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Abstract
Background: Disturbed blood flow to the brain has been associated with several
neurological diseases, from stroke and vascular diseases to Alzheimer’s and
cognitive decline. To determine the cerebral arterial blood flow distribution,
measurements are needed in both distal and proximal arteries.
4D flow MRI makes it possible to obtain blood flow velocities from a volume
covering the entire brain in one single scan. This facilitates more extensive flow
investigations, since flow rate assessment in specific arteries can be done during
post-processing. The flow rate assessment is still rather laborious and time
consuming, especially if the number of arteries of interest is high. In addition, the
quality of the measurements relies heavily on the expertise of the investigator.
The aim of this thesis was to develop and evaluate an automatic post-processing
tool for 4D flow MRI that identifies the main cerebral arteries and calculates their
blood flow rate with minimal manual input. Atlas-based labeling of brain tissue
is common in toolboxes for analysis of neuroimaging-data, and we hypothesized
that a similar approach would be suitable for arterial labeling. We also wanted to
investigate how to best separate the arterial lumen from background for
calculation of blood flow.
Methods: An automatic atlas-based arterial identification method (AAIM) for
flow assessment was developed. With atlas-based labeling, voxels are labeled
based on their spatial location in MNI-space, a stereotactic coordinate system
commonly used for neuroimaging analysis. To evaluate the feasibility of this
approach, a probabilistic atlas was created from a set of angiographic images
derived from 4D flow MRI. Included arteries were the anterior (ACA), middle
(MCA) and posterior (PCA) cerebral arteries, as well as the internal carotid (ICA),
vertebral (VA), basilar (BA) and posterior communicating (PCoA) arteries. To
identify the arteries in an angiographic image, a vascular skeleton where each
branch represented an arterial segment was extracted and labeled according to
the atlas. Labeling accuracy of the AAIM was evaluated by visual inspection.
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Next, the labeling method was adapted for flow measurements by pre-defining
desired regions within the atlas. Automatic flow measurements were then
compared to measurements at manually identified locations. During the
development process, arterial identification was evaluated on four patient
cohorts, with and without vascular disease. Finally, three methods for flow
quantification using 4D flow MRI: k-means clustering; global thresholding; and
local thresholding, were evaluated against a standard reference method.
Results: The labeling accuracy on group level was between 96% and 87% for all
studies, and close to 100% for ICA and BA. Short arteries (PCoA) and arteries
with large individual anatomical variation (VA) were the most challenging. Blood
flow measurements at automatically identified locations were highly correlated
(r=0.99) with manually positioned measurements, and difference in mean flow
was negligible.
Both global and local thresholding out-performed k-means clustering, since the
threshold value could be optimized to produce a mean difference of zero
compared to reference. The local thresholding had the best concordance with the
reference method (p=0.009, F-test) and was the only method that did not have a
significant correlation between flow difference and flow rate. In summary, with a
local threshold of 20%, ICC was 0.97 and the flow rate difference was -0.04 ± 15.1
ml/min, n=308.
Conclusion: This thesis work demonstrated that atlas-based labeling was
suitable for identification of cerebral arteries, enabling automated processing and
flow assessment in 4D flow MRI. Furthermore, the proposed flow rate
quantification algorithm reduced some of the most important shortcomings
associated with previous methods. This new platform for automatic 4D flow MRI
data analysis fills a gap needed for efficient in vivo investigations of arterial blood
flow distribution to the entire vascular tree of the brain, and should have
important applications to practical use in neurological diseases.
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Introduction
Assessment of blood flow in the cerebral arteries is challenging but important.
Vascular disease is a major cause of impairment and death in the population 1.
Blood flow disturbances have been shown to impact both risk and outcome of
ischemic stroke and other neurological diseases such as Alzheimer’s and vascular
dementia2–7.
In ischemic stroke, the blood flow to the brain is compromised due to a stenosis
or occlusion of a cerebral artery. Sometimes, alternative pathways can be
activated so that the blood reaches the affected area despite the obstruction.
These paths are called collateral pathways, and their extent varies between
individuals8,9. Therefore, blood flow measurements in connection to the stenosis
do not tell the whole story, and blood flow measurements in more distal arteries,
supplying the affected part of the brain, can help fill the gaps.
One way to access blood flow rates throughout the whole arterial cerebral
circulation is with 4D flow MRI10,11 a technique where blood flow velocity can be
obtained in a volume covering the whole brain with sub-millimeter isotropic
resolution in less than ten minutes.
To fully utilize the properties of 4D flow MRI, advanced post-processing tools are
needed. Today most 4D flow MRI analyses are done with manual or semi-manual
methods12,13, which can be time consuming when looking at many arteries. By
automating this process, radiologists can focus on interpreting flow values rather
than producing them.
For such automatic tools to be useful, they need to identify the arteries of interest
and quantify their flow rate. Atlas-based labeling is commonly used for labeling
of brain tissue14,15, but has not yet been evaluated for arterial labeling. Some
methods for automatic vessel segmentation and flow quantification have been
presented16,17, but in contrast to the heart and aorta18 there is no consensus on
how to analyze 4D flow MRI of cerebral arteries.
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In this thesis, an automatic tool for identifying cerebral arteries and measuring
their blood flow rate is presented and validated. This method is based on a large
stereotactic probabilistic atlas, constructed from manually labeled 4D flow MRI
angiograms.
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Background
Cerebral arteries and collateral circulation
The brain is supplied with blood through the internal carotid arteries (ICA) and
vertebral arteries (VA) (Figure 1). Inside the cranium, the two VA merges to form
the basilar artery (BA) which then bifurcates to the left and right posterior
cerebral arteries (PCA), while each ICA bifurcates to the anterior (ACA) and
middle cerebral artery (MCA). These arteries are then joined together through the
anterior (ACoA) and posterior communicating arteries (PCoA) to form the circle
of Willis (CoW) (Figure 1).
The CoW functions as a collateral system, which means that blood can be
redistributed to compensate for insufficient flow in other arteries. Having a wellfunctioning collateral system increases the chances of a good outcome of stroke 19.
However, absence or underdevelopment of one or more arterial segment in the
CoW is very common20–22. A missing ACoA or PCoA will not affect the circulation
in the normal situation, but it weakens the collateral function of the CoW (Figure
1). Two common deviations of the CoW are that the pre-ACoA part of ACA (A1),
or the pre-PCoA part of PCA (P1) is missing; the latter is called a fetal PCA since
it is a remainder from the fetal stage. In both these cases, the presence of a
functional ACoA or PCoA respectively is crucial for maintained circulation. The
VAs are not considered part of the CoW, but deviations in their anatomy do affect
the collateral function. The relative size of the two VAs varies a lot within the
population, where in most cases the left VA is larger than the right one 23,24.
The CoW is the primary collateral system, in addition to this there are secondary
collateral systems, such as the leptomeningeal and extracranial collateral
circulations8. In the leptomeningeal system, different vascular territories are
connected through cortical anastomoses, and in the extracranial system, the
extracranial and intracranial circulation is connected through the ophthalmic
artery and the arteries of the face. Both these collateral system allows for
retrograde flow distal to the stenosis or embolus, to ensure continued blood
supply to the affected area8.
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Figure 1: Circle of Willis: Internal carotid arteries (ICA), anterior cerebral
arteries (ACA, A1), middle cerebral arteries (MCA), vertebral arteries (VA),
basilar artery (BA), posterior cerebral arteries (PCA, P1), anterior
communicating artery (ACoA) and posterior communicating arteries (PCoA).

Stroke
A stroke can be either ischemic (80%) or hemorrhagic (20%)25. Hemorrhagic
stroke is caused by a bleeding in the brain, the most common etiologies are
hypertension or aneurysms26.
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Ischemic stroke can be defined as a lack of oxygen and energy depletion in the
brain tissue, caused by impaired blood flow. There are three main causes for
ischemic stroke: 1. Cardioembolic disease, where a blood clot is formed in the
heart and travels up to the brain26. 2. Atherosclerosis (large vessel disease), where
plaque builds up in the extracranial or large intracranial arteries to form a
stenosis or occlusion26. This can either cause an obstruction at the location,
disturb the flow pattern causing blood to coagulate and form a cloth (thrombus),
or the plaque can burst and cause an embolus that travels with the blood flow,
and causes a blockage further out in the vascular system. 3. Small vessel disease,
caused by stenosis or occlusion of small end arteries, which generally results in
lacunar infarcts, lesions in subcortical tissue with a diameter under 15 mm 25,26. A
type of small vessel disease is white matter lesions or white matter hyper
intensities, named for their appearance on magnetic resonance imaging (MRI).
They typically occur with age and usually do not cause any acute symptoms, but
a larger size and/or number have been connected to low cerebral blood flow and
high pulsatility, as well as cognitive decline 27. An emboli or thrombosis can also
cause a transient ischemic attack (TIA), a temporary reduction of blood flow to
the brain or eye28. The risk of a stroke occurring after a TIA is high in both the
long and the short term29,30, therefore a TIA should be taken seriously, even
though the symptoms disappears.

Angiography
Angiography is used to visualize the vasculature to find vascular malformations
or obstructions of the blood flow. Digital subtraction angiography (DSA) is
considered the golden standard for cerebral angiography, but is more and more
often replaced by computed tomography angiography (CTA) or MR-angiography
(MRA)31. Both DSA and CTA require injection of a contrast agent, which can be
damaging for the kidneys32, while MRA can be done both with and without
contrast enhancement. In DSA, the contrast agent is administered through
catheters inserted into the major arteries, which is not needed for CTA and MRA
contrast agents. DSA is therefore considered to be more invasive and is associated
with more complications33,34.
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The most common non-contrast enhanced MRA-technique is time of flight (TOF)
MRA, where the static tissue is magnetically saturated using repeated excitations.
When fresh, non-saturated blood flows in to the imaging volume, it will have a
much stronger signal compared to the background, and can therefore be
imaged31.

Magnetic resonance imaging
An advantage of MRI compared to other radiologic methods is that no ionizing
radiation is used; instead MRI utilizes interactions between atomic nuclei, and
uses external magnetic fields to form images. Generally, hydrogen nuclei are
imaged due to their abundance in the body through water and fat35. The property
of the nuclei that is used for imaging is called spin, and can be regarded as a
rotation around an arbitrary axis. When an external magnetic field (B0) is applied,
the spins start to rotate around the direction of that field as well, producing a net
magnetization of the tissue in the direction of the B0 field36. The frequency of this
rotation is called the Larmor frequency, and is proportional to the strength of the
external magnetic field.
A second perpendicular magnetic field (B1) oscillating with the Larmor frequency
is used to excite the spins, pushing the net magnetization away from the B0
direction, towards the transverse plane. The shift induced by this so-called radio
frequency (RF)-pulse is called the flip angle and is dependent on the duration of
the RF-pulse36. When the spins rotate within the magnetic field, an electric
current, proportional to the magnetic moment, is induced in the receiver coils in
the MR camera35. When the B1 field is removed, the spins start to return to their
original state, i.e. aligned with B0, a process known as relaxation. The most energy
effective direction of the spin is aligned with the B 0 field, therefore the spins tend
to fall back into that state, causing a gradual build-up of magnetization; this is
called longitudinal (T1) relaxation35. Different tissues have different T1 relaxation
time, which is defined as the time it takes to build up 63% of the original energy
after a 90o flip. At a B0 field strength of 3T, T1 relaxation time for blood is about
1550-2000 ms37–39, for grey matter about 1100-1700 ms and for white matter
about 800-1100 ms40.
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To form an image, spatial encoding is needed to arrange the signals based on their
location in the imaging volume. This is done by adding gradient fields which alter
the magnetic field, and hence the Larmor frequency, over the volume. This
process is based on the physical principle that spins in a stronger magnetic field
rotate quicker, i.e. have a higher frequency, than those a weaker field. If this is
done during the excitation step, only the slice where the spins have a Larmor
frequency corresponding to the frequency of the radiofrequency RF-pulse will be
excited, selecting this specific slice which can then be imaged36. To encode the
two remaining directions, phase- and frequency-encoding is used. By adding a
gradient in one of these directions during readout (the readout direction), the
placement can be determined based on the frequency of the spins. By briefly
applying a gradient in the other of these directions (the phase encoding direction)
before readout, the rotation frequency of the spins will change, leaving a phase
shift when the gradient is turned off. This must be repeated for each row in the
image, with a new excitation and readout in between36. This data is then saved in
a matrix called k-space, where each row corresponds to one read out, and each
point corresponds to one specific frequency and phase. From this data, the image
can be reconstructed using mathematical operations, in most cases using inverse
discrete Fourier transforms36.
To image a whole volume rather than just a single slice, the above described
process can either be repeated over multiple slices, or data can be collected in 3D
by exciting a whole slab and adding a second phase encoding gradient. This
gradient is then stepped through in the same way as the first phase encoding
gradient36. This will of course increase the imaging time accordingly, but there
are ways to get around this, for example by squeezing several read-outs into the
same excitation, or reducing the waiting time between excitations by using a
smaller flip angel and hence depositing less energy36,41. Another common way to
shorten the imaging time is to use parallel imaging, where information from
several coils is combined to form the image, making it possible to compensate for
under sampling36,42. In MRI, there is always a tradeoff between imaging time,
resolution, and signal-to-noise ratio (SNR). By increasing the B0 field strength,
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the SNR is increased, making it possible to increase image resolution without
compromising quality or imaging time43.

Phase contrast MRI
Intracranial blood flow velocity is commonly measured with either ultrasound,
such as transcranial Doppler (TCD)44, or 2D phase-contrast (PC) MRI45. The
acoustic properties of the scull are not suitable for ultrasound measurements, and
blood flow in intracranial arteries can therefore only be measured at specific
locations, through openings or thin parts of the cranium. In up to 11% of subjects,
the cranium is too thick to obtain TCD measurements46.
In 2D PCMRI, a phase shift is induced in the spins, proportional to their velocity,
using a bipolar gradient field. A bipolar gradient is a magnetic field with two lobes
with equal area and opposite polarity (Figure 2). This gradient will induce a phase
shift proportional to the local field strength. For stationary spins, the shift from
the positive and negative lobes will cancel each other, but moving spins will
experience different field strength during the positive and negative lobe, and
there will be a residual phase shift. A fast-moving spin will travel further along
the gradient, resulting in a larger difference between the positive and negative
field strength, and hence a larger residual phase shift (Figure 2)36. When
collecting PCMRI data, a specific encoding velocity (Venc) is specified; this is the
velocity corresponding to a phase shift of 180 degrees. Velocities exceeding this
limit will be interpreted as negative, since a phase shift of 180 + α cannot be
distinguished from -180 + α, this error is called aliasing. It is important to select
a suitable Venc value, since a too high value will result in a decreased velocity-tonoise ratio (VNR)11, which is proportional to the ratio between SNR and Venc47.
In 2D PCMRI, only one velocity encoding direction is used, placing a
measurement plane perpendicular to the desired flow direction specifies this
direction. During the last decade, a new set of techniques called 4D flow MRI11,48,
has emerged. In 4D flow MRI, flow is measured in all three spatial directions,
covering a volume instead of a single plane. Both 4D flow MRI and 2D PC MRI
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can be time-resolved over the cardiac cycle, giving the fourth dimension in 4D
flow MRI.

Figure 2: Velocity encoding in phase contrast MRI. A bipolar gradient is
applied, inducing a phase shift in moving spins
Simply extrapolating the technique used in 2D PCMRI to three dimensions would
result in extremely long scan times, especially when covering a large volume such
as the whole brain. In general, 4D flow MRI sequences are therefore undersampled. This does not mean that some areas are left uninvestigated; instead
assumptions of the underlying image are utilized to optimize data collection and
reconstruction. The 4D flow MRI sequences used in this thesis (PCVIPR - Phase
Contrast Vastly under-sampled Isotropic PRojection imaging) uses radial undersampling10, where radial spokes through the center of k-space are collected. This
results in a high sampling-rate at the center of k-space where low frequency
contrast information for the tissues is stored, and lower sampling at the edges
where high frequencies (sharp edges) are stored. Isotropic imaging means that
the image has the same spatial resolution in all directions. There are other 4D
flow MRI methods besides PCVIPR49, for example sequences using spiral
sampling50 or other parallel imaging51 to reduce scan time.
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In addition to neurovascular imaging52,53, 4D flow MRI is primarily used for
investigating various cardiovascular diseases, by imaging of for example the
heart54 or liver55. It is also very useful for visualization of flow patterns56–58 and
investigation of flow patterns in aneurysms, which are abnormal dilations of an
artery, usually located at an arterial bifurcation59,60. From 4D flow MRI data,
various hemodynamic parameters can be calculated, such as mean blood flow,
pulsatility index61, wall shear stress and pulse wave velocity52.

Image normalization
In neuroimaging, normalization to a stereotactic standardized coordinate system
is crucial for comparisons between subjects. Today the most widely used standard
coordinate system is MNI (Montreal Neurological Institute) space 62. The MNI
standard brain has been updated several times to improve quality. The MNI atlas
implemented in brain mapping software such as SPM (Statistical Parametric
Mapping) is the MNI152, where high resolution scans with improved brain
coverage from 152 subjects were linearly registered to the earlier MNI305 brain62.
SPM is a software package for analysis of neuroimaging data14. SPM can be used
for a variety of image segmentation, registration and normalization processes
with different levels of complexity. When aligning different images from the same
subject, linear transformations such as scaling and translations might be enough,
but when creating averages over subjects, more powerful methods are needed.
When choosing a suitable normalization method, it is important to consider what
properties of the image that are preserved, especially if calculations are done after
normalization. One of the more powerful normalization techniques is DARTEL
(Diffeomorphic Anatomical Registration Through Exponentiated Lie algebra)63,
where the transformation between subject and template is calculated by solving
a number of partial differential equations.

Anatomical atlases
An anatomical atlas is a collection of maps containing information that can be
used to classify data and make outcome predictions64 or to enhance anatomical
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knowledge about different structures65,66. Some vascular atlases contain detailed
descriptions of cerebral arteries67, characterizations of the main arterial trees68 or
describe average vascular density throughout the cerebral space69, which can be
useful for understanding pathologic processes of the cerebrovascular system70.
Probabilistic atlases are used for tissue segmentation71, both for specific cerebral
regions15 and other anatomical structures72, for example the tissue segmentation
method used for normalization in SPM14. Atlas-based approaches have also been
used for vascular segmentation73, as well as for quantification of blood flow in
large thoracic vessels74, and information on spatial location and branching
patterns have been used to identify specific arteries75–77, but no artery specific
probabilistic atlas has yet been proposed.

Vascular segmentation
An important part of data processing for angiographic images is the separation of
vessels from the background. The complexity of this problem depends largely on
imaging objective and type of image78,79. With a good angiographic image, a
simple thresholding could be enough to separate vessel from background,
especially if the main interest is larger arteries50; thresholding could also be used
as a first step to remove background before more advanced segmentation
methods are applied80. More advanced statistical methods81,82 or methods
incorporating a priori knowledge83 can also be employed. There are also
centerline based methods where a vascular centerline is first detected, and the 3D
rendering of the vascular tree is then recreated by cross-section calculations or
fittings at each point along the centerline84.
If the main interest is to calculate flow rates or other flow parameters at a specific
location, a coarse segmentation can be used to detect the arteries. A 2D crosssection through the selected artery can then be calculated and a more advanced
method can be applied to refine the segmentation within this plane. In this case,
manual segmenting is common85,86 sometimes in combination with automated
fitting13, but thresholding can also be used, either at a fixed level16 or manually
adjusted for each case87, as well as clustering17 or more advanced analysis of flow
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patterns88. With a segmentation of a cross-section plane, the approach is very
similar to the segmentation challenge of 2D PCMRI, where partial volume errors
and Gibbs ringing have been shown to affect the flow estimation89–91. Also in this
case, manual45,92 or semi-manual93,94 segmentation is most common, but there
are some fully automatic methods that identify the vessel border based on image
properties95,96.

Automated processing
As methods for data collection get increasingly effective, more and more output
data are produced, putting additional pressure on the post-processing and
interpretation of that data. More and more studies are also conducted as
multicenter studies97–99, leading to an even larger amount of data as well as a need
for standardized methods to ensure good agreement between analyses conducted
at different locations and by different investigators.
Automatic processing of images has several advantages such as reduced manual
workload and more standardized and reproducible results. Automated methods
have been developed for everything from detection of white matter
hyperintensities100 to nerve segmentation101 and motion corrections102, in
addition to previously mentioned atlas and segmentation methods. For analyses
of 4D flow MRI data in cerebral arteries, automated methods are lacking.

12

Aim
The main goal of this thesis was to develop a fully automatic post-processing tool
for analysis of 4D flow MRI of the main cerebral arteries that locates and labels
specific arterial segments and quantifies the blood flow rate in those segments.
More specifically, we wanted to investigate the potential of an atlas-based
approach for arterial labeling, and evaluate the suggested methods on subjects
with vascular diseases. We also wanted to investigate the reliability of flow
measurements in cerebral arteries in 4D flow MRI, using automated vessel
segmentation.
Specific aims for the studies were:
I.

To propose a method for automatic labeling of cerebral arteries in 4D
flow MRI.

II.

To construct a stereotactic and probabilistic atlas of the main
cerebral arteries, based on manually labeled 4D flow MRI
angiographies.

III.

To adapt the atlas-based automatic labeling method to facilitate flow
measurements, and to validate this method against manually placed
measurements on a sample of stroke patients.

IV.

To determine and optimize the accuracy of in vivo 4D flow MRI blood
flow rate assessments in major cerebral arteries, by comparison with
2D PCMRI.
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Material and Methods
Subjects
The studies in this thesis were based on four cohorts; Table 1 shows an
overview of the subjects included in each paper:
1.

Subject recruited within the COBRA (Cognition, Brain and Aging)
study103. Exclusion criteria were medical conditions that could alter
brain function or cognitive performance, and contraindications to MRI.

2. Patients with TIA or lacunar infarcts. Diagnosis was based on case
history, neurological examination and brain MRI examination. CTA did
not reveal any stenosis or occlusion of internal carotid, vertebral or
basilar arteries, or in the middle, anterior or posterior cerebral arteries.
3. Patients with carotid artery stenosis ≥ 50%. Stroke diagnoses were
based on case history, neurological and brain MRI examination, and
stenosis grading was done with CTA or ultrasound.
4. Elderly subjects who were recruited for this specific study, but also as a
ten year follow up to a previous study at our facility 104. The only
exclusion criteria were contraindications to MRI.
Table 1: Overview of subjects included and data used in each paper
Paper
I
II
II
III
IV

Cohort
no.
1
1
2
3
4

No. subjects

Male/Female

112 (24+21+67)
167
10
38
35

65/47
97/40
7/3
27/11
15/20

Age
(mean ± SD)
65.8 ± 1.2
65.8 ± 1.2
69.4 ± 7.7
72.5 ± 5.7
78.7 ± 5.2

Ethical considerations
The regional ethical review board approved all separate studies (Dnr. 2012-5731M, 2011-440-31M, 2012-396-32M, 2017/253-31) and informed consent was
obtained from all participants.
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MRI
All data was collected on a 3 Tesla scanner (Discovery MR 750; GE Healthcare,
Milwaukee, WI, USA) with a 32-channel head coil. The 4D flow MRI protocol
used in all four studies was a five-point PCVIPR sequence105 with the following
parameters: Venc = 110 cm/s, TR = 6.5 ms, TE = 2.7 ms, flip angle = 8°,
bandwidth = 166.67 kHz, 16000 radial projections, acquisition resolution = 300
× 300 × 300, imaging volume = 220 × 220 × 220 mm2, reconstruction matrix
size = 320 × 320 × 320 (zero padded interpolation) and voxel size 0.7 × 0.7 × 0.7
mm3.
In Paper IV, flow in the major cerebral vessels was also assessed with 2D PCMRI
in addition to 4D flow MRI. Parameters used for collection of 2D PCMRI were:
Venc = 60-100 cm/s, TR = 7.6-10.7, TE = 4.1-4.7 ms, flip angle = 15° in plane
resolution = 0.35 × 0.35 mm2, slice thickness = 3 mm, matrix size = 512 × 512
voxels, 32 time-resolved images reconstructed. Eight 2D PCMRI-planes were
placed in a TOF image:
1.

ICA just below the skull base

2. BA just below the superior cerebellar artery
3. Right MCA at M1 level
4. Left MCA at M1 level
5.

Right ACA at A1 level

6. Left ACA at A1 level
7.

Right PCA at P2 level

8. Left PCA at P2 level

Data processing
From the 4D flow MRI data, velocity maps in x-, y- and z-directions were
reconstructed, as well as angiographic complex difference images (CD) and
structural T1-weighted magnitude images. For Paper I and II, time resolved
reconstruction was used, calculating all this data for 20 timeframes over the
cardiac cycle, as well as mean flow reconstruction, where images are calculated
for data from all timeframes combined. In Paper I and II, the angiographic image
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used was a time maximum intensity projection (tMIP) calculated from all CD over
the 20 timeframes. In Paper III and IV we only used the mean flow
reconstruction, and hence we used the mean flow CD.
A crucial part of the data processing was the construction of a vascular skeleton.
This process included a coarse segmentation of the CD or tMIP, where vessels are
separated from background to produce a binary vessel image. In Paper I and II,
vessels were separated from background using a global 18% intensity threshold
on the tMIP, adapted to give good vessel coverage without including neighboring
static tissue16. For Paper III and IV, an adapted threshold based on the
distribution of intensity values within the image was used 17. In both cases, to
increase SNR, the image was smoothed with a low-pass box filter with a kernel
size of three voxels before thresholding. The binary image was gradually thinned
to obtain the vascular skeleton106, the skeleton was pruned to remove loops and
short spurs107, the vascular tree was divided into branches and junction points,
and each branch was assigned a specific identification number. This vascular
skeleton extraction was a part of both the automatic identification method (Paper
I-III), and the atlas construction (Paper I and II). It was also used in the
segmentation methods in Paper IV, but not for the manual measurements in
Paper III.

Automatic arterial identification
In Paper I, an automatic atlas-based arterial identification method (AAIM) was
developed, where voxels from the vascular skeleton were assigned to different
arteries depending on their position in MNI-space. This method forms the basis
for the fully automatic tool for assessment of blood flow distribution in cerebral
arteries. Table 2 presents which arteries are labeled in each paper.
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Table 2: Overview of arteries investigated in each paper
Artery
Paper I
Paper II
ICA C2
X
X
ICA C4
VA
X
X
BA
X
X
PCA P1
*
*
PCA P2
X
X
PCoA
X
X
MCA
X
X
Distal MCA
**
X
ACA
X
X
Distal ACA
X
X
* Included in P2, ** Included in MCA

Paper III
X
X
X
X
X
X
X
X

Paper IV
X

X

X

X
X
X

Atlas construction
In Paper I, a stereotactic probabilistic atlas (Umeå brain arteries, UBA24) was
constructed from 24 subjects, selected so that all included subjects had bilateral
VA connecting to the BA, and a complete CoW, except for PCoA. Since the blood
flow in PCoA usually is too low for it to show up on the thresholded tMIP when a
functioning P1 is present, a second group of 21 subjects, with one or both PCoA
visible in the binary image, was used to form the atlas for this artery.
The UBA24 was developed as a proof of concept atlas, and the concept was further
advanced in Paper II by expanding the atlas to include both a larger number of
subjects and a wider range of arterial morphologies, creating a new atlas
(UBA167) from the whole COBRA cohort.
The first step in creating the stereotactic atlas was to transform all data to MNIspace; this was done with the SPM8 toolbox in MATLAB (Mathworks, MA, USA).
Probability maps for white matter, grey matter, and cerebrospinal fluid was
calculated from the magnitude image using New Segment from the SPM8 toolbox
(http://www.fil.ion.ucl.ac.uk/spm).

From

these

transformation fields for each subject were calculated with

probability

maps,

DARTEL63,

and these

flow fields were used to transform the angiographic images to MNI-space, where
the atlas construction took place.
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For the atlas construction in Paper I and II, binarization and vascular skeleton
construction were done after MNI transformation. Arteries of interest were
manually selected from a 3D rendering of the binary image, using an in-house
MATLAB tool. This tool identified vessels based on their centerline, and the
arterial segment corresponding to the selected skeleton branch was recreated by
dilating the branch to form a tube with a diameter of fifteen voxels, which was
then masked with the binary volume to extract the part corresponding to the
selected artery. Several segments could be joined together to form the complete
artery. When all arteries of interest in all subjects had been manually labeled,
edited and approved, the binary volumes representing each artery were added
together and divided by the number of included arteries to form a probability map
for each artery.
In Paper III, the atlas was further developed to facilitate flow measurements by
defining specific regions for each artery where we wanted to obtain
measurements (Figure 4). The placement of these regions is specified in Table 3.
The atlas regions were constructed by thresholding the atlas to get a smooth
surface, and extracting the vascular skeleton from the image. Within this
skeleton, a straight segment corresponding to each of the specified regions was
selected. The regions were then defined as the intersection between the atlas and
a thirteen voxels thick plane perpendicular to the selected segment. No regions
were defined for distal ACA and distal MCA, since they consist of several parallel
branches, and therefore were not suitable for this kind of labeling. For PCA, P1
was separated from distal PCA (P2), to prepare for complete characterization of
flow dynamics in CoW. In ICA, one intracranial (C4) and one extracranial region
(C2) were specified to accommodate comparison to data collected at different
locations in the vasculature48,61.
Impact of normalization
The normalization to MNI-space requires substantial computational resources,
therefore we wanted to investigate how much the DARTEL normalization
improved the spatial alignment of the arteries, and hence to what extent it
contributed to improved compactness of the atlas. This was done by comparing
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the UBA167 to an atlas without DARTEL normalization, instead relying on rigid
body transformation (Paper II). The labeled arteries were transformed back to
their native space and aligned using a rigid-body transform. Since these
transformations did not preserve the binary property of the volumes, they were
re-binarized using a volume-conserving threshold, before construction of the
probability maps as previously described. This atlas was not evaluated for
labeling, but compared to the UBA167 in terms of compactness. The main
parameters used to evaluate this were the maximal probability value in each
probability map and the arterial volume ratio (AVR), calculated as the
concatenated volume (total number of non-zero voxels) of each probability map,
divided by the average volume of the included arteries. Overlap between arterial
probability maps was described in terms of dominating volume, calculated as the
percentage of non-zero voxels within each probability map where no other
probability map had a higher value.
Arterial labeling
Labeling took place in the native space of the target subject, which means that the
atlas (UBA24 or UBA167) was matched to the coordinate system of the subject
and not the other way around (Paper I and II). DARTEL was used to calculate a
transformation field from the subject to MNI-space, and this field was used
inversely to transform the atlas to the coordinate system of the subject.
Next, the vascular skeleton of the subject was extracted, and each skeleton voxel
was assigned to the artery with the highest probability at the corresponding
location in the atlas. Voxels with a maximum probability of zero for all arteries
were discarded. In Paper III, where the labeling procedure was adapted for flow
measurements, a second cleanup was done, where skeleton voxels that did not
fall within the defined atlas regions were discarded.
Each artery was identified as the longest continuous segment of voxels labeled as
the artery in question. Segments shorter that eight voxels were discarded since
they were considered too short to provide meaningful information and were often
incorrectly labeled. For Paper I and II, voxels were considered continuous if they
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were part of the same branch, and junction points were included to join adjacent
branches. In Paper III, only branch segments without any gaps or junctions were
allowed, to avoid placing the seed point for the flow measurements at a
bifurcation, and to make sure all consecutive points were adjacent. The output
from the AAIM was a list of identified and labeled centerline segments, as well an
image of the corresponding arterial volumes.
Evaluation of arterial labeling
The arterial volume corresponding to a labeled centerline segments was recreated
in the same way as for the atlas construction. For Paper I and II, all arterial
volumes were combined into a single 3D volume, where each artery was color
coded and overlaid on the angiographic or magnitude image stack. For Paper III,
the volumes were instead presented as color-coded regions on a rotatable 3D
rendering of the binary image (Figure 3).

Figure 3: Example of images used for evaluation of labeling in a) Paper I and
II, b) Paper III
Each identified artery was classified as correct or incorrect by visual examination.
In Paper I and II, segments could also be labeled as too short if they belonged to
the correct artery, but did not fulfill the evaluation length criteria (Table 3). For
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Paper III, no length limit except the one implemented in the processing was used.
Accuracy, sensitivity and specificity were calculated by comparing these results
to a manual reference. If the segment was categorized as incorrect or too short, it
was considered a false negative if there was an artery to find, and a false positive
if there was not.
Table 3: Evaluation criteria for full artery labeling (Paper I-II) and labeling of
specific arterial segments (Paper III)
Artery

Paper I-II

Paper III

ICA C2

2 cm cervical segment

Cervical segment (C2)

ICA C4

-

Cavernous segment (C4)

VA

1 cm straight segment in conjunction to

Anywhere in the artery

the foramen magnum
BA

1 cm segment anywhere in the artery

Anywhere in the artery

PCA P1

-

Proximal to PCoA or PCoA genu

PCA P2

1 cm segment distal to PCoA

Distal to PCoA or PCoA genu

MCA

1 cm segment in M1

Before first bifurcation

Distal MCA

1 cm segment in the sylvian fissure

-

ACA

5 mm segment in A1

A1 segment

Distal ACA

1 cm segment distal to ACoA

-

PCoA

5 mm segment anywhere in PCoA

Anywhere in the artery

In Paper I, the existence of arteries was determined based on visual examination
of the magnitude image. In Paper II, a leave-one-out-approach was used to
validate the UBA167. This means that the data from the target subject was
removed from the atlas, and the atlas based on the remaining 166 subjects was
used for labeling. The reference for this analysis was based on the manual
labeling, arteries were considered present if they were visible in the binary image,
and hence were included in the atlas. To do a first preliminary test that the AAIM
did not only work on healthy elderly, the AAIM combined with the UBA167 was
also evaluated on a small stroke sample, where the manual reference was based
on CTA. In Paper III the manual flow measurements functioned as a reference,
meaning that the existence of arteries was determined based on the CD.
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Flow quantification
In Paper III, the AAIM was combined with a previously developed flow rate
quantification method (FRQ)16, and the automatic measurements were compared
to manually placed measurements, using the same FRQ. In Paper IV, three
different approaches to arterial segmentation with a variety of input parameters
were evaluated by comparison to flow values obtained by 2D PCMRI.
Methods for flow quantification
The FRQ calculated flow values starting from a seed voxel. The flow direction in
this voxel was used to find a three-voxel thick perpendicular plane through the
artery, and vessel voxels were separated from background by a global threshold
at 10% of the highest intensity value in the CD. The blood flow rate in the artery
was calculated as the accumulated flow through all voxels in the plane, within the
thresholded region, divided by the thickness of the plane16.
The methods developed in Paper IV used the local direction of the centerline in a
neighborhood of the seed voxel as an approximation of the vessel direction. A
volume close to the seed voxel was resampled in the vessel direction, so that a 2D
cut-plane perpendicular to the artery could be extracted, and the data within this
cut-plane was interpolated to increase the linear spatial resolution with a factor
of four.
The segmentation methods evaluated in Paper IV were k-means clustering, global
(fixed) thresholding and local (adapted) thresholding. All clustering methods
included the CD, either by itself, combined with the magnitude image or the
velocity magnitude17, or with both. In the clustering methods, each input variable
was normalized by calculating the z-score, to remove differences in mean and
standard deviation between variables and hence give them the same weight.
The thresholding methods were based on the maximum intensity of the CD,
either within the whole volume (global threshold), or within the extracted cutplane (local threshold). Both approaches where evaluated for threshold values
ranging from 6% to 26% of the maximum intensity.
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All methods evaluated in Paper IV calculated blood flow rate in the same way. The
blood flow rate through each voxel in the cut-plane was calculated as the sum of
flow velocity in x-, y- and z-direction, multiplied with the corresponding element
in the vector describing the direction of the artery and the voxel area. Total flow
rate was calculated by summing the flow through each voxel within the
segmented area.
Evaluation of flow quantification
In Paper III, automatic measurements of 4D flow MRI were validated against
manual measurements on the same data. Two raters performed manual
measurements independently by viewing axial images and selecting the seed
voxel with the cursor. When the difference between the two measurements
exceeded 20% of their mean, a consensus measurement was performed;
otherwise the mean of the two measurements was used. For the automatic
measurements, the midpoint of the identified centerline segment was used as a
seed voxel for flow quantification.
The

2D

PCMRI

data

in

Paper

(http://segment.heiberg.se)108, vessels

IV

was

processed

using

Segment

were outlined in the magnitude image and

flow rates were calculated. A region of interest (ROI) covering the vessel was
manually outlined in the image, considering both the magnitude and the phase
image. The ROI size was kept constant through all time frames and flow rate was
calculated as the mean value over the 32 timeframes. The spatial information
from the 2D PCMRI was translated to the coordinate system of the 4D flow MRI,
and the point in the vascular skeleton closest to each of the calculated mid-point
of the 2D ROIs were identified and used as a seed point for the 4D flow
segmentation. In cases where the closest point was not on the correct branch, the
correct branch was manually selected and the closest point on that branch was
identified.
Only branches with a length of five voxels or more were used, and seed voxels
were placed with a distance of at least two voxels from the ends of the branch. The
reason for this was partly to avoid tricky geometries, and partly to investigate if
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averaging flow values over several adjacent cut-planes improved SNR. In the
main analysis, only values from the midpoint, i.e. the original seed point, were
used, but these values were also compared to values averaged over three or five
cut-planes based on adjacent seed points.

Statistics
For all studies that included automatic identification of arteries (Paper I-III),
labeling accuracy was calculated as the number of correctly identified existing
and correctly identified non-existing arteries, divided by the number of possible
arteries. The number of possible arteries includes both the number of existing
arteries and the number of arterial segments that are missing anatomically, and
we hence do not want to find.
In Paper II, the UBA167 was compared to an atlas without normalization. Since
the investigated variables were not normally distributed, non-parametric tests
were used. Wilcoxon signed-rank test was used to investigate the difference in
AVR and dominating volume between the two atlases, and Spearman correlation
was used to investigate the correlation between AVR and labeling accuracy.
In Paper III, two different types of intraclass correlation (ICC) were used to assess
agreement between measurements. When comparing results from the two raters
to each other, we were not primarily interested in the reliability of these specific
raters, and conclusions were made based on the mean values of the two raters
rather than the individual measurements, therefore the multiple measurement
option (ICC(2,k)) was used109. When comparing the automatic measurements to
the manual reference, we were specifically interested in the reliability of the
automatic measurements compared to the reference, and we used those values
separately rather than averaging them, therefore we used the single measurement
(ICC(2,1)) option. In Paper IV, we were once again interested of the reliability of
the 4D flow measurements compared to the 2D PCMRI, and we therefore used
the ICC(2,1). ICC-values with a lower bound of the 95% confidence interval over
0.5 were considered fair, over 0.75 good and over 0.9 excellent, values with a
lower bound under 0.5 were considered poor109.
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Agreement between methods was also assessed in terms of mean flow difference,
and the statistical significance of such differences was evaluated with a paired ttest, with a significance level set to p<0.05. In addition to the mean flow
difference, we also wanted to assess the precision of the methods, which was done
by calculating the standard deviation of the flow difference between the proposed
methods and the reference methods.
In Paper IV, the optimal threshold values for the two thresholding methods was
found by minimizing the mean flow difference compared to the reference. The
standard deviation of the flow difference was compared between the two
methods, with their respective optimal threshold value, and was evaluated with
F-tests (p<0.05). A suitable segmentation method should not have a flow
dependency related to vessel size, which previous experience had shown could be
the case. This was investigated using a linear regression of flow difference versus
flow rate.
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Results
The main result of this thesis was the construction and evaluation of an atlasbased method for arterial identification and flow measurements.

Atlas development
A probabilistic cerebral arterial atlas based on 167 individuals (UBA167) was
successfully constructed and used for arterial labeling. This atlas consists of 2360
individually segmented and labeled cerebral arteries, divided into 16 probability
maps. Within the atlas, 17 regions were defined and validated for flow
measurements. The number of arteries on which each of the probability maps is
based, varied from the maximum value of 167 (ICA, MCA, distal ACA) down to 30
(left PCoA), with all arteries except PCoA including more than 150 arteries. Figure
4 shows an overview of the different atlases and atlas regions.

Figure 4: Projection images (top row: coronal, middle row: axial, bottom row:
sagittal) of the atlases a) UBA24 (Paper I), b) UBA167 (Paper II), c) Rigid-body
atlas (Paper II), d) Atlas regions for flow measurements (Paper III)
The analysis of spatial alignment showed that the only artery in UBA167 where
all subjects overlapped in at least one voxel was ICA. In the atlas based on rigidbody transformation (without normalization), the highest probability value in a
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vessel within the atlas was 0.53, and no artery except ICA had a maximum
probability value over 0.25. Probability maps corresponding to large proximal
arteries had a lower AVR than smaller distal arteries. A low AVR indicates a high
agreement between subjects and was correlated to high labeling accuracy. AVR
for the whole atlas was more than doubled without the normalization (29.3
compared to 13.7), while dominating volume decreased from 85.8% to 74.9%,
both these differences were significant (p < 0.005, Wilcoxon signed-rank test).

Arterial labeling
The accuracy of the arterial labeling was part of the main results for Paper I-III.
Accuracy for each arterial group in each of the evaluation groups is presented in
Table 4. Overall, the labeling accuracy was high in both healthy subjects and
stroke patients. The accuracy on group level was between 96% and 87% for all
studies, depending on how the existence of arteries was determined, which
arteries were evaluated, and what criteria were used to determine if the labeling
was correct or not. Large arteries had consistently higher accuracy than small
arteries, for which the results were more affected by study design. The lowest
accuracies were found in VA, P1, PCoA and distal MCA, where a variation in
morphology between subjects was largest.
Table 4: Labeling accuracy (Acc.) in each of the evaluation cohorts
Artery

ICA C2
ICA C4
BA
VA
PCA P1
PCAP2
PCoA
MCA
Distal MCA
ACA
Distal ACA
Total

Paper I
No.
Arteries
134
67
133
134
60
134
134
67

Acc.
[%]
100
97
89
97
70
100
97
96
93

Paper II
(Cohort 1)
No.
Acc.
Arteries
[%]
334
99
166
98
307
88
331
99
80
91
334
100
322
92
319
98
167
100
96
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Paper II
(Cohort 2)
No.
Acc.
Arteries
[%]
20
100
10
100
20
90
20
90
5
75
20
100
20
90
20
100
20
90
93

Paper III
No.
Arteries
73
71
38
66
66
75
25
76
69
-

Acc.
[%]
97
100
100
84
65
95
71
88
92
87

Flow quantification
The agreement between manual and automatic measurements in Paper III was
high, with no systematic difference in mean flow (0.61 ± 10.7 ml/min, p=0.21,
Figure 5). When looking at individual arteries, the mean flow differences over all
subjects were less than four percent for all arteries. Intraclass correlation was
over 0.95 for all arteries, both for manual versus automatic and between the two
raters.

Figure 5: Correlation between automatic and manual measurements (r=0.99).
Linear regression (dashed line) revealed the relationship: Automatic flow =
1.02×Manual flow – 1.95
In Paper IV, methods based on k-means clustering or local or global thresholding
were validated against 2D PCMRI. All clustering methods showed a large
underestimation in mean flow compared to 2D PCMRI (16-22 ml/min, Figure

29

6a), and a positive flow dependency, i.e. a larger underestimation of blood flow in
larger arteries (slope = -0.09 to -0.19, r=0.37 to 0.62, p<0.001, Figure 6c).
In addition to the analyses presented in Paper IV, the FRQ from Paper III was
compared to 2D PCMRI and evaluated in the same way, showing an overall ICC
of 0.97 and a mean flow difference of -3.9 ± 17.5 ml/min (2D-4D) (Figure 6a, b
and d). This flow difference was statistically significant (p<0.001), but still within
an acceptable range considering the median value in the 2D PCMRI reference was
103 ml/min (interquartile range = 92.3 ml/min).
A large advantage of the thresholding methods compared to the clustering was
that the threshold value could be fine-tuned to completely remove the systematic
flow difference on group level. Optimal threshold levels were found by
minimizing the mean flow difference compared to 2D PCMRI, and the resulting
threshold levels were 10% for the global thresholding (-0.07 ± 17.3 ml/min) and
20% for the local thresholding (-0.04 ± 15.1), both with an ICC of 0.97. Regarding
variability, local thresholding had a better concordance with 2D PCMRI
(p=0.009, F-test). The local thresholding did also have a narrower range of flow
differences for the different arteries (Table 1 in Paper IV) compared to global
thresholding and FRQ. It was also the only method that did not have a significant
flow dependency (r=-0.1, p=0.08, Figure 6c), suggesting that local thresholding
is more robust to differences in vessel size. Figure 7 shows the excellent
correlation (r = 0.97) between 2D PCMRI and 4D flow MRI, calculated with the
20% local threshold.
Finally, the impact of averaging flow values over multiple cut-planes was
evaluated for all three methods, showing that no improvement in mean flow
difference or standard deviation of the flow difference was found (Table 5).
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Figure 6: Effects of different threshold levels with the local (solid line) and the
global thresholding method (dash-dot line) when comparing 4D flow MRI to the
2D PCMRI measurements. Along with these methods, the clustering methods
and the FRQ is included.

a) Difference between 2D and 4D flow rate

measurements [ml/min], b) Standard deviation of the flow difference [ml/min],
c) Slope of a linear regression on flow difference vs. flow, d) Intraclass
correlation (ICC(2,1)).

31

Figure 7: Correlation between 2D PCMRI and 4D flow MRI (r=0.97) for 20%
local threshold. Linear regression (dashed line) revealed the relationship: 4D
flow= 0.95×2D flow + 5.94.
Table 5: Impact of segment length when averaging the flow rates of one, three
or five cut-planes in three methods; local thresholding (20%), global
thresholding (10%) and the FRQ. Flow rate difference [ml/min], standard
deviation (SD) of the flow difference [ml/min] and ICC between 2D PCMRI and
4D flow MRI is presented for all arteries. No significant differences were found
for any method
No.

Local threshold (20%)

Global threshold (10%)

Cutplanes
1

Flow diff ± SD

ICC

Flow diff ± SD

ICC

-0.04 ± 15.1

0.971

-0.07 ± 17.3

3

0.09 ± 15.2

0.971

5

0.23 ± 15.3

0.970

FRQ
Flow diff ± SD

ICC

0.967

-3.9 ± 17.5

0.965

0.37 ± 17.6

0.966

-3.9 ± 17.3

0.966

0.50 ± 17.7

0.966

-3.9 ± 17.2

0.966
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Discussion
The aim of this thesis was to develop an automatic method for estimation of blood
flow in cerebral arteries, measured with 4D flow MRI. The first goal was to
construct a method for automatic labeling of cerebral arteries. We hypothesized
that an atlas-based approach14 would be suitable for this, and hence developed
the AAIM (Paper I), including the arterial atlas UBA167 (Paper II). Paper I and II
showed that the AAIM had a labeling accuracy of more than 90% when looking
at all arteries together, and close to 100% for the largest cerebral arteries. The
second goal focused on flow quantification, and included further developments
of the AAIM to better control placement of the measurement in a pre-specified
part of the artery (Paper III). When automatic flow quantification was compared
to manual measurements, the average flow rate difference was less that one
milliliter per minute. For further improvements, different approaches for arterial
segmentation and flow quantification were compared to 2D PCMRI. Local
thresholding based on intensity values from the CD, adapted for each
measurement plane, performed better than both k-means clustering and a fixed
threshold based on intensity values from the whole image (Paper IV).
In summary, this thesis presents a useful tool for automatic processing of 4D flow
MRI data, making it possible to quantify flow in specific cerebral arteries with
high accuracy. This new method is ready to be used for fast analysis of large data
sets in a standardized way, and to evaluate how the 4D flow technique should be
implemented in clinical practice.

Developing the AAIM
When determining what constitutes an effective tool, several things need to be
considered. First, the output values need to be reliable. They need to be as close
to the true value as possible, and they need to be robust. By minimizing the
manual input needed, stability between repeated measurements can be ensured.
This also improves another aspect of effectiveness, i.e. time efficiency. A fully
automated tool will both save time and remove inter- and intra-rater variability.
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One large difference between arterial labeling and labeling of cerebral regions is
that the shape of the vascular tree promotes skeleton extraction. This means that
it is enough to label the voxels or even branches in the vascular skeleton; the full
artery can be recreated from the labeled branch using vascular segmentation.
Therefore, high accuracy labeling could be obtained based only on spatial
probabilities, without the need for a priori assumptions about size, shape, or
placement relative to other arteries, making the AAIM robust to anatomical and
physiological variations.
Probabilistic atlases are widely used for labeling of brain tissue 14,15,110, and in this
thesis, it is shown that the same approach was useful for arterial labeling. The
UBA24 developed in Paper I was based on subjects with a specific vascular
configuration, where all main arteries were present and had blood flow. This
affected the generalizability of the atlas, since the material does not represent the
population. By posing these restrictions on the material and therefore reducing
the variation between subjects, fewer subjects were needed to construct a
representative atlas, which is suitable for a proof of concept study. The high
labeling accuracy in Paper I (Table 4), and the fact that only one of the PCoA that
the AAIM failed to identify was of fetal type (Paper I), indicates that the UBA24
was still sufficient for arterial labeling even in subjects with morphological
deviations. These findings prompted us to construct a more comprehensive atlas.
The largest difference between UBA167 and previous arterial atlases 66 is that it
combined probabilistic and artery specific properties, meaning that different
arteries are separated from each other, not just vessels from background or
arteries from veins. Furthermore, when creating an atlas, it is important to use a
suitable normalization method111. Paper II revealed that both agreement between
subjects (AVR and maximum probability) and separation of arteries (dominating
volume) was considerably improved by the DARTEL normalization, as compared
to rigid-body transformation.
In addition to labeling, the UBA167 can potentially be used to remove vascular
signal from functional MRI images or to provide a priori information for arterial
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segmentation in other neuroimaging applications112. For this purpose, the ICA
voxels that were present in all 167 subjects (Paper II) could be used as seed points
for arterial automatic region growing segmentation methods73.
In Paper I and II, the AAIM was designed to identify the whole artery; several
labeled segments could therefore be combined to get the whole artery. This
approach did not necessarily ensure true continuity of the labeled segments, and
adjacent segments were not always joined in the correct order. When flow
quantification was added, the need for well-defined segments increased, so the
rules for which points were considered adjacent were tightened, and branches
were no longer joined together, for the purpose of labeling single segments. The
option for full-artery labeling is still available, and the AAIM has been improved
to produce a truly continuous segment. This new full-artery labeling has shown
positive results in non-published preliminary evaluations. To correctly measure
blood flow in distal ACA and distal MCA, values from many arterial branches had
to be summed. The AAIM does not allow identification of multiple branches, and
these arterial regions were therefore omitted from Paper III.

Interpretation of the arterial labeling
In Table 4, the labeling accuracy of the AAIM is presented. The AAIM was
evaluated at three different time points during the development, for four different
sets of subjects. No major changes were done to the labeling procedure in AAIM
between Paper I and II, the main difference is the implementation of the UBA167.
In Paper III, the goal of the labeling was shifted from identifying the whole artery
to identifying a specific segment of the artery. This was done partly by discarding
voxels that did not fall within specified atlas regions, and partly through stricter
rules for what constituted a continuous segment of voxels.
Labeling accuracy was high for all groups, with values over 90% for most of the
larger arteries. To calculate total cerebral blood flow, measurements from ICA
and BA are needed; these arteries had accuracies close to 100% in all studies. Both
ICA and BA are well separated from other arteries within the atlas, reducing the
risk of mislabeling. The most cluttered region of the atlas is within the CoW,
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particularly around P1 and PCoA, which are largely affected by their proximity to
each other, and to P2, ICA and BA. These arteries did also present the lowest
accuracy, followed by VA, which also shows large anatomical variation between
subjects.
The changes made to the AAIM in Paper III did degrade the labeling results,
especially for ACA and MCA. In ACA, several segments fell below the seven-voxel
length-limit, and for MCA, the rules of what was considered a correct labeling was
changed to only allow pre-bifurcation MCA (Table 3). In some subjects where the
first MCA bifurcation occurred very early, the skeleton branch corresponding to
this segment did not fulfill the seven-voxel length-limit even with perfect labeling.
The purpose of this limit was to decrease the number of incorrectly labeled
segments. By using a more inclusive length-limit, the sensitivity of the AAIM
would increase, but to the cost of a decreased specificity. The level of seven voxels
was selected based on assumptions made in Paper I and II, but a post hoc analysis
comparing the accuracy for different length-limits suggested that this was a
suitable value.
The placement of the VA atlas region in Paper III was problematic, since the only
straight segment where the left and right VA was sufficiently separated from each
other happened to coincide with the departure of the posterior inferior cerebral
artery (Figure 3b), resulting in mislabeled segments. Similar errors were found in
Paper I and II, but a subjective decision was made in each case to decide if the
mislabeling was substantial or not. This decision was made with a generous
approach; the praxis was to allow inclusion of the posterior inferior cerebral
artery, as long as the target segment was also included.
The most striking difference between the four evaluated cohorts was the high
PCoA accuracy for Paper II, Cohort 1, caused by the difference in the manual
references used to determine which arteries does and does not exist. In this
group, only arteries with enough blood flow to be visible in the binary image, and
hence included in the atlas, were considered existing. This can be compared to
Paper I, where existence of arteries was decided based on the magnitude image,
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where practically no flow at all is needed for an artery to be visible. In Paper II,
Cohort 2, the existence of arteries was determined based on CTA, and in Paper
III the CD. In both these cases blood flow through the artery is needed for an
artery to be visible, but there is no fixed level it must exceed, which is the case for
the binary image. This does not have a big impact on the labeling accuracy for
large arteries with substantial blood flow, but is very evident for small arteries
such as PCoA, where flow rate is often low.
The supplementary analysis in Paper I showed that more than half of the
incorrectly labeled segments were cases were the correct segments were lost in
the initial thresholding of the tMIP, and the rest were almost evenly distributed
between the box filtering and the labeling process. This analysis did not take in to
account any additional errors that might be introduced if filtering was omitted or
a different segmentation method was employed. In Paper III and IV, a new
method for binarization of the angiographic image was implemented, this method
improved the visibility of small arteries, and should hence increase the number
of arteries that could be find in the labeling, but no formal comparison has been
done.

Flow quantification
Paper III showed an excellent agreement between automatically and manually
placed measurements, supporting the use of the AAIM for flow assessment. The
largest difference was found for PCA and VA, indicating that the positioning of
these regions was not optimal, but even in those cases, the systematic flow
difference was less than four percent of the mean flow in the artery. Intraclass
correlations between automatic and manual measurements for ICA and VA was
comparable to inter-rater values from 2D PCMRI113.
When deciding what methods to include in Paper IV, one of the main criteria was
that no manual input should be needed, which ruled out some of the more widely
used methods13,114. The included methods were limited to clustering and
thresholding approaches.
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The FRQ used in Paper III is essentially a global thresholding method, with a
threshold of 10%. The difference between the FRQ and the global thresholding
method from Paper IV is that the FRQ calculates the flow rate directly in 3D
space16 instead of segmenting the vessel in an interpolated 2D plane (Paper IV).
The FRQ performed at the same level as the 10% global thresholding method from
Paper IV, in terms of standard deviation, flow dependency, and ICC (Figure 6,
Table 5), but there was a minor systematic difference in flow compared to 2D
PCMRI. This means that the precision of the flow quantification method was not
improved by the interpolation and extraction of a 2D-plane, but the accuracy
might be. In summary, the good agreement between FRQ and 2D PCMRI
revealed that studies that use the FRQ produce reliable flow data comparable to
the results global thresholding16,115.
Local thresholding was the only method that did not generate a significant flow
dependency i.e. correlation between flow difference and flow rate. This method
did also have a lower standard deviation and a narrower range of flow differences
than global thresholding. We found that a threshold value of 20% eliminated the
mean difference between 2D PCMRI and 4D flow MRI, and this value was
therefore recommended for future use.
When comparing results from a single cut-plane to values averaged over several
cut-planes, no difference was found for any of the three evaluated methods (Table
5). This indicates that the difference between 2D PCMRI and 4D flow MRI was
not caused by insufficient SNR of the 4D flow MRI, but rather physiological
differences in flow between the two time-points when the measurements were
performed. It is important to note that these values were based on mean blood
flow over the cardiac cycle. For time-resolved data, SNR is lower, since each
image is based on less data, and therefore averaging values over several cutplanes might still be advantageous.
All 4D flow MRI data used in this thesis was collected with a Venc of 110 cm/s.
For the 2D PCMRI collection, Venc values between 60 and 100 cm/s were used.
In two arteries (one BA and one ACA) aliasing was noted at the time of
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measurement, and the measurement was repeated with a higher Venc. In some
cases, aliasing was found in the 2D PCMRI during post-processing and was then
corrected for. A higher Venc value could have eliminated aliasing all together, but
to the cost of lower velocity-to-noise ratio (VNR), and an even lower labeling
accuracy for PCoA and possibly PCA.
When analyzing the 2D PCMRI data in Paper IV, an oversized ROI was used to
ensure that all flow values were included; furthermore, the ROI was kept constant
over all time frames and therefore adjusted in size to include movement of the
artery over the cardiac cycle. This movement is limited for cerebral arteries, and
motion tracking was not considered necessary. Oversized ROIs are preferable
when analyzing 2D PCMRI96, and optimizing the 4D flow MRI segmentation to
these 2D values did also result in oversized ROIs in the 4D flow MRI data. This
can be seen by the 10% limit identified as optimal for the global thresholding,
compared to the 18% threshold that was used for vascular skeleton extraction,
and optimized to conservatively separate vessels from each other, and from
background tissue16.

Advantage of 4D flow MRI
The main advantage of 4D flow MRI compared to 2D PCMRI is that data is
sampled for the entire brain volume simultaneously, and the arteries of interest
can be selected during post processing. With 2D PCMRI, a double-oblique
measurement plane is placed for each artery, requiring anatomical knowledge
and experience during scanning. Since each artery is measured separately with
2D PCMRI, settings, particularly the Venc, can be adjusted for each artery to
improve VNR. For 4D flow MRI, the Venc will be the same for all arteries,
resulting in a low VNR for small arteries. However, if many arteries of different
sizes are to be investigated, 4D flow data can be collected with both high and low
Venc, while still saving time compared to 2D PCMRI.
Both 4D flow MRI and 2D PCMRI produces time-resolved data, even though this
property was not utilized in this work. This does not mean that the data is
collected in real time, but that cardiac gating is used to arrange the data based on
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where in the cardiac cycle it was sampled, and from that reconstruct images that
describe the flow over an average cardiac cycle.

Importance of physiological factors
In Paper III, manual and automatic measurements were done on the same data,
using the same automatic method for defining the ROI; differences between
measurements are therefore only based on the placement of the measurement
seed points. This was not the case for Paper IV where data collection of 4D flow
MRI was compared to 2D PCMRI, which was not collected simultaneously, and
physiological parameters such as heart rate and blood pressure was an extra
source of variability. An automated approach was used to match the locations of
4D flow MRI measurements to the ones specified by the 2D PCMRI analysis 51.
The offset found between these two data sets corresponded to a backwards tilt of
the head, and was therefore larger for ACA and MCA, but since they have a lateral
direction, and the shift was mainly in the anterior-posterior direction, the
projection of the location on the arteries was mainly unaffected.
The ICC between 2D PCMRI and the suggested method of Paper IV was good
(lower bound of the 95% confidence interval over 0.5) for all arteries except PCA,
and excellent on the group level (ICC=0.97). This mismatch for the PCA is
suspected to be partly due to physiological variation caused by changes in activity
in the visual cortex of the occipital lobe, for example if the subjects eyes are open
or closed116. The variation of blood flow rates in cerebral arteries is large117,
affecting the reproducibility of 2D PCMRI118,119. A previous study showed that
repeated 2D PCMRI measurements in the ICA gave a within-subject variation of
20 ml/min120. The variation of the difference between 2D and 4D that we found
was 22.5 ml/min for the right ICA and 19.4 ml/min in the left ICA, indicating that
the variation we observed is dominated by true physiological variation.
PCA has a diameter of about 2 mm121, which corresponds to three voxels in the
4D data and six voxels in the 2D data, this is approaching the limit for how small
vessels can be reliably measured. For 2D PCMRI, a systematic error of 10% can
be expected for vessels with a diameter of four voxels and 5% for five voxels 96,120.
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Partial volume effect in 2D PCMRI is dependent on inflow effects, and can
therefore not be directly translated to 4D flow MRI, since the proximal blood is
also pre-exited in this case. This decreases the magnitude difference between
blood and surrounding tissue in intracranial 4D flow MRI data with whole brain
coverage, likely making the 4D flow partial volume overestimation less severe.

Generalizability
Evaluations of the AAIM were done on gradually more severe vascular diseases,
starting with a population-based material (Paper I and II), moving on to TIA and
small vessel disease (Paper II), and further to carotid artery stenosis (Paper III).
Both labeling accuracy and flow agreement was high for all investigated cohorts.
The differences between groups seen in Table 4 have already been explained
based on method or evaluation design (see Interpretation of arterial labeling).
The robustness against deviating flow rates was supported by the high labeling
accuracy in ICA for subjects with atherosclerosis, the artery where these
deviations were the largest.
The difference in flow distribution between subjects with and without
atherosclerosis can be seen by comparing the correlation plots in Figure 5 and 7,
where the range of flow values for a specific artery is much smaller in the healthy
subjects (Figure 7, Paper IV) than the subject with atherosclerosis (Figure 5,
Paper III). This larger range of values did contribute to the high correlation at
artery level, but did also show that the automatic labeling was insensitive to those
variations and produced a high accuracy even for pathological flow levels.
The UBA167 was developed from a sample with a quite narrow age span, and the
AAIM has only been evaluated for subjects in that age span or older, but we
hypothesize that it would work even better in a younger sample, with a healthier
cerebral vascular tree.

Future work
The current output from the AAIM is a 3D image showing the labeled segments
(Figure 3 b), and a list of flow values corresponding to the labeled segments. For

41

the AAIM to be clinically useful, values must be presented in a way that is easier
to understand, Figure 8 shows an example of such an output image.
Even though the accuracy of the labeling was high, visual inspection of the
labeling is needed to ensure that the presented values correspond to the correct
segments. In connection to this visual inspection, it should also be possible to edit
the position or make additional measurements in cases where the AAIM failed to
identify an artery. This graphical editing tool is still under development, with
several of the underlying functions ready to go.
The labeling errors can be divided into not identified segments and mislabeled
segments. The first type of errors is more common and can easily be detected,
since the AAIM indicates that the artery was not found. The second type is easier
to miss, since a flow value is still presented, which is why an easily interpretable
image for visual inspection is needed. By including morphological information in
the labeling, some of the more common errors, for example in the PCA – PCoA
bifurcation, could be automatically identified, giving the user an error message
when segments are placed in an incorrect order.
4D flow MRI is not applicable in the acute setting, due to its long processing time,
but it can still be useful for planning of treatment, such as stenting of stenotic
brain arteries or carotids surgery122,123. The total computational run-time of the
AAIM for one subject, as it is presented in Paper III, was just over an hour. About
forty minutes of that time was the reconstruction of the data, which is needed for
manual measurements as well. This processing time could be reduced by
increasing computer power or with more effective programming. Since the AAIM
runs automatically, this time can be devoted to other tasks, or even to run a larger
batch of subjects overnight.
Even though we have only presented blood flow rates in ml/min, 4D flow MRI
presents an appealing opportunity for analysis of advanced flow patterns52,124. In
addition to mean blood flow rate, values such as maximum velocity and crosssectional area can be calculated with the proposed methods. With time-resolved
data, pulsatility and flow patterns over the cardiac cycle can be investigated;
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analysis of time-resolved 4D flow MRI with the AAIM is thus a natural next step
in the development process.

Figure 8: Example of clinical output image in a subject with a carotid stenosis,
blood flow rate is presented for each identified arterial segment
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Conclusions
In this thesis, we present an automatic atlas-based arterial identification method
(AAIM), a stereotactic probabilistic atlas based on 167 subjects (UBA167), and a
method for accurate quantification of arterial blood flow rate, based on local
thresholding.
The AAIM had a high labeling accuracy, in combination with both the preliminary
UBA24 and the more extensive UBA167, suggesting that atlas-based labeling is
well suited for automatic identification of cerebral arteries. When further
developing the AAIM to include flow rate quantification in 4D flow MRI, the
method showed an excellent agreement with manually placed measurements,
revealing that the method was stable also for labeling of shorter arterial segments,
and that it produces reliable flow rate estimations.
In addition to the AAIM and corresponding atlases, we have developed and
described a method for intracranial 4D flow MRI vessel segmentation and flow
quantification without systematic difference in mean flow, or dependency on flow
rate compared to 2D PCMRI.
Together, these methods form a new instrument for processing intracranial 4D
flow MRI, which is needed for implementation of 4D flow MRI in clinical practice.
This instrument makes it possible to analyze large amounts of data in a short
time, with results at the same level or better than manual processing, presenting
flow values in multiple cerebral arteries in an accessible way.
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