
geometry. Although adding a proper uncertainty to the parameterization of 3D
geometries is challenging[55], previous research has shown that segmentation of
the parent artery and the aneurysm can influence the flow fields obtained with
CFD[56–58]. In addition, even imaging with different modalities can lead to changes
in mean WSS of up to 34 %[59]. For the above reasons, these uncertainties should
be included in future work. Taking into account sources of uncertainty, such as
the ones described above, the variability within the WSS indices would most likely
become larger. However, our approach could give us insight in which of these
sources of uncertainty have an important effect on the variability within the WSS
indices.
In contrast to other studies[16, 60], we did not normalize the WSS with respect to
the aneurysm inflow or WSS in the parent artery. However, our aim was to assess
the effect of different BCs on the WSS indices, and scaling the WSS indices would
only cover the influence of the systemic properties.
We used a global variance-based sensitivity method, which are considered the
best available practice for sensitivity analysis[61]. Although only the meta-model
of τavg,max reached the pre-set Q2trgt , the sensitivity indices of all WSS indices,
except ios,max showed convergence. Although it is possible that the contributions
of the different systemic properties may change slightly if we would construct new
meta-models using more model outputs, we do not expect this to change our final
conclusions because of the very dominant influence of the parameter q̄ao .

4.5 Conclusion
We created a methodology that allows quantification of variabilities in aneurysm
wall shear stress indices that result from variations in systemic properties. Estimated variabilities in WSS indices were of the same order of magnitude as differences
in these WSS indices between ruptured and unruptured aneurysms. Because variations in systemic properties influence both in- and outlet BCs at the same time, we
conclude that patient-specific systemic properties and their effect on in- and outlet
BCs, should be taken into account when using WSS indices in multidisciplinary
aneurysm rupture models. Hereto, uncertainty and sensitivity quantification is
indispensable.
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Abstract
A benchmark study by Boileau et al. [1]. tested six commonly used numerical
schemes for 1D wave propagation, for their ability to capture the main features of
pressure, flow, and area waveforms in large arteries. While all numerical schemes
showed good agreement in pressure and flow waveforms for smaller arterial networks, the Simplified Trapezium-rule Method (STM) proposed by Kroon et al. [2]
showed an overestimation for the systolic pressure of 1 % in proximal regions and an
underestimation of 3 % in distal regions in comparison with the five other schemes
when using a larger arterial network, published as the ADAN56 model. The authors
attributed this difference to the neglection of the dynamic part of the pressure at vessel junctions. Carson et al. [3] resolved these differences by proposing two methods
to implement the dynamic part of the pressure in the STM scheme. In the present
study, an alternative method is introduced extending the work by Kroon et al. [2]
This alternative method consists of a new 0D element which is placed at vessel junctions. The strength of this new element is the ease of implementation and its flexible
coupling with other elements, without introducing additional degrees of freedom or
the need of a penalty function. This new approach is compared to five other numerical schemes which already have the dynamic part of the pressure incorporated. The
new method shows excellent agreement with these schemes for the ADAN56 model.
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5.1 Introduction
dimensional (1D) network models have extensively been used to investigate blood pressure and blood flow wave propagation phenomena in
arteries and veins[4–6]. These so-called pulse wave propagation models
allow the assessment of the effects of vascular disease on the pressure and flow
waveforms, wave reflections, and the relation between central and peripheral pressures. The ease of use and the relatively low costs make 1D models also attractive
for vascular intervention planning[7] or for estimating boundary conditions for
higher dimensional models[8].
These 1D network models consist of connected elements that locally describe the
relation between pressure, area, and flow. The pressure and flow relations are
based on the 1D mass and momentum equations[9]. At terminal branches, the
1D network is often truncated with, for example, 0D windkessel elements[7] or
structured outflow trees[10]. To solve the governing equations derived from 0D
and 1D models, different mathematical formulations and corresponding numerical methods have been proposed. These methods vary from each other by using
different formulations of the 1D equations and different constitutive laws to relate
area and pressure. In addition, they differ with respect to the velocity profiles used
to estimate the friction and convective terms, choice in boundary conditions, the
way of coupling at junctions, and the numerical schemes[11].
Recently, Boileau et al. [1] compared six numerical schemes that are commonly used
for 1D arterial blood flow modeling to investigate the effect of different numerical
implementations on the pressure and flow waveforms in several benchmark problems while using the same velocity profile, boundary conditions and constitutive
laws[1]. The numerical schemes considered were: Locally Conservative Galerkin[12]
(LCG), Discontinuous Galerkin[13] (DCG), Galerkin Least-Squares Finite Element
Method[14] (FEM), Finite Volume Method[15] (FVM), MacCormack Finite Difference Method[16] (McC) and the Simplified Trapezoidal Rule Method[2] (STM). The
results showed good agreement among all numerical schemes for six benchmark
problems (i.e.: a reflection free tube, a tube mimicking the common carotid artery,
the upper thoraric aorta, an aortic bifurcation, and experimental arterial networks
with 37 and 56 of the larger arteries, published as the ADAN56 model). It was
concluded that all schemes are able to solve nonlinear 1D equations and to capture
the main features of pulse wave propagation. However, for the ADAN56 model,
noticeable discrepancies were obtained when using the STM in comparison to the
other numerical schemes. While the STM showed to be able to solve the system
of equations within minutes[1, 2], systolic pressure was overestimated at proximal
locations by 1 % (i.e. 2 mmHg) and underestimated by 3 % at distal locations (i.e.
4 mmHg). Boileau et al. [1] hypothesized that these differences were caused by the
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anatomical configuration of the ADAN56 model, which makes the model more
sensitive to the coupling strategy at junctions. They also hypothesized that the
discrepancies found in the STM model, were the result of neglecting the dynamic
part of the pressure ( 12 ρu2 ) at junctions[1]. Carson et al. [3] demonstrated that
adding the dynamic pressure at junctions to the STM model indeed eliminated the
differences found by Boileau et al. [1].
Carson et al. [3] proposed two methods to constrain the conservation of dynamic
pressure at vessel junctions: Lagrange multipliers and a penalty method. Despite the fact that these correction methods showed good results, there are some
downsides to these methods. Because the Lagrange multiplier method introduces
additional degrees of freedom to the solution vector, the matrix needs to be expanded, which requires a more extensive storage[17]. For the penalty method, on the
other hand, it is difficult to choose the required penalty parameter, the so-called
penalty number[3]. A high penalty number is needed to enforce the dynamic pressure constraints, however, if the penalty number is too high, the global matrix
becomes ill-conditioned with respect to inversion[17].
The aim of this study is to develop a new element that, on the one hand, is in line
with the approach by Kroon et al. [2] and on the other hand, straightforwardly
implements the dynamic part of the pressure in the STM model. The approach is
based on the fact that 0D and 1D elements are cast in the same form. This results in
a simplified numerical scheme, in which pressure is the only state variable. After the
pressures are calculated on nodal level, the flow can be calculated on element level.
This approach allows for flexible coupling between 0D and 1D elements, without
the need for additional degrees of freedom or penalty functions. To demonstrate
our simplified numerical scheme we benchmarked our implementations with the
ADAN56 geometry presented by Boileau et al. [1].

5.2 Materials and Methods
5.2.1

1D network model

In this section, first, we describe the 1D computational domain (ADAN56) that consists of connected 1D arterial elements and is closed with three-element windkessel
elements at truncating parts. At vascular junctions, a new 0D element is introduced
(Figure 5.1). Secondly, we present the assembly of the equations for all different
elements. In addition, the numerical method used to solve the scheme is explained.
Finally, the simulations performed and their analysis are described.
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Figure 5.1: The implementation of the 0D junction element in a simple bifurcation geometry.

1D computational domain
Because Boileau et al. [1], showed only discrepancies for the STM method in the
ADAN56 geometry, we chose to use the ADAN56 model as well. The ADAN56
model contains 56 large vessels of the human arterial system. It originates at the
aortic arch and is truncated at the internal carotid, the tibial, and the radial arteries.
Furthermore, it is truncated at major organs, such as the kidneys, liver and lungs.
For details on parameters and arterial tree data, the reader is referred to Boileau
et al. [1], which also contains supplementary data containing the results of the six
numerical schemes.

1D arterial element
Each arterial element was modeled as a deformable tube, representing a blood
vessel whose mechanical properties are described as a function of the axial coordinate z. In large arteries, the relation between pressure p (Pa), flow q (m3 s−1 )
and cross sectional area A (m2 ) can be modeled using the conservation of mass,
the momentum balance equation, and a constitutive law. Here the area is a function of the pressure which in turn is a function of the axial location z, and time
t, i.e. A = A(p(z, t)). We further assumed the vessel wall to be impermeable and
the blood to be an incompressible Newtonian fluid. Subsequently, by integrating
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the mass and momentum equations over the cross sectional area we obtained the
following 1D equations[9]:
∂A ∂p ∂q
+
=0
∂p ∂t
∂z

(5.1)

∂q
∂ q2
A ∂p
f
+ (1 + δs ) ( ) +
=
∂t
∂z A
ρ ∂z
ρ

(5.2)

where t describes time, ρ is the blood density, ∂A
∂p is the partial derivative of area
to pressure and f is the frictional force per unit length. Following the approach
of Boileau et al. [1], a flat velocity profile was used for the approximation of the
advection term, which resulted in a Stokes-layer related thickness of δs = 0. Again
following Boileau et al. [1], the frictional force per unit length f is given by:
q
,
(5.3)
A
where µ is the dynamic viscosity and ζ is a given constant for a specific velocity
profile. For a derivation of Equation 5.3, the reader is referred to Hughes et al. [18]
and Sherwin et al. [19]. For the friction force, the velocity profile order ζ was set to
2 by Boileau et al. [1], which corresponds to a parabolic profile. This mismatch in
velocity profiles between the approximation of the advection term and the frictional
force can be resolved by using the approximate velocity profile function proposed
by Bessems et al. [9], which also captures the possible phase difference between
the viscous boundary layer and the central core. However, the approach by Boileau
et al. [1] was maintained to be able to compare the results.
The relationship between pressure and area, which accounts for the fluid structure
interaction of the system, is described as[1, 20]:
f = −2(ζ + 2)µπ

p = pext + pd +

p
β √
( A − Ad ),
Ad

(5.4)

with pext the external pressure, pd the diastolic pressure and Ad the diastolic area. In
this study pext and pd were set to 0 and 10 kPa, respectively[1]. Here, the parameter
β(z) accounts for the material properties, which is given by[1, 20]:
4√
πEh,
(5.5)
3
with E and h the Young’s modulus and wall thickness, respectively. Using Equation
5.4, area vessel compliance can be written as:
β(z) =

p
∂A
2Ad (p − pext − pd )
Ad
=(
+ 2 Ad )
∂p
β
β

(5.6)
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Figure 5.2: Discretization of 1D line element with pi and qi the nodal pressure and flow, respectively.

5.2.2

Numerical implementation

First, the momentum and mass equation of each element were spatially integrated
along the vessel axis using the trapezium rule. Thereafter, a second order backward
difference scheme was applied to step forward in time. Third, both nodal flows
were defined inwards (Figure 5.2). After performing these three steps we arrive at
the following 1D line element:

K11
K21

K12
K22

t  t+∆t  c t+∆t  t  t+∆t  t
p1
q1
f
q
f
=
+ 1 = 1
+ 1
c
p
−q
f
q
f2 e
2
2
2
2
e
e
e
e
e

(5.7)

where column vectors pe and q e are the nodal point pressures and flows, respectively.
Matrix Ke is the element matrix and f e is the element right-hand side. Furthermore,
qic denotes the conventional flow definition and qi denotes the inwards defined
flows as proposed by Kroon et al. [2], see Figure 5.2. For details of the derivation,
the reader is referred to Appendix A. Equation 5.7 can be rewritten in the general
form:
Kt,1D
pt+∆t
= q t+∆t
+ f t,1D
.
e
e
e
e

5.2.3

(5.8)

Boundary conditions

For each simulation, inflow was imposed at the root of the network model, i.e.
the ascending aorta. An inflow signal based on the work of Murgo et al. [21] was
implemented using a truncated Fourier series of the signal. This is the same inflow
signal as used by Boileau et al. [1], and is provided by them in their supplementary
material.
At the terminal branches, three-element windkessel elements were modeled[22]. A
windkessel element simulates the effect of the peripheral impedance. It consists of
a resistor R1 in series with both a resistor R2 and a compliance C as shown in Figure
5.3. The resistance R1 is equal to the characteristic impedance of the terminal
branch, minimizing wave reflections for high frequencies[22]. In addition, it holds
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Figure 5.3: Discretization of 0D windkessel with pi and qi the nodal pressure and flow, respectively. R1
is the characteristic impedance, R2 the peripheral resistance and C the peripheral compliance.

that R1 + R2 = Rp , where Rp is the peripheral resistance which is defined by the
ratio between the mean arterial pressure and the mean flow through that specific
part of the body. Finally, C mimics the peripheral compliance. The windkessel
element is given by the following differential equation:
q(1 +

R1
∂q
p
∂p
) + CR1
=
+C .
R2
∂t
R2
∂t

(5.9)

For each subelement of the windkessel element, again two nodal point pressures
and two nodal point flows with inward-directing flow were defined (Figure 5.3).
The extravascular pressure (p4 ) and the venous pressure (p3 ) were both taken at 0
Pa. Using the same approach as for a 1D line element, the windkessel element can
be cast in the same form as Equation 5.8 (see Appendix B):
Kt,0D
pt+∆t
= f t,0D
+ q t+∆t
.
e
e
e
e

5.2.4

(5.10)

Vessel junctions

At vessel junctions, three 1D arterial elements need to be connected. Since the
element flows are defined inwards
Pin the original STM model presented by Kroon
et al. [2], the assumption that the qi = 0, is automatically satisfied. Consequently
the nodal pressures are coupled directly without the need for additional coupling
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equations, resulting in a shared node at junctions, as can be seen in Figure 5.1. This
continuity of static pressure between the three branches is expressed by:
p1 = p2 = p3 .

(5.11)

However, to be able to compare the STM model to the other five numerical schemes,
continuity of total pressure is required at vessel junctions. Therefore, the dynamic
part of the pressure should be added to each term in Equation 5.11, yielding:
1
1
1
p1 + ρu21 = p2 + ρu22 = p3 + ρu23 ,
2
2
2

(5.12)

where u is the mean blood velocity, ρ the blood density, and p and 12 ρu2 are the
static and dynamic components of pressure, respectively. Here p̂ = p + 12 ρu2 is
called the total pressure. The continuity of total pressure can be described by a
pressure loss or gain, which results from the difference in mean velocity between
branches at junctions:
1
ρ(u22 − u21 ),
2
1
p1 − p3 = ρ(u23 − u21 ),
2
1
p2 − p3 = ρ(u23 − u22 ).
2
p1 − p2 =

(5.13)

To implement these additional pressure differences (losses or gains), a 0D element
was introduced and implemented at junctions as shown in Figure 5.1. This 0D
junction element is presented in more detail in Figure 5.4. To define the 0D junction
element, we denoted one branch as the reference vessel. In this study, the reference
vessel carries the total flow entering the element (in case of a bifurcating flow) or
leaving the element (in case of a merging flow). However, an arbitrary branch can be
chosen. We then assumed that there are no additional pressure differences over the
reference vessel, leading to the pressure in the reference vessel being approximately
equal to the pressure at the central node p4 . To prevent an extra pressure drop from
occurring, this component was modeled as a small resistance with J = 1 kg m−4 s−1 .
The value of J = 1 kg m−4 s−1 was chosen such that this value is much smaller than
the Poiseuille resistance of the reference vessel. For the other two branches, the
pressure differences caused by the addition of the dynamic pressure were defined
with respect to the reference vessel:
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Figure 5.4: junction element

pi − p4 =

1 qr2
q2
ρ( 2 − i2 ),
2 Ar
Ai

(5.14)

with qi and Ai the flow rate and area of the ith branch, respectively. Now, each
component Ji of this junction element relates the pressure of the central node p4
to the external pressure nodes p1 , p2 , and p3 of the three branches.
After linearization of Equation 5.14 using the Newton-Raphson method we
obtained (see Appendix C):
qit t+∆t
q
+
(Ati )2 i
ρ (qit )2
ρ (qrt )2
+
, i = 1, 2, 3,
2 (Ati )2
2 (Atr )2

pt+∆t
− pt+∆t
=ρ
4
i

(5.15)

where superscript t is the approximation of the previous timestep and t + ∆t the
approximation of the current timestep. This can be summarized to the general
form:
pt+∆t
− pt+∆t
= Jit qit+∆t + git
4
i

i = 1, 2, 3,

with gi the last two terms of the right-hand side of Equation 5.15.

(5.16)
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We then divided Equation 5.16 by Ji resulting in:
1 t+∆t
(p
− pt+∆t
) = qit+∆t + fit ,
4
Ji i
with fit =

git
Ji .

1
J1
− J11

− J11



1
J1

i=1,2,3,

(5.17)

Now component J1 in Figure 5.4 could be cast into the form:
t  t+∆t  c t+∆t 
t  t+∆t 
t
p1
q1
f1
q1
f1
=
+
=
+
, (5.18)
p4 e
−q4c e
−f1 e
q4 e
−f1 e
e

where qic once gain denotes the conventional notation and qi the notation as presented by Kroon et al. [2].
Similarly, component J2 and J3 were cast into the same form. By assembling the
three junction components, the total element matrix is:


1
J1

 0

 0
− J11


0
1
J2

0
− J12

t  t+∆t
p1
 p2 
  
 p3 
1
p4 e
J3 e
t
f1


f2
 ,
+


f3
−f1 − f2 − f3 e

− J11
− J12
1
− J13
J3
1
1
− J3 J1 + J12 +
t+∆t 
0
0

q1


q2

=


q3
−q4 − q5 − q6 e

5

(5.19)

with −q4 −q5 −q6 = 0 due to conservation of mass. Finally, the 0D junction element
(defined by Equation 5.19) was cast into the same form as the 1D line elements
(Equation 5.8) and the 0D windkessel element (Equation 5.10):
Kt,0D
pt+∆t
= f t,0D
+ q t+∆t
.
e
e
e
e

5.2.5

(5.20)

Assembling all elements and Numerical method

Noticing that the element matrices, i.e. Equations 5.8, 5.10, and 5.20, were all cast
in the same form, assembly of the large system of equations involved summation of
all 1D element equations and 0D element equations. The assembly process is here
demonstrated for two line elements in series. Consider Element 1 with pressure
nodes p1 and p2 and flows q1 and q2 , and Element 2 with pressure nodes p2 and p3
and flows q3 and q4 , respectively. The two element matrices of the two line elements
defined by Equation 5.7, can be assembled to the following system:
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t  t+∆t
1
K12
0
p1
1
2
2   
K22
+ K11
K12
p2
2
2
K21
K22
p3 e
e
t+∆t 
t
q1
f11
= −q2 + q3 
+ f21 + f12  ,
−q4
f22
e
e

 1
K11
1
K21
0


(5.21)

where the superscripts of Ki and fi represent the elements they belong to. Conservation of mass requires the outflow of element 1 (q2 ) to be equal to the inflow
of element 2 (q3 ), resulting in −q2 + q3 = 0. Therefore, the internal node in this
example has value of 0 and only the flows q1 and q4 (boundary conditions) are
unknown. At the inlet of the arterial tree, the nodal flow was prescribed and for
terminal nodes a constant pressure was prescribed (essential boundary condition),
resulting in only one degree of freedom for every node. The final assembled matrix
containing the 1D line, 0D windkessel and 0D junction elements is given by:
Kt pt+∆t = f t + q ex,t+∆t

(5.22)

The system was solved using the second order backward difference scheme for
time discretization, with a timestep of 0.5 ms and element size of 0.5 cm[2]. The
finite element package SEPRAN (version 0610) was used to solve the system, while
Matlab R2016b (The MathWorks, Inc, Natick, Massachusetts) was used for pre- and
postprocessing. After calculation of pressures and flows, the simulation proceeded
to the next timestep. The process was repeated until cardiac cycle time was reached.
At this point, the nodal point maximum relative root-mean-squared norm of both
pressure and flow, denoted εp and εq respectively, were calculated compared to
the previous cardiac cycle. Each simulation was run for 10 cycles, resulting in a
convergence norm ε < 10−3 .
The following simulations were run for the ADAN56 benchmark case: 1) The original STM method (STM) 2) STM + new 0D junction element (STM-J) 3) the Finite
Element Method scheme (FEM) presented in Boileau et al. [1]. The other four
schemes shown in Boileau et al. [1] that already have continuity of total pressure
at vessel junctions gave consistent results with the FEM method and are therefore
not shown. The results of the five other benchmark cases are not shown as the
STM scheme already showed good agreement compared to the other methods, even
without the addition of the dynamic part of the pressure, and because these cases
were hardly effected by the addition of the new 0D junction element, as expected.
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First, flow rate and pressure waveforms are shown for the Aortic Arch I, the Right
Internal Carotid, the Right Renal and the Right Anterior Tibial. These locations
were chosen to show the effect of adding the dynamic pressure when moving more
distal from the heart, both upwards and downwards. We then calculate a variety
of ”errors” that are calculated to compare the results using the FEM as the golden
standard: EpRM S and EqRM S are the root mean square relative error in pressure and
flow, EpM AX and EqM AX are the maximum relative errors in pressure and flow, EpSY S
and EqSY S are the errors in systolic pressure and flow and EpDIAS and EqDIAS are
the errors in diastolic pressure and flow, respectively. These are calculated with the
following equations:

EpRM S

v
u n  ST M

EM 2
u1 X p
− pF
i
i
t
=
,
EM
n i=1
pF
i

(5.23)

EqRM S

v
u n  ST M
2
u1 X q
− qiF EM
i
=t
,
n i=1
max(qiF EM )

(5.24)

EpM AX = max

M
EM
pST
− pF
i
i
,
EM
pF
i

(5.25)

EqM AX = max

qiST M − qiF EM
,
max(qiF EM )

(5.26)

i

i

EpSY S =

max(pST M ) − max(pF EM )
,
max(pF EM )

(5.27)

EqSY S =

max(q ST M ) − max(q F EM )
,
max(q F EM )

(5.28)

EpDIAS =

min(pST M ) − min(pF EM )
,
min(pF EM )

(5.29)

EqDIAS =

min(q ST M ) − min(q F EM )
min(q F EM )

(5.30)

with value n the maximum number of timesteps within one cardiac cycle. Finally, we
show the propagation of the systolic, diastolic, and mean pressure along the aorta,
because this captures the general physiological features of pulse wave propagation.
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5.3 Results
Figure 5 shows the flow rate and pressure waveforms of the four different positions
in the ADAN56 network. Though in each panel of Figure 5 the waveforms as
derived by STM, STM-J and FEM are plotted, the latter two signals can often not be
discriminated, indicating their good agreement. This good agreement can also be
seen when looking at the errors in Table 5.1. In the original STM model the root
mean square relative errors E RM S ranged from 0.51 % to 4.10 %, while with the
extended STM-J model the root mean square relative errors E RM S have a fourfold
reduction and range from 0.12 % to 0.67 %. Furthermore, the systolic- and diastolic
pressure are in better agreement for the STM-J model, with a fourfold error reduction
in the Aortic Arch I. This error reduction increases for more distal vessels, as seen
for the Right Anterior Tibial, where the relative systolic error decreases tenfold.

(a) Pressure in Aortic Arch I

(b) Flow Rate in Aortic Arch I

(c) Pressure in Right Internal Carotid

(d) Flow Rate in Right Internal Carotid
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(e) Pressure in Right Renal

(f) Flow Rate in Right Renal

(g) Pressure in Right Anterior Tibial

(h) Flow Rate in Right Anterior Tibial

Figure 5.5: Pressure and flow rate waveforms, comparing the Finite Element Method (FEM), Simplified
Trapezoidal Rule Method (STM) and STM with junction (STM-J)
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Table 5.1: Relative error with respect to the Finite Element method at the midpoint of the vessels in percent.

Arterial

Method

EpRM S

EpM AX

EpSY S

EpDIAS

EqRM S

EqM AX

EqSY S

EqDIAS

(%)

(%)

(%)

(%)

(%)

(%)

(%)

(%)

Aortic Arch I

STM
STM-J

0.83
0.25

1.87
0.55

1.14
-0.16

0.50
-0.34

0.51
0.12

1.94
0.41

-0.17
0.13

0.34
1.38

Right Internal Carotid

STM
STM-J

0.89
0.27

2.35
0.69

-1.00
-0.38

0.13
-0.49

1.98
0.56

6.41
2.23

-1.51
0.82

-3.11
6.90

Right Renal

STM
STM-J

1.11
0.24

3.09
0.63

-2.31
-0.29

0.39
-0.44

2.25
0.41

6.90
1.57

-6.35
-0.33

-0.47
-0.74

Right Anterior Tibial

STM
STM-J

3.39
0.67

6.95
2.99

-3.44
-0.47

-1.90
-0.94

4.10
0.64

12.54
2.68

-10.02
-1.04

-11.13
-7.16
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Pressure (kPa)

FEM

STM

STM-J

16

14

12

10

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

Distance along Aorta (m)
Figure 5.6: Systolic, mean, and diastolic pressure along the aorta for the Finite Element Method (FEM),
the Simplified trapezium Method (STM) and the Simplified Trapezium Method with new Junction
element (STM-J).

Figure 5.6 shows the propagation of the systolic, mean and diastolic pressure
along the aorta. While the STM shows an overestimation of 1 % of the systolic
pressure in the beginning of the aorta and an underestimation of 3 % when moving
more distally, the new STM-J model resolves this error for the systolic pressure. This
can be seen by a relative error that is lower than 0.5 % when comparing the systolic
pressure of the STM-J model along the aorta with the systolic pressure of the FEM
model.

5.4 Discussion
The aim of this study was to introduce a new 0D junction element to incorporate
the dynamic part of the pressure in the already existing STM model proposed by
Kroon et al. [2]. Using the new coupling strategy described in Section 5.2, the
total pressure (p + 12 ρu2 ) was constrained at vessel junctions without the need of
expanding the global matrix with Lagrange multipliers or introducing a penalty
function as previously published by Carson et al. [3]. After implementing the new
0D junction element the pressure and flow waveforms showed good agreement
with the results of the five other numerical schemes described by Boileau et al.
[1] (see Figure 5) that already had incorporated dynamic pressure at vessel junctions.
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By following the inward-directed flow approach as described by Kroon et al. [2]
we showed the flexibility of the STM model and the relative ease of implementing a
new element. By casting every element in the same form as in Equation 5.22 and
defining flow inwards at element level, no extra coupling equations were needed
between elements, and computational speed and efficiency were maintained. This
approach was recently also used by Qureshi et al. [23] who modeled the pulmonary and venous circulation. Moreover, this approach can also easily be used to
implement other vascular concepts with nonlinear pressure-flow rate relations,
such as a stenosis, a heart pump or the calf muscle pump function[5]. Although
we demonstrated the ease of adding the dynamic part of the pressure to the STM
method, one might argue the importance of adding the dynamic part. The influence
of pressure losses at junctions becomes of more importance when the magnitude
of the blood flow velocity is increased. Mynard et al. [24] estimated a pressure loss
of 1 mmHg (∼ 0.5 kPa) after three typical diverging or converging junctions under
resting circumstances with a maximum velocity of 0.5 m s−1 . During exercise, with
a maximum aortic blood flow velocity of 2.0 m s−1 , they estimated a pressure loss
of 17 mmHg (∼ 2.3 kPa ) after three junctions. This dependence on blood flow
velocity and number of junctions is even larger in the pulmonary arterial and the
venous network, which consists of many generations of junctions[23].
Mynard et al. [24] showed that both methods of coupling (with or without the
dynamic part) did not result in a reliable estimation of the pressure at junctions
compared with 3D simulations and that neither method could be judged as generally
superior to the other. While conservation of dynamic pressure will affect the
pressure losses at vascular junctions, an extra energy dissipation, that depends on
the junction geometry and flow conditions, is also present. This dissipation may
counterbalance the pressure losses from the addition of the dynamic part of the
pressure. The extra pressure loss K1,2 ( 12 ρu2com ) is caused by a change of direction
of flow and will result in an extra pressure loss due to the formation of vortices at
the entrance region of a bifurcation[23]. Therefore, Equation 5.13 should be written
as:
1
1
ρ(u22 − u21 ) + K1,2 ( ρu2com )
(5.31)
2
2
with ucom the velocity in the common branch and K1,2 a constant that is dependent on the junction geometry and flow conditions. Mynard et al. [24] proposed
a method for estimating the constant K1,2 and thus the calculation of the extra
pressure losses at junctions. Although not modeled in the current 0D junction element, this extra pressure loss can easily be added to the current element following
the approach proposed in this article.
Though the current 0D junction element only connects three line elements, it can
p1 − p2 =
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easily be expanded to junctions with more than three branches. However, because
these junctions with more than three branches are mostly found in smaller vessels,
the assumptions that are made for 1D modeling of the larger blood vessels, e.g.
Newtonian fluid, possibly no longer hold[9]. Extending the junction element to
more branches therefore has to be done with care.
Choosing the right coupling strategy is shown to be important on the wave
propagation. The possible addition of dynamic part of the pressure ( 12 ρu2 ) and the
extra pressure loss (K1,2 ( 12 ρu2com )) must be evaluated for every application. While
for simple bifurcations the differences between coupling strategies are negligible,
these differences become larger for arterial networks with an increasing number
of generations and with increasing blood velocity[1, 24]. However, the influence
of the pressure coupling can be much smaller compared to changes by choosing a
different velocity profile, a different boundary inflow, a different constitutive law
or the implementation of visco-elastic wall behaviour[25]. Because Newtonian
fluid is assumed in most 1D schemes (including ours), blood rheology effects
including blood shear-thinning are neglected[26]. Since we were only interested
in implementing a dynamic pressure element and comparing this with already
existing models, the lack of such a rheology model is not of importance for our
study. Moreover, the geometry used in our study consists of vessels of a large calibre,
where blood shear thinning is not as important, because of high shear regions[26].
Although it is possible to make the model more complex or less complex[25–27], it
is very important to evaluate model choices, such as the inclusion of rheology or
visco-elastic wall behaviour, depending on the models application.

5.5 Conclusion
The implementation of a 0D junction element in the Simplified Trapezium rule
Method enabled incorporation of the dynamic part of the pressure at vessel junctions. Using the approach by Kroon et al. [2], flexible coupling between 0D and 1D
elements is possible and nonlinear pressure-flow equations can be easily incorporated. The extended STM model shows good agreement with the five other schemes
shown by Boileau et al. [1], while maintaining computational speed and efficiency.
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Appendix
5.A 1D Line Element Equations
First of all, recall the momentum equation (Equation 5.2):
∂q
∂ q2
A ∂p
f
+ (1 + δs ) ( ) +
= ,
∂t
∂z A
ρ ∂z
ρ
with
f = −2(ζ + 2)µπ

q
.
A

(5.32)

(5.33)

Also recall the mass equation:
CA
with CA =

∂p ∂q
+
= 0,
∂t
∂z

(5.34)

∂A
∂p .

If we set ζ = 2, and δs = 0 in Equations 5.32 and 5.33, corresponding to[1], these
equations reduce to:
ρ ∂q
∂p
8µπq
ρ ∂ q2
+
=− 2 −
( )
(5.35)
A ∂t
∂z
A
A ∂z A
To discretize and linearize this 1D momentum equation (Equation 5.35) and the
conservation of mass equation (Equation 5.1), the vessels are first divided into
non-overlapping two-noded elements. Therefore it holds that:
Z
(•)dz =

Ne Z
X
e=1

where Ne is the number of elements.

e

(•)dz,

(5.36)
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The trapezium rule is then used to spatially integrate both the conservation of
mass and the momentum equation from node 1 to node 2. Note that the flows
are here defined conventionally meaning that both flows within the element are
directed from node 1 to node 2. The integration over the element domain e, using
the trapezium rule yields:
Z
∂p
∆ze
∂p1
∂p2
CA dz ≈
(CA,1
+ CA,2
),
∂t
2
∂t
∂t
e
Z
∂p
( )dz ≈ (p2 − p1 ),
∂z
e
Z
ρ ∂q
∆ze ρ ∂q1c
ρ ∂q2c
dz ≈
(
+
),
(5.37)
2 A1 ∂t
A2 ∂t
e A ∂t
Z
Z
∂q
∆ze
dz = (q2c − q1c ),
hdz ≈
(h1 + h2 ),
∂z
2
e
e

8µπq
ρ ∂ q2
hi = − 2 −
( )
A
A ∂z A i
Here ∆ze is the element length and the superscript c denotes the use of the
conventional definition of flows. Note: at this point thus different from the definition used during our numerical implementation. In matrix form, Equation 5.37
becomes:

T
 T
e
∂pe
CA,1 ∆z
−1
2
+
q ce = 0
e
+1
CA,2 ∆z
∂t
2
(5.38)
"

ρ ∆ze
A1 2
ρ ∆ze
A1 2

#T

∂q ce
∂t

+

 T
∆ze
−1
pe = (h1 + h2 )
+1
2

where pe = [p1 , p2 ]T and q ce = [q1c , q2c ]T contain nodal point pressures and flows of
the element, respectively. We now apply a second-order backward differentiation
scheme for the time derivatives with timestep ∆t. Now we can rewrite Equation
5.38 in the following matrix notation:
Fe pt+∆t
+ Gce q c,t+∆t
= he ,
e
e

(5.39)

where:

Fe =

3 ∆z t
2∆t 2 CA,1

3 ∆z t
2∆t 2 CA,2

−1

+1


(5.40)
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Gce =



−1

−1

3 ∆z ρ
2∆t 2 At1

3 ∆z ρ
− 2∆t
2 At2

 " ∆z 2 t t
( C p1 −
0
he =
+ 2 ∆z∆t 2 A,1
ρ t
(ht1 + ht2 ) ∆z
2 ( ∆t At1 q1 −
2
"
#
t−∆t
∆z 2
1
t
t
t
)
2 ( ∆t CA,2 p2 − 2∆t CA,2 p2
+
∆z 2 ρ t
1 ρ t−∆t
)
2 ( ∆t At q2 − 2∆t At q2


2


(5.41)

#

t−∆t
1
t
)
2∆t CA,1 p1
1 ρ t−∆t
q
)
t
2∆t A1 1

(5.42)

2

Next, we make a switch to the discretization as depicted in Figure 5.2, where both
flows are defined inwards, that is q1 = q1c and q2 = −q2c . Now we can rewrite
Equation 5.39 in the following matrix notation form:
Fe pt+∆t
+ Ge q t+∆t
= he ,
e
e
with

Gce,11
Ge =
Gce,21



−Gce,12
,
−Gce,22

  
q1c
q
qe =
= 1
−q2c
q2

(5.43)



(5.44)

After separation of matrix Ge from flow column q t+∆t
, the 1D line element
e
equations finally read:
t+∆t
[−G−1
= q t+∆t
+ [−G−1
e Fe ]pe
e he ].
e

(5.45)

Which is now cast into the same general form:
Kt,1D
pt+∆t
= q t+∆t
+ f t,1D
.
e
e
e
e

(5.46)

5.B 0D Windkessel Element Equations
The three elements in Figure 5.3 are described by two resistors and one compliance. In matrix form, the equations for these elements become:

   
1 −1 p1
q
R1
= 1 ,
(5.47)
−1 1
p2
q2

   
1 −1 p2
q
R2
= 3 ,
(5.48)
−1 1
p3
q4

 2  
1 −1 ∂p
q5
∂t
C
.
(5.49)
∂p4 =
−1 1
q6
∂t
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These element can be assembled to
Ce
with:

∂pe
∂t


0
0
Ce = 
0
0
 1
Z
− 1
 Z

Rre = 
0
0

+ Rre pe = q e ,
0
C
0
−C

0
−C
0
C

− Z1
1
1
Z + R
1
−R
0

0
0
0
0

(5.50)


0
0
,
0
0

(5.51)


0
− R1 

1 ,
R
0

(5.52)

where pe = [p1 , p2 , p3 , p4 ]T , and q e = [q1 , q2 + q3 + q5 , q4 , q6 ]T .
Application of the second order backward differentiation scheme on Equation 5.50
results in:
3
−2 t
1 t−∆t
Ce + Rre )pt+∆t
= (Ce (−
pe −
p
)) + q t+∆t
,
e
e
2∆t
∆t
2∆t e
which is now cast into the same general form:
(

Kt,0D
pt+∆t
= f t,0D
+ q t+∆t
.
e
e
e
e

(5.53)

(5.54)

5.C Newton-Raphson Linearization
The linearization of Equation 5.14 is performed using the Newton-Raphson
method. This method is used to step forward in time and uses the current timestep
to estimate the pressure of the next timestep. At timestep t, Equation 5.14 gives:
pti − pt4 =

1 (qrt )2
(q t )2
ρ( t 2 − it 2 .
2 (Ar )
(Ai )

(5.55)

The right-handside can than be written as a function with variable qi , which results
in:
pti − pt4 = f (qit ).
(5.56)
If we use this equation to step forward in time, this results in:
pt+∆t
− pt+∆t
= f (qit+∆t ),
4
i

(5.57)
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with ∆t the timestep. We now want to apply the Newton-Raphson method for the
right-handside, which uses the previous timestep and estimates the difference with
the next timestep:
pt+∆t
− pt+∆t
= f (qit ) +
4
i

∂f (qit ) t+∆t
(qi
− qit ),
∂qit

(5.58)

here, the higher order terms are omitted.
Using this Newton-Raphson method, Equation 5.55 can finally be rewritten to
Equation 5.15:
qit t+∆t
q
+
(Ati )2 i
ρ (qit )2
ρ (qrt )2
+
,
t
2
2 (Ai )
2 (Atr )2

pt+∆t
− pt+∆t
=ρ
4
i

with i=1,2,3.

(5.59)
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6.1 Motivation and aim
measurements of the brain is crucial for the diagnosis of cerebral pathologies and the assessment of injury severity[1, 2]. Moreover, continuous monitoring allows clinicians to evaluate the effect of their treatment
strategies[2]. Unfortunately, most existing methods are either invasive or limited
by the restricted accessibility of the brain. Some promising non-invasive methods
for cerebral monitoring have been developed but they cannot yet match the current gold standards used for monitoring and decision-making and, hence, need
improvement. In this thesis we aimed to improve the non-invasive assessment of
two cerebral pathologies by developing two new technologies.
In the first part, our goal was to evaluate the current optic nerve sheath diameter
(ONSD) assessment methodologies as well as to develop an algorithm for automatic
estimation of the ONSD. The latter should eliminate the large inter- and intraobserver variabilities that are present in current manual assessment approaches
and that hamper the ONSD as a non-invasive surrogate marker for the detection of
elevated intracranial pressure (ICP).
In the second part, our objective was to improve the estimation of boundary conditions (BCs) for 3D hemodynamic aneurysm rupture risk simulations using a 1D
pulse wave propagation model (PWPM). Such hemodynamic rupture risk models
can assist in clinical decision-making but are dependent on proper boundary conditions. However, BCs for these simulations can often not be measured in clinical
practice and using PWPMs to estimate them is currently the best available alternative[3, 4]. We evaluated which aspects of the PWPM affect the estimation of the BCs
and evaluated how these aspects influenced the corresponding 3D model-based
rupture risk indices.

P

6.2 Part I: Non-invasive ICP assessment using the ONSD
6.2.1

Major findings and clinical considerations

Our literature review in Chapter 2 revealed poor reporting of, and large differences
in ONSD assessment methodologies. Especially variations in placement of the
ultrasound markers used to delineate the optic nerve sheath were found, which resulted in differences in ONSD values that could be as large as 1.2 mm. Furthermore,
we observed that the various methods had different sensitivities to changes in ICP
resulting in discrepancies in ONSD values up to 0.6 mm. These inconsistencies in
ONSD assessment methodologies hamper the full potential of the ONSD as a noninvasive surrogate marker for elevated ICP[5, 6] because they result in differences
in ONSD values that are of the same order of magnitude as the difference in ONSD
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values between patients with normal and elevated ICP as shown in Chapter 2 and
literature[7–9]. In Chapter 2, we therefore composed a set of recommendations for
ONSD assessment as a first step to decrease the observer variability in measured
ONSD values caused by differences in ultrasound marker placement. However,
the true impact of these recommendations on the reduction in ONSD variability
depends on operator compliance.
In Chapter 3 we developed an automated algorithm that was able to automatically
determine ONSD values from B-mode ultrasound images. The ONSD values obtained with the algorithm were comparable to ONSD values determined by medical
experts but had no observer variability because the algorithm requires no user-input.
Moreover, the mean differences in ONSD values between the algorithm and the
experts were found to be approximately 0.1 mm and thus significantly smaller than
the 1 mm difference observed between patients with normal and elevated ICP. In
summary, we developed an algorithm that is clinically accurate and comparable to
another fully automatic ONSD algorithm[10]. However, in contrast to the existing
algorithm, our algorithm is also applicable to images without a clear distinction
between the retrobulbar fat and the hyperechoic bands and to images that do not
have hyperechoic bands at all. Our algorithm therefore provides a new solution to
eliminate variabilities in ONSD values caused by manual assessment of the ONSD
and can be used to obtain more accurate ONSD threshold values in future clinical
studies.
Despite the fact that our algorithm solves the problem of discrepancies in ONSD values due to manual ONSD estimation, there are more aspects that can compromise
the accuracy of the cut-off values for ICP estimation and that have to be investigated,
i.e. the quality and characteristic appearances of the ultrasound images, and the
ICP measurements. Ultrasound images do not only depend on the occurrence of
image artefacts or physiological aspects of the patient that is imaged, but also on
the skill and experience of the operator. Moreover, differences in probe placement
or even incorrect imaging of the optic nerve can result in an altered depiction of the
optic nerve and its sheath, leading to inconsistencies in the corresponding ONSD
assessment. It is therefore crucial that the image acquisition is standardized. Inaccuracies within the invasive ICP measurements due to drift, improper calibration,
or incorrect placement of the measurement devices will also affect the assessment
of accurate ONSD threshold-values. It is therefore also important to improve the
ICP measurements.
In order to obtain more consistent ONSD cut-off values and to make automated
ONSD algorithms more widely applicable in the clinical settings, it is important
to investigate to what extend the variabilities in optic nerve sonography and ICP
measurements can be improved by the development of standardized measurement
protocols, before we further improve the automated assessment of the optic nerve
sheath diameter.
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Limitations and Future work

The automated segmentation algorithm we developed has some limitations. First
of all, the segmentation is performed offline instead of on the ultrasound machine
itself, which might hold back the deployment of the automatic segmentation in
standard clinical practice. It is therefore important to incorporate our algorithm in
the software of ultrasound scanners to increase the feasibility of the algorithm in
the clinical setting.
Moreover, our algorithm has problems handling poor quality images, whereas the
experts are able to extrapolate the sheath outline over large regions in case of a
non-obvious distinction between retrobulbar fat and hyperechoic bands. However,
it remains an open question how accurate such (manual) extrapolations are because
our results showed differences in ONSD estimations between the two observers.
In order to develop segmentation algorithms that match the ”extrapolation and
segmentation capabilities” of the human brain, the ”segmentation rules” of the
brain, as developed through evolution, need to be mimicked. However, identification of these advanced ”rules” is not easy and implementing all these rules in an
algorithm might be even harder. Machine-learning algorithms might be useful
here[11] as they do not require a full definition of the ”extrapolation-rules”. By
feeding machine-learning algorithms with annotated data, in our case B-mode
ultrasound images where the delineation of the optic nerve sheath is already marked
by experts, one can let the computer figure out its own ”rules” that are needed to
match the expert segmentation. However, also machine-learning has some drawbacks. First of all, a machine-learning algorithm is only as good as the data it is
trained with. Therefore, a large amount of good quality ultrasound images is needed
to train the machine-learning algorithm. These images should be representative of
the ultrasound images that are encountered within the field of optic nerve sheath
sonography and there should be consensus about the ”true” annotation of the optic
nerve sheath within these images. Second of all, we have no idea which image
features the computer utilizes in order to segment the outline of the optic nerve
sheath because the computer makes up its own rules behind the scenes. This makes
it more difficult to ”change” the rules of the machine-learning if the algorithm
needs to be adapted to images with different characteristics. Nevertheless, whether
we want to reduce the variability in ONSD measurements by either improving the
accuracy of manual segmentations, of automated segmentation algorithms, or of
machine-learning segmentation algorithms, it is crucial to improve the quality and
consistency of the ultrasound images.
Another limitation of our work is that we did not validate whether the automaticallyderived ONSD values correlate better with invasively measured ICP than the
manually-derived ONSD values and whether the algorithm indeed improves the
accuracy of ONSD as a non-invasive surrogate marker for elevated ICP. As men-
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tioned earlier, the assessment of accurate ONSD cut-off values for the detection
of elevated ICP depends on the uncertainties within the ONSD and ICP values.
If the reduction in the ONSD variability by means of automatic assessment does
not prove to be sufficient for accurate ONSD cut-off values, we should focus on
reducing the discrepancies in optic nerve sonography and ICP measurements.
But even if we manage to reduce all the measurements variabilities, it remains to be
seen if the ONSD can, without a doubt, be used as a non-invasive surrogate marker
for patient-specific ICP predictions and replace the current invasive ICP monitoring.
Humans come in different shapes and sizes and the diameter of the optic nerve
and the surrounding sheath are most likely also subject to inter-subject variability.
This inter-subject variability will subvert the discriminative power of the ONSD,
especially in borderline cases. As a consequence, it might well be that the ONSD
on its own cannot be used to estimate the exact ICP of a patient but can only be
used to monitor increasing or decreasing ICP trends within a patient. To correct for
the effect of inter-subject variability and to increase the discriminative power of
the ONSD it might therefore be useful to combine the current ONSD assessment
with other related metrics such as optic nerve sheath pulsatility[12] or the eyeball
transverse diameter[13–16].

6.3 Part II: Estimation of cerebral boundary conditions
6.3.1

Major findings and clinical considerations

Hemodynamic aneurysm models can aid in the clinical decision-making because
they can provide hemodynamic indices[17, 18] that give additional information
about the aneurysm rupture risk compared to morphological metrics alone[17, 19].
However, simulating accurate rupture risk is only possible when patient-specific
boundary conditions (BCs) are available[3, 17, 20–22]. In Chapter 4 we showed that
a pulse wave propagation model (PWPM) might be a suitable approach to estimate
BCs for 3D aneurysm rupture risk models when no patient-specific measurements
are available, a finding that is in accordance with[3, 4]. However, one should always
consider that the BCs are approximations and are thus affected by model uncertainties that will propagate into the uncertainty of the rupture risk indices. We showed
that population-based variations in macro-vascular properties of the PWPM can
change the BCs and corresponding rupture risk indices with an order of magnitude
similar to differences between ruptured and unruptured aneurysms. It is therefore
crucial to adapt the PWPM to patient-specific conditions.
However, making the whole PWPM patient-specific is practically impossible. Luckily, it is not necessary to set all model parameters to patient-specifically measured
values because not all model parameters have the same effect on the boundary
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conditions. Using our uncertainty quantification (UQ) and sensitivity analysis (SA)
approach it is not only possible to quantify the uncertainty in outputs of interest
resulting from the uncertainty in each model parameter, but also to identify model
parameters that contribute significantly to the variation in the output metrics, not
just on their own but also in combination with other parameters (interactions).
Identification of such influential parameters tells us which variables should be
measured patient-specifically and which might be set to population-based values.
This enables us to create a patient-specific PWPM that can assess the patient-specific
BCs needed for personalized rupture risk assessment. Moreover, it allows clinicians
and researchers to focus on measuring these parameters in clinic or finding new
and better ways to measure these parameters if needed.
However, the estimation of accurate patient-specific BCs using our PWPM does
not only depend on the accuracy of model input parameters but also on model
assumptions. Model assumptions determine how well the model can describe the
true underlying physiological mechanisms, known as model discrepancy. Similarly
as with the variations in 1D model parameters, model assumptions can influence
pressure and flow BCs. In Chapter 5 we investigated one model assumption that is
debated in literature, i.e. the static pressure-coupling at bifurcations[23]. Changing
our pressure-coupling increased the systolic pressure in the proximal arteries of
our model by 1 % and decreased the systolic pressures in the distal arteries by 3
%. Although these findings indicate that the BCs obtained from our 1D model
are hardly having any bias due to our pressure-coupling assumption, it might be
possible that the effect becomes significant when we adjust our model to match
the physiological envelop of a patient in order to simulate patient-specific BCs.
Nevertheless, using our UQ & SA approach we can also identify important model
assumptions and use this information to personalize our PWPM and the simulated
BCs even further.
Although we have developed all the tools needed to personalize our PWPM, our
framework cannot yet be used to perform patient-specific simulations within the
clinical setting because we still need to determine which model parameters and
assumptions are crucial for the assessment of patient-specific BCs and personalized
aneurysm rupture risk indices, and because we did not yet validate if our framework
is feasible within the clinical setting.
In order to bring computer models into the clinic, the optimal trade-off between
the model’s complexity and the (clinical) data required to calibrate (personalize)
the model has to be found. Sometimes the parameters needed for the calibration
can simply not be measured in patients due to technological or ethical limitations,
other times the measurements are just not feasible within the clinical work flow. As
a result, model assumptions have to be made which can lead to model discrepancies and thus to model output errors that can prevent the estimation of accurate
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diagnostic metrics. However, it is also possible that the required measurements
are already part of the standard patient care but that the quality of the available
clinical data is not good enough for model calibration. In the clinical setting it is
often no problem when measurements contain a measurement error because data
are frequently only used to monitor trends within a patient. However, these errors
can be disastrous for the correct modeling of physiological mechanisms.
Besides the trade-off between model complexity and model input data, it is also
important that the simulated model output metrics are clinically useful. Computer
models can be used to calculate a wide variety of metrics but these will only benefit
clinical decision-making if they have an added value for diagnosing or monitoring
patients.
In order to adjust computational models and the quality and availability of the clinical data to one another, an iterative and multidisciplinary[24] approach is needed
to allow engineers and clinicians to learn from each other and to complement each
other using their own specific knowledge. Only this way the full potential of our
model (and models in general) can be brought into the clinical setting and thereby
benefit clinicians and patients due to their diagnostic abilities.

6.3.2

Limitations and Future work

The outcome of the uncertainty quantification depends on a correct definition of the
input uncertainty ranges, something that can be difficult to define. We based the
uncertainty of our 1D PWPM parameters on physiological population ranges found
in literature. In addition, we incorporated a physiological relation between some
parameters using age. Nevertheless, it is possible that we carried out simulations
with non-physiological combinations of parameters. This could potentially lead
to parameter contributions that deviate from the truth giving us an incorrect idea
of the importance of parameters. However, by comparing the model response, e.g.
systemic pressures or reflections at bifurcations, with known physiological values,
the non-physiological simulations could be detected[25]. Non-physiologically combinations can also occur when we set certain model parameters to patient-specific
values while keeping others at population-based values. To prevent incorrect risk
predictions, it is important to detect such non-physiological combinations by analyzing the model responses.
Another limitation is the fact that we evaluated the influence of only a few model
parameters and only one model assumption on our pressure and flow waveforms.
Moreover, we did not take into account the model assumptions of the 3D rupture
risk model and the uncertainties that might arise from the imaging and segmentation of the aneurysm geometry. The influence of these additional uncertainties
could possibly be crucial for the simulation of personalized rupture risk indices

6

122 | C

6

and should therefore be investigated in future work. Despite the fact that we only
investigated the influence and validity of a few model input uncertainties and model
discrepancies, the pressure and flow waveforms of our virtual database showed good
agreement with the simulated waveforms of Mulder et al. [26] and the physiological
waveforms reported in Ford et al. [27]. Moreover, our 3D simulations showed results
according to literature for both the simulated 3D flow patterns[3, 28, 29] as well as
for the aneurysm rupture risk indices[17, 20, 30, 31].
As mentioned above, the development of models that can perform patient-specific
predictions requires the correct choice of model input parameters and model assumptions. However, it is not always possible to include all the physiological
processes that are needed for patient-specific simulations in a computer model, as
some mechanisms are not completely understood and can therefore not be captured
in physical equations. In such cases it might be necessary to resort to hybrid modeling techniques where the initial physiological simulation model is combined with
other predictive methodologies, e.g. the unknown mechanism might be captured
in a phenomenological model such as a multi-variate regression models.
It might be evident that more improvement steps are needed before our framework can be fully incorporated within the clinical settings. Though this requires a
tremendous amount of work, these steps are necessary to develop patient-specific
PWPMs that can assess the boundary conditions for 3D hemodynamic aneurysm
rupture risk models to allow aneurysm rupture risk assessment in all cases where
no measured patient-specific pressure and flow waveforms are available. However,
this does not imply that PWPMs cannot be useful until we resolved all the above
mentioned issues. Until then, PWPM can already be used to obtain new insights
about disease or to find new metrics for the diagnosis of pathologies (see the next
section).

6.4 Technologies in the clinical setting
In this thesis we demonstrated the application of technologies to improve existing
non-invasive methods for the diagnosis and monitoring of cerebral pathologies.
First of all, we showed the ability of image segmentation algorithms to segment
ONSD from ultrasound B-mode images without any user input, hereby reducing
the observer variability. While our algorithm showed great potential to segment
ONSD from ultrasound B-mode images, it can also be used to segment the ONSD
from Computed Tomography (CT) images. Performing CT scans when TBI patients
are submitted to the hospital to assess the severity of the brain injury is standard
clinical care in most hospitals. Extending the CT assessment with an automatic
ONSD detection could give a first indication of the ICP while also having visual
information about the state of the brain.
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However, we are not the only ones who successfully implemented an algorithm for
the segmentation of medical images. Others have, for example, used automated
algorithms for the segmentation of brain tumours[32] or carotid plaques[33]. In general, segmentation algorithms have the potential to increase the precision of manual
segmentations, which could result in a better risk stratification or monitoring of
patients. In addition, segmentation algorithms relieve clinicians from this time
consuming task which leaves them with more time to practice other patient-related
care. Moreover, automated analysis of medical images can be done on servers 24
hours a day, seven days a week. As a result more images can be processed, thereby
allowing monitoring, diagnosis, and treatment planning of more patients.
In our work we also presented a framework in which PWPMs can be used to
simulate patient-specific BCs for cerebral aneurysm rupture risk models. Besides
the generation of BCs for other models, our PWPM model can also be used for risk
stratification on its own as long as we can capture the underlying physiological
mechanisms in our model. Researchers have already explored the feasibility of
using PWPMs to assess the ICP[34, 35]. Although these models showed promising results, capturing the complete hemodynamic brain circulation including
the cerebrospinal fluid and obtaining the correct parameter settings for patientspecific ICP predictions is not easy. To overcome this problem, the latest trend is
data-augmentation[34, 36], a technique where model simulations and measurement data are combined in an advanced way in order to obtain better predictions.
Wang et al. [34] showed how a PWPM in combination with cerebral blood flow and
arterial blood pressure measurements, can be used to obtain better ICP predictions.
Although computer models combined with data-augmention have shown good ICP
predictions with an average error smaller than 5 mmHg[34, 36], the accuracy of the
model predictions is often limited by the quality and consistency of the clinical
measurement data.
Pulse wave propagation model can also be used to perform in silico trials to obtain
insight into possible mechanisms behind certain pathologies or to find new metrics
that could potentially be used to monitor/diagnose patients. By manipulation of
model parameters or equations we can turn the ”healthy” model into a ”diseased”
model. Using physiological ranges of healthy people and diseased patients the
model input parameters can be adjusted and used to construct a virtual (patient)
database. Comparison of the results obtained with the ”healthy” and the ”diseased”
models with physiological changes observed in patients, allows us to develop new
hypotheses about pathological mechanisms or to find new possible metrics that can
then be further investigated in patients. In addition, we can investigate longitudinal
changes by including adaptation/remodeling in our model. In a study of Melis et al.
[37], small vessel disease was simulated by adjusting the radii and stiffnesses of the
distal cerebral vessels in a PWPM. Next, changes in simulated waveforms of the
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proximal vessels were quantified by introducing new metrics that could possibly be
used to diagnose patients with small vessel disease. The next step in their research
would be to validate the discriminative power of these metrics by measuring them
in small vessel disease patients and comparing them with values obtained in healthy
controls.
Besides for monitoring or the diagnosis of diseases, PWPMs can also be used to support the surgeon with intervention planning. Treatment scenarios can be modeled
and evaluated using patient data, thereby giving the surgeon advise on the possible
best treatment option for the patient. An example is the surgical planning of vascular access in hemodialysis patients[38]. By feeding the PWPM with patient-specific
flow and diameter data the PWPM model can predict the best location for the
construction of the vascular access, hereby assisting the surgeon in his decision.
We also illustrated how 3D-CFD models can be used to simulate complex flow
patterns to derive rupture risk indices for cerebral aneurysms. However, CFD simulations are not limited to vascular applications such as the assessment of the risk of
aneurysm rupture or aortic dissections[39]. They can, for example, also be used to
simulate the air flow out of the lungs and assess the risk of the spread of infectious
diseases to another person[40, 41], which is an application that is, at this moment,
very topical and very important.
From our discussion above it is clear that technologies have great potential to improve clinical monitoring and decision-making when the effect of limitations, model
assumptions, and model input uncertainties are taken into account. However, from
the technologies developed in Part I and Part II it becomes clear that it is crucial
to improve the quality of the clinical data that feed these technologies. In order
for technologies and clinicians to better complement each other, it is important
that engineers and clinicians cooperate and provide each other with continuous
feedback.
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6.5 Conclusion
The monitoring and diagnosis of cerebral pathologies is crucial to prevent brain
damage and even death in patients. Current monitoring options are limited and
often invasive. Although non-invasive approaches are promising, they cannot yet
match the current invasive gold standards.
In this thesis we aimed to use technologies to improve 1) the use of the optic nerve
sheath diameter as a non-invasive assessment technique to assess intracranial pressure, and 2) the estimation of boundary conditions for cerebral aneurysm risk
simulations using a pulse wave propagation model.
In the first part, we revealed inconsistencies in current ONSD assessment methodologies that hamper the full potential of the ONSD as a non-invasive surrogate
marker for elevated ICP. To resolve the problem of inter- and intraobserver variabilities associated with manual ONSD assessment, we developed an automated
algorithm to segment the ONSD from B-mode ultrasound images of sufficient
quality. In addition, we proposed a set of guidelines to improve the quality of
ultrasound image acquisition. These guidelines could be a first step towards the
standardization of optic nerve sonography.
In the second part, we showed that 1D PWPMs can be used to simulate BCs for
aneurysm rupture risk models but that model input uncertainty and model discrepancies affect the BCs and corresponding aneurysm rupture risk indices. Our
technology provides the tools needed to take into account the effects of inputand model uncertainties and allows the construction of a patient-specific PWPM
which can be used to estimate patient-specific BCs that are crucial for accurate
hemodynamic aneurysm rupture risk prediction.
Based on this work it is evident that technologies can improve current non-invasive
monitoring techniques. Nevertheless, more technological development and more
accurate measurement data are needed before patients can fully benefit from such
technologies. Hereto, a multidisciplinary approach is needed.
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8.6 Introduction
vascular pathologies can have a major impact on a patient’s quality
of life or even result in the death of the patient. Therefore, early diagnosis
and adequate monitoring of cerebral diseases is very important. However,
performing measurements on the brain is challenging because the accessibility of
the brain is limited by the skull and opening the skull is very invasive. To obtain
crucial information about the status of the brain and the pathology, new and
preferably non-invasive measurement techniques are being developed. Although
new non-invasive techniques show promising results, these techniques are often
not good enough to be deployed within the clinical setting and, hence, need to
be improved. Moreover, risk stratification of some cerebral diseases can not be
performed because the associated metrics can not yet be measured. In these
cases it might be possible to estimate the diagnostic metrics by using information
measured at other locations within the body. Technological advances, such as
computer models, can potentially play an important role in the improvement and
development of the non-invasive monitoring and assessment methods of the future.
In this thesis we showed how technologies can be used to improve the non-invasive
assessment of intracranial pressure in patients suffering from traumatic brain injury
(Chapters 2 and 3) or to improve the non-invasive assessment of aneurysm rupture
risk in patients suffering from cerebral aneurysms (Chapters 4 and 5).

C

8.7 Clinical and Societal relevance
In Part I we aimed to improve the assessment of the optic nerve sheath diameter
(ONSD) for the detection of elevated intracranial pressure (ICP). The work performed in Chapter 2 highlights the influence of measurement inaccuracies on
ONSD values which includes the sensitivity of these ONSD values to changes in
ICP. Our work makes clinicians (and researchers) aware of the possible intra- and
interobserver variabilities present within manual ONSD measurements as well as
their corresponding influence on risk stratification. By exposing the discrepancies
in manual assessment methods that cause the uncertainties in ONSD threshold
values, we show the importance of standardization by methodological guidelines
and the need to comply to such guidelines. Our set of ONSD assessment guidelines
proposed in Chapter 2 is a first step towards standardization of ONSD assessment.
Only by standardized assessment methods we can ensure good quality measurements and achieve accurate discriminative clinical metrics, not only for pathologies
and applications discussed in this thesis, but for clinical monitoring and diagnosing
applications in general.
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The completely automated ONSD algorithm, presented in Chapter 3, does
not only relieve clinicians from the task of manually assessing the ONSD, but also
improves the accuracy of ONSD assessment as it overcomes the intra- and interobserver variability associated with manual ONSD assessment. Our algorithm can
easily be applied within the clinical settings because it is applicable to B-mode ultrasound images that are already regularly used to image the optic nerve sheath and
because our algorithm requires no additional knowledge or effort from clinicians.
In addition, our presented technology can be incorporated fairly easy within the
clinical setting by implementing our algorithm on ultrasound scanners. Moreover,
our algorithm will be published in journals associated with the field making it
widely available and, hence, increasing the number of patients that can benefit
from our work even further. Although further research should be performed to
validate if the automatic ONSD assessment indeed results in more accurate ONSD
cut-off values for the detection of patients with elevated ICP, such a non-invasive ICP
assessment brings multiple benefits for both society and patients. First of all, the
physiological burden on these already critically-ill traumatic brain injury patients
is greatly reduced because the very invasive ICP sensors become redundant. In
addition, the hospitalization cost of these patients might be reduced as patients can
be treated more effectively. Moreover, non-invasive methods allow ICP monitoring
in non-comatose patients normally not subjected to ICP measurements because of
its invasive nature, e.g. children with hydrocephalus, also improving clinical care
for such patient groups.
In Part II we explored the feasibility of a pulse wave propagation model (PWPM)
for the estimation of patient-specific boundary conditions for cerebral aneurysm
rupture risk models. Most clinical treatments are based on their effectiveness
within patient populations. However, these treatments might not be as effective
for every individual patient within this population. Individualized treatments
would be the pinnacle of clinical practice but require assessment of the multifactorial physiological status of every individual patient. Unfortunately, current
measurement methods are not capable of measuring and taking into account all
the relevant factors needed for an accurate and detailed assessment of the patient’s
status. Moreover, even with improved measurement techniques it might still not
be possible to directly measure every relevant parameter/process within the human
body. In such cases it might be possible to estimate these metrics by using information from other locations within the body. Our PWPM that mimics physiological
processes of the human body by combining physical laws and physiological knowledge can be used to simulate these unmeasurable variables using patient data that
can be measured at other locations in the human body. This allows for the diagnosis and monitoring of cerebral pathologies that would otherwise not be possible.
Moreover, these models can also be used to simulate the effect of certain treatment
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options[1] and any possible changes within the patients, hereby aiding in the clinical
decision-making. Finally, such computer models might be used to link many of
these aspects together, hereby creating a more complete picture of the physiological
state of the patient, which allows for a more patient-specific treatment.
In order to simulate patient-specific diagnostic metrics it is important that computer models describe the relevant patient characteristics as closely as possible.
Unfortunately, not all model settings can be measured patient-specifically due to
for example, technical or ethical limitations. In addition, not all the processes
within the human body can be captured within physical equations because some
processes will never be completely understood. Therefore, researchers need to deal
with the fact that some model parameters have to be set to population-based values
and that some processes have to be simplified using model assumptions. Using the
framework presented in Chapters 4 and 5 one can determine the uncertainties
within the simulation outputs resulting from the errors present in the model input
parameters. Moreover, it enables one to pinpoint those model parameters and
model assumptions that have a large influence on the model outputs and should
therefore resemble the true patient-specific situation as closely as possible. Identification of such important parameters allows researchers to focus their efforts
on measuring these variables more accurately or on developing new technologies
that can be used to perform accurate measurements of the necessary parameters
within patients. Therefore, our framework contributes to the efficient development
of patient-specific models.
Although frameworks for patient-specific aneurysm rupture risk have already been
developed[2, 3], complete frameworks that can capture the total physiological
state of a patient and assess patient-specific treatment methods are still far from
bedside application. In order to incorporate such frameworks into daily clinical
practice, a multi-disciplinary collaboration between engineers and clinicians is
needed. Hereto, it is important that both clinicians and researchers are aware of
the existence and possibilities of the tools and computer models as described in this
thesis. The methods presented in this thesis are or will be published in scientific
journals and are therefore available for other investigators who are interested in creating model-based frameworks that can support patient-specific decision-making.
Hopefully, our work contributes to a future where patient-specific treatment is daily
clinical practice.
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