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1Chapter
Introduction

Cardiovascular diseases are widespread, and the leading cause of death worldwide [9]. More-
over, they largely contribute to worldwide morbidity and disability, and thereby healthcare
costs [180, 235]. Cardiac and cerebrovascular ischemia are two of the largest subtypes of
cardiovascular disease. These ischemic events often result from the presence of athero-
sclerosis [128], also known as hardening of the arteries. Unfortunately, atherosclerosis is
difficult to detect in an early stage: about half of the cases of sudden cardiac death occurs
without known presence of cardiac heart disease [66]. In order to prevent vascular events
from happening, accurate risk stratification of patients at increased risk has great value and
enables targeting treatment to the right patients.

Atherosclerosis affects the vessel wall, causing wall thickening and lumen narrowing. These
can both be assessed by imaging. Especially the carotid artery is suitable for non-invasive
imaging by several modalities, as it is closer to the skin than the aorta and larger than the
coronary arteries. In this thesis we focus on automated image analysis for characterization
of the atherosclerotic carotid vessel wall, to help predict the risk of ischemic events. This
introduction first gives a background on the carotid artery and atherosclerosis (Section 1.1),
vessel wall imaging (Section 1.2), and image processing for vascular disease (Section 1.3),
followed by an outline of the remainder of this thesis (Section 1.4).

1.1 Carotid atherosclerosis

The carotid artery is the artery that supplies the head with blood and oxygen (Figure 1.1a).
The common carotid artery branches off from the aorta towards the head. At the bifurcation
the vessel splits into the external carotid artery which supplies the face, and the internal
carotid artery, which supplies the brain with oxygen-rich blood.

Atherosclerosis is related to aging of the vascular system and affects all large arteries of
the body. Although it is usually diagnosed in one vessel first, it is a systemic disease and
disease in different body parts is related. It has been shown that examining the carotid artery
can give an indication of the general state of atherosclerotic disease in the rest of vascular
system [90, 185].

1.1.1 Development of atherosclerosis

Atherosclerosis is mostly detected in individuals over 45 years of age, but studies have shown
that development already starts at a much earlier point in life [65, 127, 212]. The slow pro-
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cess of atherosclerosis development is shown in Figure 1.1b. It starts with outward thicken-
ing of the vessel wall, and is in a later stage followed by inward thickening as well, which
causes luminal stenosis. This process is generally assumed to be initiated by inflammatory
processes of the endothelial vessel wall cells in response to cholesterol molecules. This
starts a chain reaction in which more and more cholesterol and macrophages accumulate
in the vessel wall and the muscle cells start to enlarge. In a later stage calcification develops,
and the accumulated cholesterol molecules form a lipid-rich, often necrotic core, that is
covered by a fibrous cap.

Risk factors for the development of atherosclerosis are among others increased age, blood
pressure, cholesterol level, body mass index, and smoking. The specific location at which
a plaque develops furthermore relates to the vascular geometry [59, 174, 177]. The inner
curvature of vessels and bifurcations, among which the carotid bifurcation, are predomi-
nant locations. A possible causal mechanism for this is a low mechanical wall shear stress,
which was shown to alter cell properties with a subsequent increase in lipid uptake in those
regions [48, 174].

Figure 1.1: a) Anatomy of cerebral vessels including the carotid arteries (image from Connexions,
http://cnx.org/content/m46646/latest/). b) Schematic example of plaque development from top to
bottom, starting with outward remodelling followed by inward remodelling causing stenosis (image
from AstraZeneca).

1.1.2 Ischemic risk

In this thesis we focus on atherosclerosis of the carotid artery. More than in complete occlu-
sion of this artery, the danger of atherosclerosis lies in the possibility of plaque rupture. At
the moment of rupture plaque tissue breaks loose from the vessel wall and enters the blood
stream. In case of the carotid artery this may cause embolization of thrombus or the plaque
material in the brain and subsequent cerebral ischemia. For a long time the risk of such
events to occur has been related to the degree of stenosis and wall thickening. However,
patients with similar stenosis degree and wall thickening were found to have different risks.
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Histological study of excised plaques from symptomatic versus asymptomatic patients has
shown that plaque composition and structure relate to plaque vulnerability and have led to
the concept of the ‘vulnerable plaque’ [55]. Ruptured carotid plaques have larger lipid cores,
thinner fibrous caps, more macrophage infiltration, more intraplaque hemorrhage and less
calcification [167, 168]. These features as detected by non-invasive imaging have also been
shown to increase the risk for ischemic events in longitudinal studies [70, 160, 188].

Biomechanical parameters have also been studied in the context of the relation between
plaque composition and plaque rupture [67, 175]. Rupture-prone plaques occur more often
upstream of the stenosed region, where wall shear stress is higher. The hypothesis is that
eventual rupture is not caused not by wall shear stress, but occurs when peak plaque cap
stress induced by arterial pressure exceeds the fibrous cap’s strength. Large stresses at the
cap can develop, depending on plaque morphology and biomechanical properties of the
tissue components: peak cap stress increases with a thinner cap, a larger necrotic core and
smaller necrotic core angle [6]. Moreover, macrophage infiltration weakens the fibrous cap
[114].

1.1.3 Treatment

Different treatment options for carotid atherosclerosis are available. In an early stage lifestyle
modifications (cessation of smoking, changing diet, changing physical activity) are rec-
ommended, but also medication (anticoagulants, antihypertensive drugs or lipid-lowering
drugs including statins), and in a later stage surgical intervention are possible. The rec-
ommendation for surgical intervention is currently based on the degree of carotid artery
stensosis as determined by non-invasive imaging [26, 143, 152, 197]. Imaging technologies
used are duplex ultrasound, X-ray angiography, CT-angiography or MR-angiography, or a
combination of these. Intervention is generally recommended for symptomatic patients
with a stenosis degree of 70-99% of the carotid artery. In case of asymptomatic stenoses
>70% some guidelines recommend intervention as well, but its advantage over best medical
treatment available is doubtful [26, 143]. Intervention can be either carotid endarterectomy
(CEA), which is the excision of plaque from the vessel, or carotid artery stenting (CAS) to
widen the vessel. CEA is more commonly used. It has been associated with a lower risk of
complications than CAS in symptomatic patients. In asymptomatic patients no difference
was seen, however, CAS is more expensive [144].

Although at this point the guidelines for the management of patients with carotid athero-
sclerotic disease only take the degree of stenosis into account, some indicate that in the
future inclusion of more characteristics will be important. Brott et al. [26] mention that
plaque composition may be more important than the degree of stenosis, and that the search
for other predictors must advance, and Ricotta et al. [152] state that plaque morphology is
an important feature to assess future risk, but that it ‘requires further prospective evaluation
to determine its ultimate clinical utility’.

A few studies have already been evaluated in which adjustment of lifestyle and medication
was guided by vessel wall imaging as opposed to traditional risk factors and lumen imaging.
Intensification of medical treatment of patients with progression of plaque area on 2D ultra-
sound was shown to decrease the average rate of plaque progression, and the amount of car-
diovascular events among asymptomatic patients with stenosis >60% [181, 183]. Moreover,
treatment selection (CEA or CAS) based on presence of a high-intensity signal on preoper-
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ative Time-of-Flight MR-angiography, as a marker of intraplaque hemorrhage, significantly
reduced the amount of periprocedural events [242].

1.2 Vessel wall imaging

Imaging can be used to to detect atherosclerosis, to monitor disease progression, and to
determine whether intervention is warranted. It can be performed to assess the geometry
and stenosis degree of the vessel lumen, but also to assess vessel wall thickening, and the
composition of the diseased vessel wall. Whereas imaging is already used in clinical practice
to assess the degree of luminal stenosis [120, 143], and to some extent wall or plaque thick-
ness [183], we focus here on imaging to assess wall composition. Both invasive and non-
invasive modalities for vessel wall imaging have been developed. Promising invasive imag-
ing modalities that have mainly been used to study the coronary arteries include intravascu-
lar ultrasound [137, 201], optical coherence tomography [194] and photo-acoustic imaging
[91, 92]. Here we focus on and discuss the three main non-invasive imaging modalities that
are used to study the carotid artery wall: Ultrasound, Computed Tomography (CT) and CT-
angiography (CTA), and Magnetic Resonance Imaging (MRI). Naturally, each modality has
its advantages and disadvantages [107, 161, 166]. Examples of images of the carotid artery
visualized by these three modalities are shown in Figure 1.2.

1.2.1 Ultrasound

The carotid artery lies close to the skin and is therefore an ideal structure to image with
ultrasound. Due to the relatively low costs, wide availability and lack of ionizing radia-
tion ultrasound is especially suitable in screening for atherosclerosis [165]. To acquire an
ultrasound scan a transducer is placed on the skin. The transducer emits pulses of high-
frequency sound waves (>20 kHz). These waves interact with the tissue: reflections occur
mainly at tissue boundaries due to density changes, and acoustic scattering occurs de-
pending on tissue properties. Echoes from wave interactions with tissues are detected. In
traditional B-mode imaging the detected echoes from multiple scan-lines are combined
into 2D images. A trade-off between resolution and penetration depth determines the ul-
trasound frequency used. With higher frequencies and shorter wavelengths, smaller pixels
are obtained, but with limited penetration depth. For carotid ultrasound an axial resolution
with pixel sizes of 0.1-0.3 mm is common.

In addition to traditional 2D B-mode ultrasound imaging, 3D ultrasound acquisition is be-
coming more popular [52, 53]. Either by electromagnetic tracking of the device in a free-
hand acquisition, or by using a mechanical transducer, acquired 2D slices can be combined
into a 3D volume. This allows for the interpretation of the full vessel without being depen-
dent on the acquired 2D slice. The two ultrasound images in Figure 1.2 are selected sections
from a 3D volume.

Traditionally vessel wall thickness measured as intima-media thickness (IMT) from 2D ul-
trasound has been used as a measure of atherosclerotic disease [121], and IMT change has
been used as a measure of disease progression. However, recent meta-analyses showed
that IMT can only marginally improve risk stratification over common risk factors in the
Framingham risk score [47] and that IMT change does not predict vascular events [122].
A shift has been made towards measuring changes in plaque area or 3D plaque volume,
which were shown to be stronger predictors [229]. Moreover, the appearance of the vessel
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Figure 1.2: Examples of axial slices of the carotid artery in ultrasound (US), CT-angiography and MRI.
The ultrasound images show a plaque with high echogenicity in the top row and low echogenicity in
the bottom row. CTA clearly depicts the lumen and calcification. The T1 IR-TFE MRI in the top row
has a high-intensity region of intraplaque hemorrhage and a dark calcification spot. The postcontrast
T1w MRI in the bottom row shows a hypointense region in the center of the thickened wall due to a
lipid-rich necrotic core.

wall, defined by plaque texture, has been related to plaque composition. Fibrous tissue is
more echogenic and thus has higher image intensities than regions of lipid and hemorrhage
which are more echolucent [51, 110]. Calcifications cause strong echoes and thereby may
cause acoustic shadowing which limits analysis of the plaque lying behind the calcification.
Figure 1.2 shows an echogenic plaque in the top row and an echolucent plaque in the
bottom row.

1.2.2 CT

CT is an imaging modality that creates 3D image volumes using tomographic reconstruc-
tion of x-rays [87]. Image intensity is measured in standardized Hounsfield units and results
from x-ray attenuation by the tissue. CTA uses injection of a contrast agent and is used to
image the vasculature. Current systems are able to perform rapid imaging, and a full CTA
image of the carotid arteries with a voxel size of ∼0.3×0.3×0.5 mm can be acquired in the or-
der of seconds [44]. A disadvantage of CT is the use of ionizing radiation, which is assumed
to impose long-term risks on scanned subjects [25]. Therefore, current improvements in CT
imaging and image analysis are often aimed at dose-reduction [95, 151].
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CTA is commonly used for carotid artery imaging [84, 215]. It can be used for accurate
stenosis grading and for quantification of arterial wall calcification. Calcification has high
intensity in CT, as the examples in Figure 1.2 show. The adequacy of CT for depicting other
plaque components has been studied as well [45, 237]. Some studies found a difference in
Hounsfield units between fibrous and lipid or necrotic tissue [45]. However, the accuracy
with which those components can be distinguished in CTA remains questionable [237].

1.2.3 MRI

MRI [112] has better soft tissue contrast than ultrasound and CT, and is therefore more
suitable for imaging different plaque components. In contrast to CT, no ionizing radiation
is used. Instead, the object or person to be scanned is placed in a strong magnetic field
(1.5-3 Tesla in general clinical practice). Images are created by briefly applying a differ-
ent electromagnetic field to a region of interest. The behaviour in response to this pulse
is tissue-dependent, and therefore tissues with different magnetization properties can be
distinguished. By measuring at different time intervals after the electromagnetic pulse dif-
ferent contrasts are generated, which is useful in many applications and essential to image
all plaque components of interest.

The contrast and appearance of different plaque components in MRI has been studied
well [159, 202, 243]. By comparing to histology it has been determined that calcification
has low signal intensity in all MRI sequences, and that intraplaque hemorrhage appears
bright in T1-weighted images. Lipid-rich necrotic tissue can be visualized in several ways.
The best contrast is obtained when pre-contrast and post-contrast T1-weighted images
are compared [187, 246]. Contrast agent is taken up by fibrous tissue but not by necrotic
tissue, resulting in a hypointense region post-contrast which is iso-intense precontrast at
the location of a necrotic core. When no contrast agent is used lipid or necrotic tissue can
be recognized by hypointensity in T2-weighted or diffusion weighted MRI [38]. Several ap-
proaches of imaging plaque inflammation by means of nanoparticles have been studied as
well [96, 193]. Examples of different MR contrasts are shown in Figure 1.2.

1.3 Image processing

Manual analysis of images is time-consuming and labour-intensive. In addition, there can
be considerable variation between observers. Especially when quantitative measurements
have to be performed, human workload is a limiting factor for usage in both large-scale
research projects and in clinical practice. Automated image analysis is therefore crucial in
these situations.

Automated segmentation of the carotid artery lumen and outer wall has been the topic of
studies in ultrasound [13, 208, 241], CTA [73, 126, 227] and MRI [14, 72, 209, 218]. Most of
these methods obtain reasonable segmentations, although manual adjustments especially
in the bifurcation and plaque regions remain necessary to obtain segmentations that can be
used for accurate grading of stenosis, wall thickness or further processing [73]. Assuming a
correct wall segmentation, characterization of the vessel wall content is the next step and
the focus of this thesis.

In ultrasound most studies aiming to characterize the vessel wall have focused on gray scale
median (GSM) of the vessel wall. GSM is moderately correlated with histology composi-
tion [236], and was shown to be predictive of vascular events [69, 149]. More advanced
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texture measures have been studied as well. A combination of local binary pattern and
Law’s features [2], and a set of 56 texture features [35] were shown to enable classification of
symptomatic versus asymptomatic subjects, and Haralick texture features predicted future
cerebrovascular events by support vector machine classification [109]. We study the pre-
dictive value of a large set of texture features in this thesis. An attempt to segment plaque
components based on gray scale has been made as well [110]. Although this approach has
not been followed on B-mode ultrasound, a similar approach has been used to develop a
so-called virtual histology method for intravascular ultrasound, which is more commonly
used in research [134].

For CTA thresholds based on Hounsfield values have been determined after manual align-
ment of CTA with histology slices, to separate lipid, calcium and fibrous tissue [45]. This
yielded good correlations between histology and CTA segmentations of calcium and fibrous
volumes, but a poor correlation for lipid especially in more calcified plaques. A different
study used a similar approach and found perfect agreement for calcification, but due to
large overlap in intensity between lipid-rich necrotic core, fibrous tissue, and hemorrhage
there was limited agreement for these components [237]. Still, significant correlations be-
tween the automatic segmentation results as determined by [45] and clinical parameters
were found [226].

Due to its superior soft tissue contrast, most work on segmentation of plaque components
has been performed in MRI. MRI is more challenging than CT in the sense that there is
no standardized intensity such as the Hounsfield scale, and even within images intensity
inhomogeneity occurs. In addition, owing to the complementary information available in
different MR images to assess all relevant plaque components it is important to combine
different MRI contrast images. Therefore, image registration, image normalization and in-
homogeneity correction are needed to obtain good results in a subsequent segmentation
framework. In ex vivo MRI good segmentation results with respect to histology have been
obtained based on voxel classification of multicontrast MRI intensities [37, 38, 89, 97, 154].
In in vivo MRI reasonable to good results have been obtained as well [82, 119, 219]. While
Liu et al. [119] obtained good accuracy with respect to histology for all studied components
(calcium, necrotic core, loose matrix and fibrous tissue), van ’t Klooster et al. [219] and
Hofman et al. [82] obtained good results for most components, but only poor to moderate
agreement with the ground truth for calcification. These methods use a voxel classification
approach with a Bayesian or linear discriminant classifier, where in addition to intensities,
spatial information [119, 219] and multiscale and multiorder Gaussian derivatives [219]
were included.

For segmentation methods based on voxel classification supervised methods are preferred,
because they generally can yield a better performance. These require an accurate ground
truth. For plaque segmentation several approaches have been used to obtain such ground
truth. Histology sections contain the most accurate information on tissue composition, but
these are not always available and difficult to register with ex vivo, but especially in vivo
imaging data. Therefore also manual annotations and histology-guided manual annota-
tions have been used.

A limitation of most current supervised segmentation methods is that while they may per-
form very well on data with the exact same properties as the data used for training, accuracy
quickly decreases when the data to analyze is different in for example scanner type, imaging
protocol or patient population. For MR brain segmentation, a number of methods have
been proposed and evaluated to overcome this problem [39, 56, 216, 217]. In this thesis we
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present a transfer-learning approach similar to Wu et al. [238] and Van Opbroek et al. [216]
for the carotid artery wall.

Besides single-modality analysis, several studies have showed an interest in combining MRI
with either CT [74, 132] or ultrasound [34] for a better description of the vessel wall. These
studies suggest that a combination of imaging modalities may better determine whether a
plaque is vulnerable, or that one imaging modality could be used to determine which pa-
tients benefit from subsequent imaging by a second imaging modality. We evaluate different
imaging modalities and combine MRI and CT in this thesis.

1.4 Outline of this thesis

Given the described previous work and the available literature, it is relevant to study charac-
terization of the atherosclerotic vessel wall using supervised methods, and to study the use
of multimodal imaging. Therefore this thesis describes the development and validation of
techniques that aim at the automated characterization of the carotid atherosclerotic vessel
wall. Both methods for ex vivo and in vivo imaging modalities are developed, including MRI,
CTA, ultrasound and histology.

Chapters 2 to 4 make use of a dataset in which ex vivo and in vivo MRI and CT, and manually
annotated histology sections are available, that have largely been registered. In Chapter 2,
we perform voxelwise classification of calcification, lipid-rich necrotic and fibrous tissue in
the ex vivo MRI, using a ground truth obtained by registering histology andµCT images with
the MRI. We investigate the discriminative value between classes when different groups of
features are included: intensities, Gaussian filters and lumen and outer wall distances. In
addition, to evaluate the advantage of using an extensive framework for 3D registration
instead of previous methods, we compare segmentation accuracy between the situation
where all imaging modalities are registered using 3D registration, and slice-based matching
of selected histology slices with ex vivo MRI slices.

In Chapter 3 we develop voxelwise classification algorithms for the combination of in vivo
MRI and CTA. This chapter handles the problems that arise due to difficult alignment of
histology with in vivo data. Firstly, some additions to the image registration framework are
made. Secondly, to account for errors in ground truth labels by misregistration we evaluate
three different ways of sample weighting: 1) a weighting of samples per slice based on reg-
istration accuracy per slice, 2) a weighting that weighs each sample individually based on
local registration accuracy, and 3) outlier rejection. In addition, we compare segmentation
accuracy based on the combination of MRI and CTA to use their complementary advan-
tages, to the use of only CTA and only MRI.

For the methodology in both Chapters 2 and 3 an accurate histology segmentation is re-
quired. Manual annotation is labor-intensive and time-consuming. Chapter 4 proposes
a method for (semi-)automatic segmentation of histology slices. We compare training on
the resulting automatically segmented histology slices for both ex vivo and in vivo image
segmentation (as in Chapters 2 and 3) to training on the manually segmented histology. As
histological image appearance varies greatly between specimens, fully automatic segmen-
tation by training on independent data is compared to an interactive approach with training
on 1 or 2 slices of the histology specimen to be segmented.

In Chapter 5 we develop an algorithm to segment plaque components in in vivo MRI in the
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multi-center PARISk study [205]. Data with manual annotations from two centers is used
for this chapter. In both protocols five image sequences are acquired to distinguish plaque
components, but scanner vendor, coil hardware and protocol implementation differ be-
tween the centers. We compare the accuracy of plaque component segmentation between
the two protocols, and evaluate to what extent an algorithm trained on one protocol can be
applied to segment data acquired in the other center. Methodologies to improve this trans-
ferability, including transfer-learning methods, are presented to improve the performance
of classification algorithms in this context.

In Chapter 6 we aim to use texture analysis of plaques in 3D ultrasound to predict vascular
events. Instead of performing a segmentation of individual plaque components, we calcu-
late overall plaque texture per patient. In this longitudinal study patients were scanned at
baseline and after one year, and followed for vascular events for up to five years. A large
number of texture features is acquired for all plaques at both time points. Sparse Cox re-
gression is used to reduce dimensionality and to predict plaque vulnerability per patient.
The predictive value of texture, change in texture and change in plaque volume, and com-
binations of those measures, is evaluated.

This thesis is concluded with a summary of all findings, a discussion of these findings and a
future perspective in Chapter 7.





2Chapter
Multi-feature-based plaque characterization in ex

vivo MRI trained by registration to 3D histology

This chapter has been published as:
A. van Engelen, W.J. Niessen, S. Klein, H.C. Groen, H.J.M. Verhagen, J.J. Wentzel, A van der
Lugt and M. de Bruijne, Multi-feature-based plaque characterization in ex vivo MRI trained
by registration to 3D histology, Physics in Medicine and Biology, 2012

Abstract
We present a new method for automated characterization of atherosclerotic
plaque composition in ex vivo MRI. It uses MRI intensities as well as four other
types of features: smoothed, gradient magnitude and Laplacian images at several
scales, and the distances to the lumen and outer vessel wall. The ground truth
for fibrous, necrotic and calcified tissue was provided by histology and µCT
in twelve carotid plaque specimens. Semi-automatic registration of a 3D stack
of histological slices and µCT images to MRI allowed for 3D-rotations and in-
plane deformations of histology. By basing voxelwise classification on different
combinations of features, we evaluated their relative importance. To establish
whether training by 3D registration yields different results than training by
2D registration, we determined plaque composition using 1) a 2D slice-based
registration approach for three manually selected MRI and histology slices per
specimen, and 2) an approach that uses only the three corresponding MRI slices
from the 3D-registered volumes. Voxelwise classification accuracy was best when
all features were used (73.3±6.3%), and was significantly better than when only
original intensities and distance features were used (Friedman, p<0.05). Although
2D registration or selection of three slices from the 3D set slightly decreased
accuracy, these differences were non-significant.
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2.1 Introduction

Cerebral infarction is one of the most important causes of death and the largest cause of
disability in the Western world. Approximately 20% to 30% of all cerebral infarctions can
be related to atherosclerotic plaque rupture in the carotid artery [146]. Evidence suggests
that plaques prone to rupture are characterized more by plaque composition than by the
plaque size or the degree of stenosis [167, 168]. Magnetic resonance imaging (MRI) is able to
non-invasive visualize different plaque components. Both in vivo [36, 77, 129, 158, 202, 243]
and ex vivo [130, 170] the accuracy of MRI to distinguish plaque components has been
demonstrated by comparison with histological sections. Relating plaque composition to
plaque rupture or clinical events showed that a large lipid or necrotic core [167] covered by a
thin fibrous cap [244] is associated with a high risk of rupture, while fibrous tissue and calci-
fications [168] have a stabilizing effect. In addition, the presence of intraplaque hemorrhage
[188] and plaque ulceration [145] are related to an increased number of cerebrovascular
events. Most studies analyzed the relation between the presence of plaque components and
outcome. However, the relative size of the components is also important for risk prediction.
Segmentation and quantification of plaque components in MR images is therefore relevant.
In addition, segmentations can be used to make biomechanical models of plaques [6]. Au-
tomatic methods may reduce the inter- and intraobserver variability and are more practical
in large studies. Our study focuses on the automatic segmentation of plaque components
in ex vivo MRI.

Automated plaque-segmentation methods have previously been presented by several au-
thors, both in ex vivo [37, 38, 89, 97, 154] and in vivo MRI [3, 82, 119]. Most of these methods
are based on voxelwise statistical classification. For ex vivo MR images of plaque specimens,
segmentations of different components have been obtained with a maximum-likelihood
classifier [37], a nearest-mean classifier [38], k-means clustering [97], and k-means clus-
tering in combination with an iterative approach to minimize pixel discontiguity [89]. The
probability of misclassification was similar for a normal density based approach and non-
parametric Parzen window estimation [154]. Similar approaches have been introduced for
the analysis of in vivo MR images. In a comparison, a standard Bayesian classifier performed
better than k-nearest neighbour, a feedforward neural network, and a Bayesian classifier
in combination with a Parzen classifier [82]. In addition, fuzzy clustering followed by con-
tour smoothing [3], and a maximum-likelihood Bayesian classifier that besides intensities
also included the distance of each voxel to the lumen and the local wall thickness [119]
have been investigated. Except for this last method [119], all these methods are based only
on original MRI voxel intensities. This paper investigates whether additional image fea-
tures contain information that improves classification accuracy, validated by a histological
ground truth.

To evaluate plaque segmentation, the resulting areas or volumes can be compared to those
resulting from manual delineations in the MRI [3], to volumes obtained from histology
[82, 97], or to the visual grading of the American Heart Association (AHA) [89]. A disad-
vantage is that these approaches use global measures and do not take account of regional
correspondence between the classification result and the ground truth. Other studies used
co-registration between histology and MRI to perform voxelwise analysis [37, 38, 119, 154].
Corresponding histology and MRI slices were then manually selected prior to in-plane reg-
istration, and voxelwise classification was evaluated for a selection of on average 1 to 5
slices per specimen. This manual selection may positively bias classification accuracy as the
matched MRI and histology slices may appear more similar and have higher image quality.
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On the other hand, with 2D in-plane registration it is not possible to account for differences
in out-of-plane slice orientation between the histological and MRI slices. Therefore, we aim
to develop a classification method that is based on registration of MRI to 3D histology [68].
We expect this to provide a more accurate and objective ground truth, and it allows the
inclusion of MRI slices with a lower image quality in both training and evaluation.

This study presents a new method for segmenting calcification, fibrous and lipid-rich necrotic
tissue in MR images obtained from ex vivo carotid artery specimens. As well as using MRI in-
tensity and distances to the lumen and outer vessel wall, we evaluated Gaussian smoothed
intensities, gradient magnitude and Laplacian images for their contribution to classification
accuracy. A 3D registration of MRI with histology was used for classifier training and evalua-
tion. This approach was compared to the more standard method of 2D in-plane registration
of selected MRI and histology slices. Preliminary results of this study have previously been
published in a conference proceedings [213].

2.2 Materials and methods

2.2.1 Data

Fifteen patients scheduled for carotid endarterectomy (CEA) were included in the study
(9 had an ischemic stroke, 5 had a transient ischemic accident, and 1 was asymptomatic).
During the CEA procedure, the plaque was removed intact as much as possible to keep
its 3D shape. The ex vivo specimens were scanned in a 3T clinical MRI scanner (Signa Ex-
cite, GE Healthcare, Milwaukee, USA). Three MRI contrast weightings were obtained: 3D-T1
weighted (T1w) gradient echo (GRE), 2D-T2 weighted (T2w) spin echo (SE) and 2D-Proton-
density weighted (PDw) SE. Scan parameters are provided in Table 2.1. To allow accurate
calcification quantification, the specimens were also scanned with a µCT scanner (Skyscan
1072, Skyscan, Belgium, resolution 18×18×18µm).After imaging, the specimens were de-
calcified and embedded in paraffin for histological processing. At every 1mm interval, axial
slices of 5µm thickness were obtained. In addition, digital photographs of the cutting plane,
called ‘enface’, were taken to allow reconstruction of the 3D histology volume. An Elastica
von Gieson stain was applied (EvG, Merck, Germany), to visualize cell nuclei, elastin and
collagen fibers. On the high-resolution digitized histologic slices, contours of the lumen
and outer vessel wall and for regions of lipid-rich necrotic tissue were drawn manually.
Calcified areas were obtained from the µCT by intensity thresholding. The µCT scanner
was not calibrated and values could not be related to standard Hounsfield units. Therefore
one threshold value was chosen that gave visually satisfying results for all specimens. As the
resolution and contrast for calcification are both quite high inµCT, the exact threshold value
is not very critical. The remaining areas were considered to be fibrous tissue, resulting in a
ground truth with three components (calcification, fibrous tissue and lipid-rich necrotic
tissue). Three specimens were excluded for classification due to a low quality of histology (2
cases) or an incomplete MRI protocol (1 case), leaving 12 specimens. We excluded slices for
which it was not possible to obtain a ground truth due to histology disruption. The number
of histology slices with corresponding MRI included was 11±4 per specimen (range 5 - 17).
Figure 2.1 shows a flow chart of the methods in this paper. It includes an example for the
ground truth obtained in one image slice.
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Table 2.1: MRI scan parameters.

Sequence Resolution Repetition time Echo time Flip angle
(mm) (ms) (ms) (degrees)

3D-T1w GRE 0.1x0.1x0.1 32.6 - 57.1 3.6 - 4.9 60
2D-T2w SE 0.1x0.1x0.6 2300 - 13820 53.9 - 67.0 90
2D-PDw SE 0.1x0.1x0.6 7700 - 14860 17.9 - 18.3 90

2.2.2 Registration of MRI with histology

3D registration

The 3D registration procedure followed a pipeline that was developed to match in vivo CTA
with histology, via µCT and ex vivo MRI, using the same settings as published previously
[68]. This procedure includes multiple steps using both rigid and deformable registration,
and involves several manual annotations of anatomical landmarks, lumen and outer vessel-
wall contours in each image modality. The top row in Figure 2.1 illustrates the different
stages in registration. Here, a more detailed description of each step is given.

• Enface stacking: The ’enface’ images taken during histology slicing were stacked by
2D in-plane point-based rigid registration of manually annotated landmarks to form

Figure 2.1: Flow chart of the method. Registration: Images before registration are shown, the arrows
indicate what registration steps are applied and point from the fixed to the moving images. The
large arrow points down from the domain in which all images are registered with each other and
classification is done. Here µCT and MRI are only rigidly deformed, and the histology is non-rigidly
deformed to match the ex vivo MRI. The in-plane resolution equals the ’enface’ resolution, which is
0.017×0.017 mm. Ground truth: deformed µCT (original and thresholded) and histology are shown
with the resulting ground truth. Contours are shown in the undeformed histology slice in the upper
row. Features: a slice of the transformed 3D-T1w MRI with its gradient magnitude and Laplacian
image and the distance to the outer vessel wall for each voxel (black=0) are shown. Classification: a
segmentation result is shown (white=calcification, light grey=fibrous tissue, dark grey=necrotic tissue.
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a 3D volume. Each 2D image was registered to its preceding image (8±3 landmarks
per 2D registration were used).

• T(Hi stolog y to en f ace): The 2D histology slices were registered to the enface stack to
obtain a 3D histology stack, allowing for non-rigid in-slice deformations. Manually
annotated landmarks (5±1 per slice) were used for rigid initialization, and the B-
spline model [157] was used to maximize the mutual information (MI) [199, 222]
between the original images, manual lumen segmentations, and manual outer-wall
segmentations in both the ’enface’ and histology images.

• T(En f ace to MRI ): This registration was initialized with a rigid registration based on
manually annotated landmarks in the ’enface’ and 3D-T1w MRI (8±2 landmarks per
specimen). A rigid registration of the MRI with the 3D histology stack was then per-
formed with the same MI maximization and similarity measure as before, for which
manual lumen and outer vessel wall segmentations were made on the MRI. The regis-
tration was refined by B-spline deformable registration with the same similarity mea-
sure, in which only in-plane deformations were allowed while maintaining continuity
along the slice direction. Since the specimen did not move between acquisitions, the
different MR images were assumed to be aligned with each other.

• T(µC T to MRI ): To register the µCT to the ex vivo MRI, a point-based rigid registration
without scaling was performed using annotated landmarks in the µCT and 3D-T1w
image (7±2 landmarks per specimen).

All registration steps were performed using the registration toolbox elastix [102]. Clas-
sification was performed in the space inbetween the ex vivo MRI and stacked histology,
in Figure 2.1 indicated by the large arrow pointing down from the registration part. All
images were transformed to this domain. This means that only the B-spline transformation
of T(En f ace to MRI ) was applied to the 3D histology stack, and that the inverse rigid transfor-
mation was applied to the ex vivo MRI. The in-plane resolution in this domain was chosen
equal to the resolution of the enface images, 0.017×0.017 mm, with a slice distance of 1 mm.
In this way, interpolation between histology slices was avoided.

2D registration

To study whether the match between MRI and histology with either 3D or 2D registration
affects the classification results, two additional datasets were created. For that purpose, an
observer manually matched 2D image slices from the MRI volumes to all histology slices of
each specimen, using a procedure similar to the method used in several papers [37, 38, 154].
Matching was achieved using the known distance between slices in both MRI and histology,
and the shape of the lumen and outer vessel wall. The selected MRI slices had the same
position in each of the three contrast weightings, as the specimen did not move between
acquisitions. As the studies cited had used fewer slices per plaque for classification (1.25, 3
and 3-5), for this study the observer selected three slices from each specimen. The slices that
had the best histology and MRI quality and covered as much as possible of the length of the
specimen were selected, excluding adjacent slices. The selected MRI slices were registered
in-plane with the corresponding histology, as in T(En f ace to MRI ) for 3D registration: using
a point-based rigid initialization (6±2 landmarks per slice) followed by rigid and B-spline
deformations that optimized the MI between the original images, manual lumen segmen-
tations, and manual wall segmentations in both images.

To better compare classification results in these 3D- and 2D-registered datasets, a third
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dataset was created. This consisted of the three MRI slices out of the 3D-registered dataset
that corresponded to the three histology slices that had been selected for the 2D-registered
dataset.

2.2.3 Voxel classification method

To remove intensity nonuniformities in the original MR images, we used nonparametric
nonuniform intensity normalization (N3) [176]. For intensity normalization between pa-
tients, the intensity values were scaled with respect to the average intensity of the fluid in
the tube surrounding the plaque, which was set to 1000. To account for slight misregistra-
tions and partial-volume effects, both in classifier training and evaluation a morphological
erosion with a disk-structuring element was applied to the segmentations. For calcifica-
tions, the diameter of the structuring element was set to 3 voxels (0.05 mm); for fibrous and
necrotic tissue to 5 voxels (0.09 mm). The reason for this difference is that the ground truth
for calcification was based on the registration of µCT and MRI, which was assumed to be
more accurate than that of histology and MRI. The erosion was performed in separate 2D
slices in the high-resolution domain for classification (indicated in Figure 2.1) and deleted
on average 21% of the voxels in the original segmentations. For every voxel the following
features were obtained:

• Intensities in the normalized MR images as obtained with the three different sequences,
and after convolution with a Gaussian kernel withσ=0.1 mm,σ=0.2 mm andσ=0.3 mm
to obtain smoothed images (12 features)

I S(x,σ) = 1
p

2πσ23 e−
||x||2
2σ2 ∗ I (2.1)

with I the normalized image, and x=[x y z].
• The gradient magnitude of all smoothed images (9 features)
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• The Laplacian of all smoothed images (9 features)

L = ∂2(I S(x,σ))

∂x2 + ∂2(I S(x,σ))

∂y2 + ∂2(I S(x,σ))

∂z2 (2.3)

• The shortest (Euclidean) distance to the lumen and to the outer vessel wall (2 fea-
tures)

This resulted in a total set of 32 features. Calculation of the smoothed, gradient magni-
tude and Laplacian features was done in the original 3D MRI volumes before registration.
The distances were calculated in-plane in the 2D slices after registration. Classification was
performed with a linear discriminant classifier which finds the optimal linear boundaries
between the classes under the assumption that the data is normally distributed with equal
covariance matrices for the three classes. The discriminant function is as follows [76]:

ρk (x) = xTΣ−1µk −
1

2
µT

kΣ
−1µk + logπk (2.4)

Here k are the classes, Σ the covariance matrix, µk the class means, πk the class prior
probabilities, and x the feature vector to classify.
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2.2.4 Evaluation

For both the 3D and 2D registration approach, the accuracy of the final registration of his-
tology with ex vivo MRI was evaluated. We calculated the distance between the annotated
landmark points, and the distance between corresponding vessel wall contours. For the
contour distance, the shortest Euclidean distance from each point on the lumen or outer
vessel wall contour in the MR images to the corresponding contour in histology was taken,
and the other way around. The mean of all these distances was calculated for each slice.
The registration of ex vivo MRI with µCT was evaluated based on the landmark distance
after rigid transformation of the µCT.

The classifiers were evaluated using leave-one-out cross-validation in which one specimen
per time was kept out of the training set and used for testing. One percent of the voxels in
the remaining 11 specimens, was randomly selected to form the training set. Due to the
large number of voxels in the images used for classification, an average of 5000 voxels of
the smallest component (calcification) were still present in the training set. Both classifier
training and testing was performed using the Matlab toolbox “prtools" [50], version 4.1.9

Classifier performance was evaluated on basis of the voxelwise classification accuracy av-
eraged over the 12 specimens. For feature evaluation, eight combinations of features were
evaluated in the complete 3D-registered dataset. Firstly the original MRI intensities as used
previously [37, 38, 154] and the original images combined with either smoothed inten-
sities, distances (as in [119]), or gradient magnitude and Laplacian images were consid-
ered to study the effect of the new features separately on their added value. In addition,
a combination of original and smoothed intensities and distances was evaluated, and this
combination with the gradient magnitude features, the Laplacian features, or both added.
Differences in accuracy between classifiers using these different feature sets were tested for
significance with a Friedman test, a paired nonparametric test for multiple comparisons.
Individual comparisons were done using the Tukey-Kramer method.

To study whether accuracy is affected by 2D or 3D registration and slice selection, classifi-
cation was performed in the three different datasets: the complete 3D-registered set with
11±4 slices per specimen, the 2D-registered dataset with 3 slices per specimen, and the se-
lection of the same 3 slices per specimen from the 3D-registered dataset. Classification was
performed using all features and the same leave-one-out procedure as mentioned before.
Friedman analysis was again used to test for significant differences.

2.3 Results

2.3.1 Registration accuracy

For 3D registration, the distance between the annotated landmarks in histology and ex
vivo MRI after all registration steps was 1.3±0.7 mm. The distance between lumen contours
was on average 0.5±0.3mm and between outer vessel wall contours 0.3±0.2mm. Using 2D
registration, the distance between landmarks was 1.8±1.7 mm, between lumen contours
0.4±0.2 mm and between outer vessel wall contours 0.3±0.3 mm. The distance between the
landmarks on ex vivo MRI and µCT after applying the rigid transformation was 0.3±0.7 mm.
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2.3.2 Performance of features

The average leave-one-out accuracy, sensitivity and specificity for different combinations
of features are shown in Table 2.2. To compare, random class assignment according to the
class priors (4% for calcification, 63% fibrous and 33% necrotic tissue) would result in an
accuracy of 51%. A combination of the three original image intensities yielded an accuracy
of 60.8±16.1%. Smoothed intensities, distances and the gradient magnitude together with
Laplacian images all improved accuracy when separately added to the original intensities,
although none of them statistically significant. When all features were included, the accu-
racy was the highest (73.3±6.3%), and significantly better than classifiers that have been
studied before which used only original intensities, or original intensities and distances
(Figure 2.2).

Figures 2.3 and 2.4 show two examples of a slice that was classified using only the original in-
tensities, original intensities and distances, and all features. In Figure 2.3, the classification
accuracy increased from 62.3% to 74.9% using all features instead of only original intensi-
ties. In Figure 2.4, the accuracy increased from 30.5% to 61.6%. The main improvement in
both examples, and in most unshown cases, is due to a more accurate detection of lipid-rich
necrotic tissue.

2.3.3 Performance of best classifier

The performance of the best classifier (i.e. including all features) is evaluated in more detail.
Table 2.3 shows the confusion matrix of the different plaque components. As also shown in
Table 2.2, calcification can accurately be classified with high sensitivity (81%) and specificity
(97%). The specificity for fibrous tissue is lower (60%, with a sensitivity of 85%) while for
necrotic tissue the sensitivity is lower (52%, with a specificity of 89%). This indicates that
the differentiation between fibrous and necrotic tissue is more difficult, and, as Table 2.3
shows, may lead to the misclassification of necrotic tissue as fibrous tissue. The accuracies
per class, considering the other two classes as one, are 96% for calcification, 76% for fibrous
tissue and 77% for necrotic tissue. The Receiver-Operating curves (Figure 2.5) also show
that a very good sensitivity and specificity can be achieved for calcification (area under the

Table 2.2: Classification results for different feature combinations. The overall voxelwise classification
accuracy is given as an average over the 12 specimens. Sensitivity and specificity for the 3 components
are calculated after combining the 12 confusion matrices and given as one value for all specimens
together. The last column indicates which feature sets had significantly different results (Friedman
analysis, p<0.05). I = original intensities (3 features), IS = smoothed intensities (9 features), D =
distances (2 features), GM = gradient magnitude (9 features) and L = Laplacian (9 features).

Feature Accuracy Calcification Fibrous Necrotic Friedman
set (%) (Sens, Spec) (Sens, Spec) (Sens, Spec) (p<0.05)
1 - I 60.8±16.1 81, 96 91, 23 10, 94 5, 6, 7, 8
2 - I, IS 68.1±7.8 79, 96 83, 52 42, 87
3 - I, GM, L 70.1±6.4 80, 96 82, 56 48, 86
4 - I, D 70.5±6.8 79, 96 84, 55 46, 88 8
5 - I, IS, D 72.6±6.4 78, 97 85, 59 51, 88 1
6 - I, IS, D, L 72.9±6.6 79, 97 85, 59 52, 88 1
7 - I, IS, D, GM 73.0±6.2 80, 96 85, 60 52, 88 1
8 - All 32 features 73.3±6.3 81, 97 85, 60 52, 89 1, 4
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Figure 2.2: Friedman analysis. For each feature set, numbered in Table 2.2, the mean rank is shown.

curve (AUC) of 0.98), with lower areas under the curve for fibrous (AUC of 0.82) and necrotic
tissue (AUC of 0.81).

Figure 2.6 shows correlations between the fractions of the different plaque components
found in the ground truth and by classification. Values for Spearman correlation coeffi-
cients (ρ) were reasonable to good (0.86 for calcification, 0.71 for fibrous tissue and 0.72 for
necrotic tissue). On average, the percentage of calcification in the ground truth is 2.3±2.4%
lower than in the classification result. Fibrous tissue is 7.7±11.6% overestimated and necrotic
tissue 10.1±12.2% underestimated. For illustration, Figure 2.7 shows four examples. Fig-
ure A shows a slice with high classification accuracy (83.6%), B and C with average accu-
racy (74.0% and 69.2%) and D with low accuracy (52.4%). These examples again show the
accurate detection of calcification and the more difficult separation between fibrous and
necrotic tissue.

Table 2.3: Confusion matrix for classification using all features, summed over all specimens.

Classification result
Calcification Fibrous Lipid-rich necrotic

Ground truth Calcification 3.6% 0.5% 0.4%
Fibrous 2.0% 53.5% 7.3%

Lipid-rich necrotic 1.3% 14.4% 17.0%

2.3.4 2D versus 3D registration

The classification results in the 2D-registered and 3D-registered datasets that contained
three slices per specimen are shown in Table 2.4. The overall accuracy in these datasets is
slightly lower (71.9±11.3% using 3D registration and 70.1±9.0% using 2D registration) than
when using the complete 3D-registered dataset. The differences are, however, not statis-
tically significant. The smaller datasets show a slightly higher sensitivity for necrotic tissue
and a lower sensitivity for fibrous tissue. The average rotation angle needed to align the MRI
volumes with the 3D histology stack was 7±4◦.

Figures 2.8 and 2.9 show classification of two slices that are part of all three datasets. While
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Figure 2.3: Example of classification in one slice. A shows the 3D-T1w MRI slice, B the registered
histology and C the ground truth. The classification results are shown using only the three original
intensities (D, 62.3% accuracy), original intensities with distances (E, 67.3% accuracy), and all 32
features (F, 74.9% accuracy). In C-F, white represents calcification, light grey fibrous and dark grey
lipid-rich necrotic tissue. Black lines and spots are due to the erosion, and not included in the analysis.

the matched 2D MRI slice and the corresponding slice from the 3D-registered MRI volume
in Figure 2.8 may look similar, the MRI volume was rotated for 10.7◦ for the 3D registration.
This example shows indeed the highest classification accuracy after training on the com-
plete 3D set, followed by the selection from the 3D set and the 2D set. Due to differences
in non-rigid deformation, the ground truth images after 2D and 3D registration may differ
slightly. As the µCT volume was rotated together with the MRI, the location of calcification
varies. Figure 2.9 shows an example in which the rotation of the MRI volume for 3D registra-
tion was larger (13.4◦). This example also shows the misclassification of fibrous and necrotic
tissue as calcification caused by the presence of air in the specimen which results in black
spots in the MRI.

Table 2.4: Classification results for the three different datasets. The overall voxelwise classification
accuracy is given as an average over the 12 specimens. Sensitivity and specificity for the 3 components
are given as the total sensitivity and specificity across all 12 specimens combined. Differences are not
significant.

Dataset Accuracy Calcification Fibrous Necrotic
(%) (Sens, Spec) (Sens, Spec) (Sens, Spec)

Complete 3D set 73.3±6.3 81, 97 85, 60 52, 89
Selection from 3D set 71.9±11.3 81, 98 82, 62 57, 85

2D set 70.1±9.0 70, 96 78, 66 61, 83
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Figure 2.4: Example of classification in one slice. A shows the 3D-T1w MRI slice, B the registered
histology and C the ground truth. The classification results are shown using only the three original
intensities (D, 30.5% accuracy), original intensities with distances (E, 41.0% accuracy), and all 32
features (F, 61.6% accuracy). In C-F, white represents calcification, light grey fibrous and dark grey
lipid-rich necrotic tissue. Black lines and spots are due to the erosion, and not included in the analysis.

2.4 Discussion

We presented an automated method for voxelwise classification of carotid plaque compo-
sition in ex vivo MRI. Classification accuracy was significantly improved by features that
describe local image structure and the location within the vessel wall, in addition to image
intensity. Using 3D registration of MRI to histology with as many slices included for training
and evaluation as possible (11±4), gave slightly but not significantly better results than
when only three slices per specimen were included, or when 2D registration was used to
match MRI and histology. The method showed high classification accuracy for calcification
(96%) and reasonable accuracy for fibrous (76%) and lipid-rich necrotic tissue (77%).

Four types of features were used in addition to original intensities: the distances to the
lumen and outer vessel wall, and smoothed, gradient magnitude and Laplacian images at
several scales. The positive effect of including distance information has been shown pre-
viously [119]; it is relevant because the necrotic core is usually located in the center of a
plaque, surrounded by fibrous tissue. Because smoothed images reduce noise and include
information from neighbouring voxels, they may therefore improve performance. Gradient
magnitude and Laplacian features are useful to detect small structures; in this study their
main effect was an improved sensitivity to calcification detection. Although the improve-
ment of adding gradient magnitude and Laplacian images was small as calcification was
already accurately classified, only the classifier that used all features was significantly better
than the classifier that used only the original intensities and distances.

The component that is detected with the highest accuracy is calcification, which appears
dark in MRI compared to the rest of the plaque. There is a larger overlap in intensity be-
tween fibrous and necrotic tissue in the MR images, which makes the differentiation be-
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Figure 2.5: ROC curves for the three components studied. The area under the curve for calcification
is 0.98, for fibrous tissue 0.82 and for lipid-rich necrotic tissue 0.81.

Figure 2.6: Correlation between the relative size of plaque components in the ground truth and
classification results. Values for Spearman’s ρ are 0.86 for calcification, 0.71 for fibrous tissue and 0.72
for lipid-rich necrotic tissue.

tween these components more difficult. Another reason for the difference in accuracy is
that registration of ex vivo MRI to µCT is slightly more accurate than that of ex vivo MRI to
histology due to deformations that occur during histological sectioning. Histology yielded
the ground truth for fibrous and lipid-rich necrotic tissue and µCT for calcification. We ac-
counted for small registration errors by erosion of the ground truth areas. The erosion was a
little smaller (0.17 mm between fibrous and necrotic regions) than the average contour dis-
tance (0.5±0.3 mm for lumen and 0.3±0.2 mm for the outer wall using 3D registration, and
0.4±0.2 mm for lumen and 0.3±0.3 mm for the outer wall using 2D registration). Although
misregistration may have affected results in areas with larger errors, most smaller misregis-
trations were accounted for and visual inspection does not suggest misregistration to be
a problem. Differentiation between fibrous and necrotic tissue is important to separate
vulnerable from stable plaques. The Spearman’s rank correlation coefficients indicate that
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when the plaques are ranked on the relative volume per component, the result corresponds
moderately to well with the ground-truth ranking (Figure 2.6). It is therefore possible to use
these plaque component sizes in studies that relate plaque composition to prognosis or
outcome and possibly use it for the detection of vulnerable plaques.

3D registration of MRI to histology seemed to result in slightly, although not significantly,
higher classification accuracies than when using 2D registration. The rotation angles for
3D registration were quite small (7±4◦). Although in this study the difference in classifica-
tion using either 3D registration or 2D registration was small as well, we believe that 3D
registration can provide more accurate training data. This will especially be the case for
datasets in which the angle between the slicing direction of the histology specimen and
the MRI scan direction is larger, for example in in vivo studies. In addition, registration
of the complete volume at once is more consistent, and reduces the chance that a single
slice will be misregistered. The difference found when many slices or when a selection of
slices was used, may be explained by the fact that the selected slices had a slightly different
composition (57% fibrous and 38% necrotic tissue in the subset from the 3D-registered set
and 55% fibrous and 40% necrotic tissue in the 2D-registered set, against 63% and 33%
in the complete dataset). Classification accuracy may therefore be higher in the complete
dataset because it contains slices that consist of more fibrous tissue, which may be easier to
classify.

These results are comparable to those of previous studies that performed voxelwise plaque
classification in ex vivo MRI [37, 38, 154]. These studies used only the original MRI intensi-
ties and had resolutions slightly lower than in the present study. When 8 contrast weightings
were used Clarke et al. reported an overall accuracy of 73.5% [38], or 78% when either these 8
scans or a combination of T1w, T2w and diffusion weighting (Dw) was used [37]. In Clarke’s
study a combination of T1w, T2w and PDw, as used in the present study, resulted in an
accuracy of 67% [37]. Another study that misclassified more than 40% of the voxels when
five components were distinguished and that misclassified 20-30% when fibrous and loose
connective tissue, and hemorrhage and necrotic tissue were combined, also yielded slightly
better results when PDw images were replaced with Dw images [154]. Our study did not
include Dw images; classification accuracies might therefore improve when this contrast
weighting is added. Using only the original intensities, we obtained an accuracy of 61%,
which is slightly lower than in previous studies. Differences with these previous studies
may be related to image quality, MRI protocols, the image slices selected, and possibly other
factors. However, we expect the added value of the studied features to be valid on other data
as well. As shown in Table 2.1, MRI scanning parameters varied between specimens in our
protocol, but we did not observe a correlation between deviation from the mean scanning
parameters and classification accuracy. The studies by Clarke et al. classified fibrous, loose
connective, calcified and necrotic tissue [38] and fibrous, necrotic, calcified and hemor-
rhagic tissue [37]. We decided not to differentiate between fibrous and loose connective
tissue, as they are both stable components and often occur mixed. This makes it difficult to
distinguish them in histology, and combining them therefore improved the reliability of our
ground truth. Hemorrhage was not included in our study as this plaque component cannot
be identified on histological cross-sections with Elastica von Gieson stains. If a ground truth
for hemorrhage is present, it can easily be added to the framework.



24 Chapter 2

2.5 Conclusion

We presented a new system for the voxelwise classification of calcification, fibrous and
lipid-rich necrotic tissue in ex vivo MRI of carotid specimens. Our approach uses 3D reg-
istration of MRI with a histology stack to train and evaluate classifiers. Features used for
classification are original MRI intensities as well as smoothed intensities, gradient mag-
nitude images, Laplacian images, and distances to the lumen and outer vessel wall. This
yields results that are significantly better than when only original intensities and distances
are used. The classification results slightly improved by 3D registration compared to 2D
registration.
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Figure 2.7: Four examples of slices classified using all features. The slice in A has a high classification
accuracy (83.6%), the slices in B and C an average accuracy (74.0% and 69.2%), and the slice in D has
a low classification accuracy (52.4%). In the ground truth and results, calcification is white, fibrous
tissue light grey and lipid-rich necrotic tissue dark grey. For visualization, the MRI and µCT images
have been individually scaled relative to the minimum and maximum intensity value to obtain an
optimal contrast per image.
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Figure 2.8: Example showing the same histology slice (H) classified in the three different datasets.
Image A was matched to this histology slice using 3D registration; image E was matched using 2D
registration. B (3D) and F (2D) give the corresponding ground truth. C shows the classification result
using the complete 3D-registered set for training (accuracy 76.5%), D using a selection from the 3D-
registered set (74.5%), and G using the 2D-registered set (61.6%).

Figure 2.9: Example showing the same histology slice (H) classified in the three different datasets.
Image A was matched to this histology slice using 3D registration; image E was matched using 2D
registration. B (3D) and F (2D) give the corresponding ground truth. C shows the classification result
using the complete 3D-registered set for training (accuracy 66.2%), D using a selection from the 3D-
registered set (67.2%), and G using the 2D-registered set (52.2%).
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Abstract
Atherosclerotic plaque composition can indicate plaque vulnerability. We segment athero-
sclerotic plaque components from the carotid artery on a combination of in vivo MRI
and CT-angiography (CTA) data using supervised voxelwise classification. In contrast to
previous studies the ground truth for training is directly obtained from 3D registration
with histology for fibrous and lipid-rich necrotic tissue, and with µCT for calcification. This
registration does, however, not provide accurate voxelwise correspondence. We therefore
evaluate three approaches that incorporate uncertainty in the ground truth used for
training: I) soft labels are created by Gaussian blurring of the original binary histology seg-
mentations to reduce weights at the boundaries between components, and are weighted by
the estimated registration accuracy of the histology and in vivo imaging data (measured by
overlap), II) samples are weighted by the local contour distance of the lumen and outer wall
between histology and in vivo data, and III) 10% of each class is rejected by Gaussian outlier
rejection. Classification was evaluated on the relative volumes (% of tissue type in the vessel
wall) for calcified, fibrous and lipid-rich necrotic tissue, using linear discriminant (LDC) and
support vector machine (SVM) classification. In addition, the combination of MRI and CTA
data was compared to using only one imaging modality. Best results were obtained by LDC
and outlier rejection: the volume error per vessel was 0.9±1.0% for calcification, 12.7±7.6%
for fibrous and 12.1±8.1% for necrotic tissue, with Spearman rank correlation coefficients of
0.91 (calcification), 0.80 (fibrous) and 0.81 (necrotic). While segmentation using only MRI
features yielded low accuracy for calcification, and segmentation using only CTA features
yielded low accuracy for necrotic tissue, the combination of features from MRI and CTA
gave good results for all studied components.
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3.1 Introduction

Atherosclerotic disease of the carotid artery is common in the elderly population, and is
a major cause of cerebral ischemia [65, 83]. The underlying mechanism is the rupture of
atherosclerotic plaque with subsequent embolisation of thrombus and/or plaque mate-
rial in the cerebral circulation. Clinical manifestations and fatal outcomes are most often
associated with plaques of American Heart Association (AHA) type IV, V and VI [184]. On
MRI these are characterized by presence of a lipid or necrotic core (LRNC) and possibly
calcifications (type IV-V) or a possible surface defect, hemorrhage or thrombus (type VI)
[29]. These characteristics as found in carotid histology have been related to recent symp-
toms [167, 168], and measurements of tissue components from MRI have been related with
future events [160, 188]. Prevention of (recurrent) cerebral ischemia is the goal of phar-
macological or surgical treatment. Currently the decision for surgical treatment such as
carotid endarterectomy or carotid artery stenting is based on the degree of stenosis, but
incorporating non-invasive measures of plaque composition is expected to improve the
selection of patients that will benefit from surgical intervention [26, 143, 242].

Non-invasive identification of different plaque components is possible both with magnetic
resonance imaging (MRI) [77, 158, 243] and CT-angiography (CTA) [45, 237]. Manual com-
ponent segmentation and quantification in MRI is time-consuming and subject to inter-
and intraobserver variability [158, 187]. Automated segmentation methods that are accurate
and robust are therefore essential to perform large scale studies that can determine the
clinical relevance of plaque composition, and to be able to incorporate these measures into
daily clinical practice if this is deemed advantageous. In this paper we perform automatic
segmentation of plaque components using a combination of MRI and CTA images and
evaluate the advantage of combining those imaging modalities.

Automated methods that segment plaque components have been developed previously, but
these show some limitations in the accuracy for different components, and use possibly in-
accurate or biased training and evaluation methods. Considering the accuracy for different
plaque components, in MRI good results have generally been obtained for quantification
of fibrous tissue and LRNC, but except for the results reported in [119] a low accuracy for
calcification has been found [82, 219]. CTA on the other hand, provides a good estimation
of calcium volume, while the differentiation between LRNC and fibrous tissue is more chal-
lenging due to a large overlap in Hounsfield values [45, 237]. A combined analysis of MRI
and CTA may be beneficial for accurate quantification of all plaque components [74, 132].

The use of possibly inaccurate or biased training and evaluation methods results from the
difficulty to obtain an accurate ground truth. Supervised pattern classification is commonly
used as part of segmentation methods, and voxelwise classification has also been applied
to successfully segment plaque components from MRI [82, 119, 219]. These techniques
require a known voxelwise ground truth for classifier training. The ground truth may be
obtained from manual segmentations [219], but these may be inaccurate due to overlap-
ping intensities between classes and inter-observer and intra-observer variability [82, 119].
Histology sections are considered to be more objective [124], but it is difficult to accurately
align these with in vivo scans due to tissue deformations that occur during surgical plaque
excision and histology processing. Histology-guided manual annotations have been used as
well [82, 119], but may introduce a bias toward the in vivo scan data [136]. In this paper we
choose to use the more objective information directly obtained from histology, while trying
to account for misregistration during classifier development.
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Image registration between histology and in vivo data is a topic of interest in many ap-
plications [24, 41, 230], and using the registration with histology as a ground truth for in
vivo pattern classification is a challenging problem [7, 225]. For atherosclerotic plaque,
image registration between histology and in vivo data has mostly been done by manually
selecting corresponding slices followed by rigid 2D registration [45, 82, 119, 237]. Non-rigid
3D registration has also been used, to allow rotation of the in vivo image orientation with
respect to the histology slicing direction, and to compensate for in-plane deformations in
histology [68]. Although this does allow for the correct rotation angle, it remains difficult
to obtain voxelwise correspondence for the vessel wall and plaque components due to the
large deformations that occur owing to plaque excision and histology processing.

Another approach to handle registration inaccuracies when registered data is used to train
a classifier, is to account for inaccurate sample labels during the training phase. Several
ways to cope with inaccurate labels have been proposed. One approach is to detect outlier
samples and reject those samples from the training set. An overview of methods for outlier
rejection is given by Hodge and Austin [81]. Another approach is to adjust the weight or
label of samples with an uncertain label. Bouveyron and Girard [22] used prior clustering to
detect samples with inconsistent labels and took these inconsistencies into account dur-
ing supervised modeling. Prior clustering has also been used to create fuzzy labels that
indicate a membership probability for each class [118]. In this way outlier samples get a
low membership value for the class they belong to according to the hard label. Thiel [200]
showed that classifiers based on such ’soft’ labels are robust against label noise by artificially
adding different levels of noise to soft labels. The approaches above use distances in feature
space to determine soft labels. In our case we have additional knowledge on the probability
that labels are accurate. At the border between plaque components errors are more likely to
occur than in the center because of misregistration between histology and in vivo images. In
addition, locations where the histology and in vivo images align well provide more accurate
labels than locations that are less well registered. We evaluate two approaches that use this
information to modify the sample labels and/or weights and compare to using the origi-
nal hard labels and a standard way of (Gaussian) outlier rejection. In addition, registration
between different MRI sequences, and between CTA and MRI, is important for accurate
classification. We will present an approach for these registrations.

In this paper we perform plaque component segmentation in in vivo imaging data. We
combine MRI and CTA scans to differentiate between calcification, fibrous tissue and lipid-
rich necrotic tissue. The main contributions of this paper are 1) the evaluation of different
approaches for training on histology data which account for registration errors, 2) the com-
bination of MRI and CTA imaging features for plaque characterization and the evaluation
of their performance, and 3) optimization of a 3D registration framework to match in vivo
MRI and CTA with histology. Together these steps present a framework for quantification
of plaque components in in vivo data, by training on registered histology. A preliminary
version of this paper has been presented previously at a conference [214]. The current paper
presents more ways of handling registration accuracy during training, has a more elaborate
evaluation and discussion, and includes a comparison between MRI and CTA.

3.2 Materials and Methods

This section is structured as follows. After the Ethics statement we describe the data in Sec-
tion 3.2.2, which consist of 13 arteries (13 patients) that are all imaged with corresponding
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histology, ex vivo MRI, µCT and in vivo MRI and CTA. Image registration of the in vivo
images and histology sections, in order to obtain a ground truth to train the segmentation
method, is described in Section 3.2.3. Section 3.2.4 subsequently describes the design of the
classifiers, including the different ways of handling registration inaccuracies for training.
Finally, in Section 3.2.5 the experiments for evaluation are presented. Final registered data
of all subjects (CTA, MRI, histology, labeled ground truth and in vivo wall segmentation) will
be made available upon request.

3.2.1 Ethics statement

This study was approved by the Medical Ethical Committee of the Erasmus Medical Center.
Written informed consent was obtained from all subjects.

3.2.2 Data

Fifteen patients (all male, age 68±9 years) who were scheduled for carotid endarterectomy
(CEA) were selected for this study and gave informed consent. Nine had an ischemic stroke,
five had a transient ischemic accident and one was asymptomatic. A subset of this data
has previously been used for the development of a 3D registration framework [68] and to
develop a segmentation method on ex vivo MRI [Chapter 2]. Due to incomplete imaging
data and a low quality of histology two patients were excluded, leaving thirteen datasets for
the analysis. Before CEA, patients underwent in vivo MRI (Signa Excite (3 Tesla), GE Health-
care, Milwaukee, USA) and CTA (Sensation 16 (n=4)/Sensation 64 (n=9), Siemens, Erlangen,
Germany) scanning. MRI was made one day prior to CEA, and CTA 38±26 days earlier. We
used four MRI scans that were made before contrast administration (2D-T1w, 2D-PDw, 2D-
TOF and 3D-T1w), and one 3D-T1w scan 4.6±3.4 minutes after intravenous administration
of gadofosveset (Vasovist, 0.03 mmol/kg body weight, Bayer Schering Pharma AG). Details
are provided in Table 3.1. Due to the better performance of contrast-enhanced T1w scans to
differentiate plaque tissues compared to T2w scans, no T2w scans were used [28, 231, 246].
CTA images were made with a standardized contrast-enhanced protocol [43] and had a
resolution of 0.27±0.05 mm in-plane with a slice thickness of 0.9±0.1 mm and a slice dis-
tance of 0.5±0.1 mm. After registration of the MRI and CTA scans (Section 3.2.3) manual
annotations of the vessel wall were made on the registered in vivo scans. Annotations were
based on a combination of CTA, PDw MRI and postcontrast T1w MRI, with visual inspection
of the other in vivo MR sequences.

As previously published [68], to facilitate registration of the in vivo data to histology, ex
vivo MRI (3D-T1w Gradient Echo, 0.1×0.1×0.1 mm, Signa Excite, GE Healthcare) and µCT
scans (18×18×18µm, Skyscan 1072, Skyscan, Belgium) of the excised plaque were made.
In addition photographs of the specimen were taken every 1-mm interval during histology
slicing, called ’block-face’ images (15±1×15±1µm). Histology sections were taken every 1-
mm interval (1.8×1.8µm) and stained with Elastica von Gieson staining (Merck, Germany).
To obtain ground truth segmentations the vessel wall was manually segmented in histology,
and divided into fibrous and lipid-rich necrotic regions. The ground truth for calcification
was obtained by thresholding the µCT at a fixed value for all scans [Chapter 2]. Based on
histology quality, 11±4 histology slices with registered in vivo images were included per
subject (range 3-17 slices).
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Table 3.1: MRI settings. FSE = Fast spin echo, TOF = Time of flight, GRE = Gradient echo. *Same settings
were used pre- and postcontrast.

Repetition
time (ms)

Echo
time (ms)

Flip
angle

In-plane
resolution
(mm)

Slice
thickness

Slice
distance

2D-T1w FSE 425±77 12.1±1.1 90◦ 0.41±0.07 1.5 1.5
2D-PDw FSE 4635±284 17.2±1.9 90◦ 0.41±0.06 1.5 1.5
Fast TOF 15.3±1.2 3.4±0.3 40-60◦ 0.91±0.11 2-3 1.5-2
3D-T1w GRE* 15.3±0.3 3.15 16◦ 0.61±0.05 0.8-1 0.4-0.5

3.2.3 Image registration

Our registration framework is an extension of the 3D registration of CTA with histology as
described by Groen et al. [68]. That method registered CTA to histology image data using the
following steps. First, a 3D histology stack is created by non-rigid registration of histology
slices to a stack of ’block-face’ photographs taken during sectioning. CTA is registered to
µCT using isotropic scaling based on annotated landmark points in both imaging modali-
ties, which are mainly calcium spots. To align µCT with ex vivo MRI, and ex vivo MRI with
the 3D histology stack, a rigid transformation based on manually annotated landmarks is
applied. Subsequently the 3D histology stack is deformed in-plane to match the ex vivo
vessel wall, annotated in the ex vivo MRI, using a B-spline model [157] that maximizes
mutual information (MI) [199, 222] of both image intensity and vessel wall annotations.

We made a number of modifications to this framework. Firstly, we added in vivo MRI. All
MRI scans were rigidly registered to the postcontrast 3D-T1w scan, and this scan was rigidly
registered to the CTA. These registration steps were based on mutual information of image

Figure 3.1: Overview of the framework for histology processing and registration. The light gray blocks
show registration of in vivo MRI and CTA with histology, via ex vivo MRI and µCT. The large dot with
a dotted line indicates the space to which all images are transformed. After these transformations the
registration step in dark gray block is done to directly optimize the registration of ex vivo with in vivo
data. The arrows point from the fixed to the moving image. Numbers in this figure refer to registration
steps with a detailed description in Table 3.2
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intensity and made use of a mask around the vessel that was annotated in the fixed images
(CTA and postcontrast MRI). Secondly, compared with Groen et al. the registration of histol-
ogy and in vivo data was refined in two ways. 1) In the registration of CTA to µCT isotropic
scaling was replaced by a thin-plate spline deformation [42], to account for deformations
that occur during plaque excision. This was based on landmarks only (7.8±1.6 landmarks
per plaque), by fitting an approximating thin-plate spline with relaxation factor of 0.1 [153].
2) After registration using all previously mentioned steps (light gray area in Figure 3.1), the
ex vivo MRI was deformed to match the in vivo postcontrast MRI. This was done based
on maximization of the sum of MI of image intensity, MI of manual segmentations of the
lumen and MI of the outer vessel wall with a B-spline model. Similar to the registration of
ex vivo MRI with histology, a multiresolution scheme with 4 resolution levels and a final
B-spline control point spacing of 2 mm was used. Optimization was done using adaptive
stochastic gradient descent optimization [101]. The resulting transformation was applied to
the ground truth segmentations (histology and µCT), to obtain a better overlap of the vessel
wall in the ground truth and the in vivo data. The toolbox elastix [102] was used for all
registrations, in combination with MeVisLab for rigid point-based registration and Python
for scripting. A summary of all steps of our modified registration framework is provided in
Figure 3.1) and Table 3.2, and a more detailed description and evaluation can be found in
[68] and [Chapter 2]. The effect of the two refinements mentioned above is evaluated in
Section 3.3.1.

3.2.4 Classifier design

Regions of interest of all in vivo MR images were corrected for intensity inhomogeneities
using N3 [176], and normalized by setting the mean intensity to 0 and the standard devia-
tion to 100 within these selected regions. A set of 24 image features was calculated for each
voxel: the intensities in the normalized 3D-T1w (pre- and postcontrast), T1w, PDw and TOF
images, these images blurred with a Gaussian filter (σ=1 mm), the gradient magnitude and
Laplacian at the same scale, the original CTA intensity, the Euclidean distances to the lumen
and outer vessel wall, and the product of these distances. Intensity, first and second order
derivatives and distances have previously proven to be effective [119, 219, Chapter 2]. The
product of the two distances was added to enable a linear separation between LRNC and
fibrous tissue, which better prevents the lipid-rich necrotic core from touching the lumen
or outer vessel wall border. Together these distance features represent both wall thickness
and the voxel location relative to the lumen and outer wall. For training the distances were
based on the deformed histology segmentation, for testing on the distance to the manual
in vivo contours. All images (ground truth and features) were resampled to 0.25×0.25 mm
in-plane using cubic B-spline interpolation, such that they had a resolution in the order of
the in vivo CTA.

To account for registration inaccuracies, which lead to inaccurate training labels, we com-
pared three approaches:

1. Uncertainties in the ground truth were taken into account by two mechanisms. First,
the binary ground truth segmentations (calcification (C), lipid-rich necrotic tissue
(LRNC) and fibrous tissue (F)) were blurred with a Gaussian filter with standard de-
viation σ (Gσ), followed by normalizing the sum of the three components to 1. This
creates soft labels that indicate a probability of belonging to each of the three compo-
nents, where points close to component boundaries get a similar, lower, probability
for multiple components. Second, since the reliability of the labels depends on the
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Table 3.2: Settings for the different registration steps.*

Fixed image Moving
image

Def.model Information Comp.
time

Manual time

1 Stacking of block-face images,
by registering each slice to its
adjacent slice

Rigid Landmarks Few sec
per slice

∼2-3 min
per slice

2 Block-face Histology Rigid Landmarks Few sec
per slice

∼2-3 min
per slice

3 Block-face Histology B-spline MI of intensity,
lumen mask and
outer wall mask

∼2-3 min
per slice

∼15 min
per slice
(including
composition
in histology)

4* Ex vivo MRI Block-face Rigid Landmarks ∼10 sec ∼5 min per
3D volume

5* Ex vivo MRI 3D histology Rigid MI of intensity,
lumen mask and
outer wall mask

∼1 min ∼15 min per
3D volume
(histology
annotation
from step 3)

6 Ex vivo MRI 3D histology in-plane
B-spline

MI of intensity,
lumen mask and
outer wall mask

∼3-4 min - (Uses
annotations
from steps 3
and 5)

7 Ex vivo MRI µCT Rigid Landmarks 0.5-1 min ∼5 min per
3D volume

8 Ex vivo MRI µCT Rigid MI of intensity 0.5-1 min -
9 µCT CTA Thin-plate

spline
Landmarks ∼10 sec ∼5 min per

3D volume
10 CTA Postcontrast

T1w MRI
Rigid MI of intensity

within mask
∼0.5 min ∼2-3 min per

3D volume
11 Postcontrast

T1w MRI
Other MRI
images

Rigid MI of intensity
within mask

∼0.5 min ∼2-3 min per
3D volume

12 Deformed
in vivo
postcontrast
T1w MRI

Deformed ex
vivo MRI

B-spline MI of intensity,
lumen mask and
outer wall mask

∼5-6 min ∼10 min per
3D volume

∗ For registration the inverse transformation of steps 4 and 5 was applied to the ex vivo MRI.
Def. model = deformation model, Comp. time = computation time, MI = Mutual Information

registration accuracy, we estimated registration accuracy. Hereto the Dice overlap
between the vessel wall segmentation in histology and registered MRI/CTA was cal-
culated for each slice [49]. To evaluate different degrees of weighting between slices,
the soft labels were summed to their corresponding Dicen to obtain the final soft
labels (Figure 3.2A). Here n is an exponent, where with larger n the difference in
contribution of slices with low or high Dice overlap becomes larger. The final labels
assign a weight to the samples, such that samples close to region boundaries or from
slices with a low registration accuracy contribute less to the classifier than samples
with a more certain ground truth. In our experiments, we determined the optimum
value for σ and n using cross-validation on the training set (Section 3.2.5). In the
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equation below wi (x) is the sample weight for class i at voxel x, with Mi the binary
mask for class i .

wi (x) = Gσ∗Mi (x)∑
i

Gσ∗Mi (x)
·Di cen (3.1)

2. Approach 1 uses the same degree of blurring at all locations to obtain soft labels, and
assigns a higher or lower weight to an entire slice based on registration accuracy. In
case one part of the section is aligned more accurately than the other, a more local
weighting of registration accuracy would be appropriate. To achieve this we calcu-
lated for each voxel the Euclidean distance to the lumen and the outer vessel wall,
in both histology and the in vivo scans. The sample weight w(x) (eq. 3.2) was then
defined as a function of weight based on outer wall (ww all (x)) and lumen registra-
tion accuracy (wlumen(x)), where the weight was determined to be 1 for a difference
between the histology and in-vivo contour of 0 and 0 for a difference of 5 mm, linearly
scaled between these values. The ratio of the two weights was determined by the
relative distance of the voxel to the lumen and outer wall (R(x)):

w(x) = R(x)∗ww all (x)+wl umen(x)

R(x)+1
(3.2)

ww all (x) =−0.2 · (|Whi stolog y (x)−Wi n−vi vo(x)|)+1

wl umen(x) =−0.2 · (|Lhi stol og y (x)−Li n−vi vo(x)|)+1

R(x) = Lhi stolog y (x)+Li n−vi vo(x)

Whi stolog y (x)+Wi n−vi vo(x)

where L indicates the distance to the lumen and W the distance to the outer wall. An
example is shown in Figure 3.2B.

3. The third approach is Gaussian outlier detection, which excludes samples that are
outliers in feature space without taking into account the position of these samples in
the original image or the registration accuracy. For each of the three components,
10% of the samples was rejected. A Gaussian target distribution was modelled to
the data. The mean and standard deviation for each class were robustly estimated
by iteratively reweighing the samples by their distance to the (previously estimated)
mean [192]. Outliers can be in misregistered areas for which the image characteristics
do not correspond to the class label, but also variations in image intensity for certain
scans, or imaging artifacts can be rejected. We choose to reject 10% of the samples in
outlier rejection expecting this would be a good balance between not discarding too
many samples and at the same time being sure that all outliers are rejected. For an
example see Figure 3.2C.

For classification, a linear discriminant classifier (LDC) and support vector machine (SVM)
classifier were used. The LDC has been used successfully in previous studies [219, Chapter
2]. The definition is as follows [76]

ρk (x) = xTΣ−1µk −
1

2
µT

kΣ
−1µk + logπk , (3.3)

where ρ is the posterior probability, k are the classes, Σ the pooled covariance matrix, µk
the class means, πk the class prior probabilities, and x the feature vector to classify. Each
sample was assigned to the class with the highest posterior probability. As LDC is a relatively
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Figure 3.2: Different ways of handling registration accuracy in training. A. Soft labels for each class
are derived by blurring the original segmentations. In this example σ=0.5mm and the soft labels of
the three classes sum to the Dice overlap between histology and in vivo data in each voxel (0.93 in
this slice). In the hard segmentation dark gray is calcification (C), light gray fibrous tissue (F) and
white lipid-rich necrotic tissue (N). B. Sample weights are determined by the distance between lumen
and outer wall contours in histology (white line) and the in vivo data (blue dashed line). C. Outlier
rejection: Based on 10% outlier rejection on the combination of all 13 vessels, the black areas in the
right bottom figure would be rejected as outliers. In this slice mainly lipid/necrotic voxels from the
right half of the section are considered outliers in feature space.

simple, non-flexible classifier, we used a support vector machine (SVM) with a radial-basis
function (RBF) kernel for comparison. Compared to LDC, SVM is more flexible and it has
proven successful in many applications. The classification problem is solved as [31]:

min
v,v0,ξ

1

2
vT v+C

l∑
i=1

ξi , subjectto yi (vTφ(xi )+ v0) ≥ 1−ξi , ξi ≥ 0 (3.4)

withkernel K (xi ,x j ) =φ(xi )Tφ(x j ) = exp(−γ||xi −x j ||2),γ> 0

with v the SVM classifier and x the feature vector. C is the penalty parameter of the error
term that trades-off between minimizing misclassification and maximizing the margin, γ
the kernel radius, ξ the misclassification weight and yi ∈ {-1,1} the sample label. The deci-
sion boundary is then defined as:

f (x) = vTφ(x)+ v0 = 0 (3.5)

New samples are labelled by thresholding f (x) at 0. Multiclass classification was done by
combining different one vs one classifiers. For classifier development and evaluation the
Matlab toolbox prtools [50], and libsvm [31] were used.

3.2.5 Evaluation

Leave-one-out experiments were performed in which repeatedly 12 subjects were used for
training and the 13th for testing. Classifiers were trained on 10% of all voxels that were
within the vessel wall in both the histology segmentation and the in vivo wall segmenta-
tion, and tested on all voxels within the in vivo vessel wall. The same 10% of samples were
extracted for training for each experiment.

For labeling approach 1 with ground truth blurring and weighting with Dicen , σ values
equal to 0, 0.25, 0.5, 0.75, 1, 1.5 and 2 mm were evaluated, and n was varied from 0 to 39
with intervals of 3, with a separate cross-validation within the training set of 12 subjects,
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again by leave-one-subject-out experiments. For each combination of σ and n the absolute
error of the calculated volumes (% of the vessel wall) of all three components with respect
to the ground truth volumes was averaged over all slices of the 12 subjects, and the σ and
n that corresponded to the lowest error were chosen. Using the same approach the penalty
parameter c and kernel radius γ were optimized in the training set for all SVM classifica-
tions. Here, the features were normalized to have zero mean and a standard deviation of 1.

Classification with LDC and SVM was performed using the four different types of sample
labels: 1) original hard labels, 2) labels obtained by ground truth blurring and weighting
by the Dice overlap, 3) local weights obtained using the contour distances and 4) Gaussian
outlier rejection. All voxels within the in vivo segmented vessel wall were classified. The
results were evaluated by comparing plaque component volumes as a percentage of the
vessel wall with histology, both per subject and per slice. For each classifier, the results per
slice were tested for statistical significant differences between the four different approaches.
The absolute errors of the three components were averaged as they are strongly related,
and compared using Friedman analysis, with post-hoc Tukey-Kramer testing to account for
multiple comparisons.

To evaluate performance when classification is based on a single imaging modality, voxel
classification was repeated using only MRI and only CTA features, both with and with-
out the distance features. For completeness, also classification using only distance features
was evaluated using the same approach. Finally, an experiment was carried out to indi-
cate which features are most relevant for classification. Forward feature selection with LDC
accuracy as the evaluation criterion was performed for all three combinations of two com-
ponents. All voxels of all 13 subjects were used, with their corresponding hard label.

3.3 Results

3.3.1 Registration results

Registering CTA to µCT with a thin-plate spline deformation instead of the isotropic scaling
as was used in [68], showed that in cases with large deformations an improved match was
obtained (visual inspection). When deforming the ex vivo MRI vessel wall to match the in
vivo MRI vessel wall (dark gray right column in Figure 3.1), the Dice overlap increased from
0.61±0.18 (range 0.14-0.88) to 0.77±0.12 (range 0.31-0.95). Applying this deformation to the
histology segmentations increased the Dice overlap between the histology vessel wall and
in vivo vessel wall from 0.57±0.18 (range 0.11-0.87) to 0.67±0.16 (range 0.22-0.94). The final
mean wall distance between histology and in vivo data was 0.87±0.63 mm for the lumen and
0.67±0.39 mm for the outer wall. As this error is in the order of several voxels we can assume
that voxelwise correspondence was not obtained. Two examples are shown in Figure 3.3.

3.3.2 Segmentation results

The average bias, absolute error and Spearman rank correlations of relative component
volumes with respect to the relative volumes in the ground truth (histology and µCT), per
subject, are given in Table 3.3. The results show that for LDC good calcification classification
was obtained, with errors smaller than 2% and correlation values higher than 0.75. The
amount of fibrous tissue was overestimated and the amount of LRNC underestimated, but
correlations >0.75 could be obtained too. For LDC, both blurring and Dice weighting, and
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Figure 3.3: Two registered image slices. Examples are presented before and after applying the final
deformation step as depicted in the right column of Figure 3.1. In yellow the deformed histology
vessel wall is shown, in red the in vivo vessel wall overlaid on the postcontrast MRI scan. In the orange
regions they overlap. The Dice overlap for the top image increases from 0.59 to 0.86, for the bottom
image from 0.28 to 0.44.

outlier rejection decreased the bias, but only outlier rejection reduced the absolute error, for
all three components. This error was significantly smaller than for the two methods that use
sample weighting, and may be slightly better than using hard labels (p=0.06). Additionally,
the improvement in absolute error using outlier rejection was significantly related with
the amount of lipid per slice (ρ=-0.23, p<0.01). For slices with higher lipid amounts, the
advantage of using outlier rejection was larger than for slices with no or little lipid.

While classification with LDC yielded better correlations than with SVM, SVM yielded a
lower bias, and, when weighting by contour distance, a lower absolute error. For SVM the
three methods to handle registration errors seem to have a larger effect than for LDC. The
correlations for fibrous tissue and LRNC also improved, but the results for calcification
deteriorated. The differences in error between the methods with SVM were not significant.

Overall, classification with LDC and Gaussian outlier rejection lead both to a relatively low
absolute error and a good correlation with histology for all three components. Therefore,
additional visualizations of these results are provided. Scatter plots in Figure 3.4 show the
correlation between the relative volume of each tissue component in histology and in the
segmentation result. The segmentation results for all slices of one subject are shown in
Figure 3.5. The segmentations visually show acceptable spatial fidelity.

The voxelwise accuracy in the overlapping areas of the vessel wall in histology and in in
vivo data, was 68±6% for LDC and hard labels and 69±6% for LDC after outlier rejection.
However, this evaluation is hampered by registration errors and the results should therefore
be interpreted with caution.

For the approach with blurring and weighting with LDC the optimal values found for σ
(ground truth blurring) were 0.15±0.16 mm (range 0-0.5 mm) with n=23.8±11.5 (range 12-
39, ground truth weighting). Thus, no or little blurring of the ground truth segmentations
was performed, but high weighting of slices based on registration accuracy was applied.
This led to a skewed sample weight distribution with an interquartile range of 0.0001–0.0038–
0.0411 (total range 0-0.44). For SVM σ was 0.38±0.35 mm (range 0-1 mm), with n=9.0±6.1
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Table 3.3: Segmentation results per subject for different approaches using MRI, CTA and distance
features. The results are compared to relative component volumes in histology.∗

Method Bias (% in result - % in GT) Absolute error Spearman (ρ)
C F LRNC C F LRNC C F LRNC

LDC - H -0.1±1.5 11.9±10.9 -11.8±10.8 1.0±1.1 14.1±7.5 14.0±7.4 0.91 0.87 0.84
LDC - M1 -0.6±1.9 8.1±14.6 -7.4±13.9 1.5±1.2 14.6±7.4 13.7±7.1 0.77 0.80 0.78
LDC - M2 -0.6±1.7 12.4±11.9 -11.8±11.6 1.1±1.3 15.2±7.4 14.6±7.4 0.85 0.82 0.85
LDC - M3 -0.2±1.4 7.6±13.0 -7.5±12.8 0.9±1.0 12.7±7.6 12.1±8.1 0.91 0.80 0.81
SVM - H 0.5±2.9 -0.5±19.7 0.1±19.3 2.0±2.1 15.7±11.0 15.6±10.4 0.88 0.53 0.58
SVM - M1 1.2±3.9 -4.3±18.1 3.1±17.2 2.6±3.1 12.3±13.6 11.8±12.5 0.68 0.63 0.74
SVM - M2 -1.8±2.0 3.2±11.1 -1.4±10.6 2.1±1.7 9.1±6.7 8.2±6.5 0.63 0.73 0.79
SVM - M3 -1.4±3.8 -1.2±16.9 2.6±14.8 3.0±2.5 12.6±10.6 11.2±9.5 0.43 0.73 0.71
∗ C = calcification, F = fibrous tissue, LRNC = lipid-rich necrotic core, H = hard labels, M1 = blurring
and Dice weighting, M2 = weighting by contour distance, M3 = Gaussian outlier rejection.

(range 0-15), and a sample weight interquartile range of 0.014–0.128–0.493 (range 0-1). Us-
ing local contour distance the obtained sample weights were 0.91±0.06 (range 0.44-1).

3.3.3 MRI vs. CTA

The experiments to compare performance on MRI and CTA were also performed using LDC
and Gaussian outlier rejection. The results using only MRI or CTA are given in Table 3.4.
When only MRI features were used, calcification was underestimated and in most cases not
detected. Using only the original CTA image, a good correlation for calcification was found,
although the volumes were overestimated. Differentiation between fibrous tissue and LRNC
was not possible. Adding distance features, however, showed a great improvement. Using
the distance features only yielded plausible volume estimates for fibrous tissue and LRNC,
however, adding MRI features improved the results even more.

Examples of slices segmented using either MRI or CTA and distance features are shown in
Figure 3.6. These show indeed that calcification spots are not accurately detected in MRI
(in 1, 3 and 6-8), and that LRNC areas are better segmented when MRI is used (The relative
volume is more accurate in 1-3, 5 and 6).

Table 3.4: Segmentation results when only MRI, CTA or distance features are used. Outlier rejection
was performed before classifier training.*

Features (n) Bias (% in result - % in GT) Absolute error Spearman (ρ)
C F LRNC C F LRNC C F LRNC

MRI (20) -3.7±3.1 13.4±14.2 -9.7±12.6 3.7±3.1 15.8±11.2 12.8±9.2 -0.17 0.60 0.67
CTA (1) 7.9±5.6 27.5±18.5 -35.4±16.3 7.9±5.6 28.1±17.4 35.4±16.3 0.90 -0.03 0
MRI + d (23) -3.6±3.3 9.5±13.7 -5.9±13.4 3.9±2.9 14.2±8.1 12.0±7.7 -0.05 0.81 0.79
CTA + d (4) -0.4±1.1 6.8±16.3 -6.4±16.1 0.8±0.9 14.7±9.1 14.2±9.2 0.94 0.77 0.71
Distances (3) -4.0±3.3 9.0±16.7 -5.0±16.7 4.1±3.1 15.5±10.3 14.4±9.1 -0.46 0.74 0.74
MRI + CTA (as
in Table 3.3)

-0.2±1.4 7.6±13.0 -7.5±12.8 0.9±1.0 12.7±7.6 12.1±8.1 0.91 0.80 0.81

∗ d = distances, C = calcification, F = fibrous tissue, LRNC = lipid-rich necrotic core.
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Figure 3.4: Correlation of plaque components in the ground truth and the classification result in 13
subjects. Here LDC and Gaussian outlier rejection were used. Top row: relative volumes per subject.
Bottom row: relative volumes per slice.

3.3.4 Relevance of features

To give an indication of the most relevant features, the first five features selected by forward
feature selection with LDC are provided in Table 3.5. It is clear that CTA intensity was the
most important feature to segment calcification, and that distances and the combination
of pre- and postcontrast images performed best to segment fibrous and lipid-rich necrotic
tissue. Also first and second order derivatives showed to be relevant. This does not mean
that these are the individually best performing features. For example, to differentiate fibrous
tissue and LRNC, the individual features at position 2-6 (2DT1w blurred, lumen distance,
PDw blurred, 3DT1w postcontrast GM and 2DT1w precontrast) that gave individually the
highest LDC accuracy, were not found in the top 5 with forward feature selection.

Table 3.5: Feature selection. This table gives the first five features selected by forward selection using
LDC accuracy as evaluation criterion, for the separation of each combination of two classes.

Calcification-Fibrous Calcification-LRNC Fibrous-LRNC
CTA intensity CTA intensity Distances multiplied
Distance to lumen Distances multiplied TOF Gradient Magnitude
3DT1w pre-contrast Laplacian 3DT1w pre-contrast Laplacian 3DT1w post-contrast Blurred
TOF Gradient Magnitude Distance to lumen 3DT1w pre-contrast Blurred
PDw blurred 3DT1w post-contrast Blurred 3DT1w post-contrast Laplacian
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Figure 3.5: Segmentation results for one patient, using LDC and Gaussian outlier rejection. White =
LRNC, light gray = fibrous tissue and dark gray = calcification.

3.4 Discussion

We segmented different components of atherosclerotic plaques using both in vivo MRI
and CTA images, by training a voxelwise classifier on labels obtained from registered his-
tology and µCT and taking into account the presence of misregistrations. Three different
approaches (blurring and weighting by Dice overlap, weighting by contour distance, and
Gaussian outlier rejection) showed that taking registration errors into account can improve
component volume estimations in certain situations. In addition, we showed that combin-
ing MRI and CTA images results in better segmentations than when only MRI or only CTA is
used.

For LDC no change was observed when sample weights were based on the local contour
distances compared to the hard labels, but the bias for fibrous tissue and LRNC became
smaller after blurring and weighting by the Dice overlap, and both the bias and absolute
error decreased using Gaussian outlier detection. For SVM all three approaches improved
the error and correlation for fibrous tissue and LRNC, but decreased classification accuracy
for calcification. Weighting by the Dice overlap has a relatively large effect on the class priors
(5% (Calcification), 56% (Fibrous) and 38% (LRNC) for hard labels, and 5%, 49% and 46% for
weighting with Dice24), in contrast to weighting by contour distance and outlier rejection.
This may have caused the change in bias of LRNC and fibrous tissue for LDC. Gaussian
outlier rejection and LDC are both based on estimation of mean and covariance of Gaus-
sian distributions, which may explain why the combination performs well. The advantage
of outlier rejection was especially present in slices with a larger lipid content, which are
the slices with more challenging composition that are more difficult to segment. For SVM,
samples on the decision boundary determine the final segmentation result, which can be
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Figure 3.6: Segmentation results when only MRI, or only CTA, and distance features are used. Results
are obtained including outlier rejection. White = LRNC, light gray = fibrous tissue and dark gray =
calcification.

a reason why changing the weights based on local contour distance works better in this
situation. LDC has been used previously for plaque component segmentation [219, Chapter
2], and performed better than SVM in our experiments. This indicates it is indeed a suitable
classifier for this problem.

To compare our results with previous studies Table 3.6 can be used. Two previous studies
automatically segmented plaque components in in vivo MRI and compared their results
with histology [82, 119]. These show Pearson correlation values (R2) of 0.83 for calcifications,
0.78 for necrotic tissue, 0.41 for loose matrix and 0.82 for fibrous tissue [119], and (R) 0.41 for
calcifications, 0.75 for lipid, 0.61 for hemorrhage and 0.67 for fibrous tissue [82], compared
to our values (R, see Table 3.6) of 0.92 (calcification), 0.78 (fibrous) and 0.79 (LRNC) using
both MRI and CTA. In [219] plaque component segmentation results were compared with
manual annotations of the in vivo data, which gave correlation values (R) of 0.88 for lipids,
0.80 for hemorrhage and for fibrous tissue and 0.10 for calcification. Although results are
difficult to compare, our results are in a similar range. Hofman et al. [82] obtained less
accurate classification results, but this study did not use any spatial information such as
distance to the vessel wall. The method by Liu et al. [119] yielded high accuracies and is
available within a commercial software package for plaque analysis [98]. This method is
also based on voxel classification, and is followed by a level-set segmentation, resulting in
more smoothly segmented regions. Spatial regularization is in our case achieved by using
Gaussian features and distances and we found this leads to spatially coherent segmenta-
tions. The higher accuracies by [119] can be caused by the use of histology-guided manual
contours. These are based both on histology and on known MRI intensities, which may
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Table 3.6: Comparison to previous studies.

Study Data Evaluation Results
Our study 13 subjects (144 slices)

MRI and CTA
Leave-one-subject-out
cross-validation

Histology
% of total volume
per vessel

Calcium: ρ=0.91, R=0.92, ICC=0.92
Fibrous: ρ=0.78, R=0.78, ICC=0.76
LRNC: ρ=0.81, R=0.79, ICC=0.76

Liu et al.,
2006 [119]

12 subjects (58 slices)
MRI
14 subjects (84 slices)
for training

Histology-guided
manual contours
Area (mm2) per
slice

Calcium: R2=0.83
Fibrous: R2=0.82
Loose matrix: R2 = 0.41
Necrotic: R2=0.78

Hofman
et al., 2006
[82]

13 subjects (89 slices)
MRI
12 subjects for training

Histology
% of total volume
per vessel

Calcium: R=0.44
Fibrous: R=0.69
Lipid: R=0.74
Hemorrhage: R=0.63

van ’t
Klooster
et al., 2012
[219]

40 subjects (344 slices)
MRI
20 subjects for training

Manual
annotations
Volume (mm3)
per vessel

Calcium: R=0.1, ICC=0.1
Fibrous: R=0.8, ICC=0.8
Lipid: R=0.88, ICC=0.65
hemorrhage: R=0.8, ICC=0.8

Wintermark
et al., 2008
[237]

8 subjects (53 slices)
CTA

Histology
presence/absence
212 quadrants of
53 slices

Calcium: all correct
Lipid: κ=0.495 (large areas: 0.796)
Large hemorrhage: κ=0.712
Ulceration: κ=0.855

De Weert
et al., 2006
[45]

14 subjects (41 slices)
CTA

Histology
% of area per slice

Calcium: R2=0.74
Fibrous: R2=0.76
Lipid: R2=0.24

bias the segmentations towards intensity (gradients) seen in the MRI. A recent study [136]
has shown that the LRNC appears smaller on MRI images than in histology, which is in
correspondence with our segmentation results.

Similar to our experiments in which we only used MRI, previous studies that used MRI for
segmentation, found low correlations for calcification [82, 219], except for the paper by Liu
et al. [119]. Although calcification is difficult to detect in MRI, in Figure 3.6 dark spots can
be seen at calcified locations. Reasons for poor detection in our study are low visibility in
other slices, noise, dark-appearing artefacts that do not represent calcifications, and small
misregistrations in the training data. The study of Liu et al. [119] obtained their ground truth
by histology-guided manual annotation which eliminates the effect of misregistration. MRI
sequences that are more specifically aimed at visualizing calcium, could also improve its
detection [240].

Two previous studies compared automatic segmentation results in CTA with histology [45,
237], based on a fixed intensity threshold on the CTA to separate LRNC from fibrous tis-
sue and fibrous tissue from calcification. Both these studies accurately segmented calci-
fications, but obtained lower accuracies for LRNC. Although de Weert et al. [45] found a
significant difference between Hounsfield units for lipid (25±19) and fibrous tissue (88±18),
the correlation for lipid volume is low (R2=0.24, fibrous 0.76 and calcification 0.74). In mildly
calcified (<10%) plaques the correlation for LRNC increased (R2=0.77), which they relate to
the blooming effect of calcification which may overshadow parts of soft plaque. Winter-
mark et al. [237] found overlapping Hounsfield units for lipid (32.6±20.0) and connective
(fibrous) tissue (46.4±19.9). Concordance between CTA and histology in the detection of
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lipid tissue was therefore low (κ=0.495), but increased when only large lipid cores were
included (κ=0.796). The difficulty they encountered to accurately segment lipid volumes
was also observed in our study, which showed large errors when only CTA was used. In
our experiments, the reasonable correlation with the ground truth for fibrous and lipid-
rich necrotic tissue seems to be mostly based on the distances to the lumen and outer
vessel wall, which on itself already yield plausible segmentations. Blooming artefacts in CTA
have probably caused the overestimation of calcification when only CTA intensity was used.
Blooming in the µCT did not affect the ground truth due to the relatively high resolution
compared to the in vivo resolution.

Scanning patients with both MRI and CTA puts a higher burden on both patients and health-
care costs and therefore the combination may not seem relevant in practice. However, in
most cases patients that enter the hospital with symptomatic carotid artery disease are
already scanned with CTA [23, 198]. MRI has no ionizing radiation, so is relatively safe for
patients and can better determine the extent of non-calcified components of vulnerable
or complicated plaques [159, 166]. Clinical studies showed that MRI and CTA have differ-
ent advantages and that combining them may allow for more accurate decision on plaque
vulnerability and treatment planning [74, 132]. Recently, clinical studies are emerging that
perform both CTA and MRI imaging, showing the clinical possibility and relevance [190,
205, 207]. Ultrasound is another imaging modality that is feasible for imaging the carotid
artery, due to its low cost and wide availability. Therefore ultrasound seems especially useful
for screening. It can be used to study plaque vulnerability [109], but accurate quantification
of plaque components is not possible due to the limited contrast [195]. For an accurate
study of the vessel wall in high-risk patients MRI and CTA are recommended.

When the proposed segmentation framework is to be used for analysis of a new patient sev-
eral steps need to be taken. These steps with their computation time on a desktop computer
(2.26 GHz, 12.0 GB RAM) are: registration of MRI and CTA data (5 registrations, ∼0.5 minute
per registration) within a mask (∼1-2 minutes for annotation on the CTA and T1w post-
contrast MRI each), manual lumen and outer wall segmentation (∼10 minutes, but this
can be automated [209, 218]), inhomogeneity correction (∼10-15 seconds per MR image),
feature computation (∼4-5 seconds), applying the classifier and obtaining segmentations
(∼1 second).

Our current results show a good Spearman rank correlation for the amount of LRNC, which
is an indication of plaque vulnerability [245]. Whether this can reliably be used to select
high-risk patients for treatment can, however, not be determined in this study. This has to
be determined in a large group of patients that are followed for clinical events, followed
by a clinical trial where the advantage of using plaque composition for treatment selection
is evaluated. In our results the stroke patients had a LRNC of 44% (range 10-71), and the
patients who had a TIA had a LRNC of 27% (22-46). The amount of calcification was 3% (0-6)
after stroke, and 7% (1-11) after TIA. The automated results yielded similar results: a LRNC
of 46% (1-64) and 23% (5-29), and calcifications of 3% (0-6) and 5% (1-13) for stroke and
TIA patients respectively. This corresponds to the idea that a LRNC characterizes more vul-
nerable plaques and calcifications characterize more stable plaques [168, 188]. The asymp-
tomatic patient in this study had a LRNC of 20% and 1% of calcification.

This work has several limitations. There was a considerable time interval between the MRI
and CTA scan (38±26 days), but we do not expect noticeable changes in plaque composi-
tion and volume to occur in this period. Previous studies did not find changes in wall and
component volumes or presence in a mean of 12-15 days [115, 210] or a year [105].
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For this study no histology sections were stained to specifically detect intraplaque hem-
orrhage (IPH), and hemorrhage was therefore not included as a separate component. In
addition, the used T1w MRI sequences are not the most suitable for imaging of IPH [141].
Still, based on hyperintensity in the precontrast 2D- and 3D-T1w MR images, we found a
suggestion of IPH presence in 5 vessels (4 with stroke, 1 with TIA). For all these vessels this
area was included in the LRNC segmentation. The error for LRNC was on average not larger
in those 5 vessels than in the other 8 for the experiments including MRI and/or CTA and
distance features. When only CTA intensity was considered no LRNC was segmented, both
when all patients were included and when only the patients without possible IPH presence
were included in training and evaluation. This suggests that IPH presence is not causing
large errors, nor explains the poor performance of CTA in this study. Using the presented
approach, hemorrhage can be easily added separately to the framework when a ground
truth is available, and its inclusion would be highly valuable in future studies [188]. We
also did not differentiate between fibrous and loose connective tissue as was done in [119],
as these are difficult to distinguish in histology and both are stable plaque components.
Before histology sectioning the specimens were decalcified, and during sectioning areas of
lipid tissue may be disrupted, which could cause mixing up the two tissues. However, in the
empty regions in the histology sections we could distinguish calcium from lipid by using
the µCT as a reference.

In this work we evaluated our results based on relative plaque component volumes. Ideally,
the classification accuracy would be evaluated in a voxelwise manner. We could not do
this because no accurate voxelwise correspondence could be established between in vivo
data and histology, even with substantial manual interaction. As a surrogate measure, we
chose relative plaque component volumes as they provide a clinically relevant biomarker
for prediction of plaque vulnerability [104, 186, 239, 245]. Additionally, there were only 13
subjects included in this study. However, due to the challenges involved in plaque excision,
sectioning and staining, it was not possible to add more vessels.

Lastly, in this work we use manual annotations of the vessel wall in in vivo images. Several
automated vessel wall segmentation methods are available [14, 98, 209, 218]. The combina-
tion of automated wall segmentation with component segmentation would yield a highly
automated plaque analysis tool. As long as an automatic wall segmentation is accurate, and
possibly manually adjusted in case of errors, we expect using an automatic segmentation
method has no influence on the results described in this paper.

3.5 Conclusion

The volume of atherosclerotic plaque components can be well estimated using a classifier
trained on histology. Different approaches to account for mismatch between the imaging
data and the ground truth from histology can slightly improve segmentation. While MRI
can better differentiate between fibrous and lipid-rich necrotic tissue, and CTA can better
segment calcification, the combination leads to good results for all three components. This
can facilitate the use of quantitative plaque composition in large clinical studies and possi-
bly future patient risk assessment.
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Abstract
Background: Histology sections provide accurate information on atherosclerotic plaque composi-
tion, and are used in various applications. To our knowledge, no automated systems for plaque
component segmentation in histology sections currently exist.
Materials and Methods: We perform pixelwise classification of fibrous, lipid, and necrotic tissue
in Elastica Von Gieson-stained histology sections, using features based on color channel intensity
and local image texture and structure. We compare an approach where we train on independent
data to an approach where we train on one or two sections per specimen in order to segment
the remaining sections. We evaluate the results on segmentation accuracy in histology, and we use
the obtained histology segmentations to train plaque component classification methods in ex vivo
Magnetic resonance imaging (MRI) and in vivo MRI and computed tomography (CT).
Results: In leave-one-specimen-out experiments on 176 histology slices of 13 plaques, a pixelwise
accuracy of 75.7±6.8% was obtained. This increased to 77.6±6.5% when two manually annotated
slices of the specimen to be segmented were used for training. Rank correlations of relative com-
ponent volumes with manually annotated volumes were high in this situation (ρ=0.82-0.98). Using
the obtained histology segmentations to train plaque component classification methods in ex vivo
MRI and in vivo MRI and CT resulted in similar image segmentations for training on the automated
histology segmentations as for training on a fully manual ground truth. The size of the lipid-rich
necrotic core was significantly smaller when training on fully automated histology segmentations
than when manually annotated histology sections were used. This difference was reduced and not
statistically significant when one or two slices per section were manually annotated for histology
segmentation.
Conclusions: Good histology segmentations can be obtained by automated segmentation, which
show good correlations with ground truth volumes. In addition, these can be used to develop
segmentation methods in other imaging modalities. Accuracy increases when one or two sections
of the same specimen are used for training, which requires a limited amount of user interaction in
practice.
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4.1 Introduction

Stained histological sections contain highly detailed information on tissue composition.
Because of a resolution in the order of micrometers and the availability of a variety of
specific stains, human observers can accurately indicate which cells or tissue types are
present at each location. One of the applications for which histology is used, is the study of
atherosclerotic plaques. It has been shown that the composition of such plaques is related to
plaque vulnerability, indicating its chance to rupture and possibly causing cerebrovascular
events [167]. Histology sections are segmented into different tissue components to improve
the understanding of risk factors of stroke [167], for biomechanical modeling of stress dis-
tributions in the plaque [6], and to develop and evaluate plaque component segmentation
methods on ex vivo and in vivo MRI [38, 119, Chapter 2, Chapter 3].

Manual annotation of histology sections is a time-consuming task. Several studies have
automatically segmented histology sections, mainly for oncological applications [71]. To
the best of our knowledge, no studies on automated segmentation of atherosclerotic plaque
components in histology have been published. Image analysis in histology often consists
of segmenting typical structures such as lymphocytes, cell nuclei and glands, and/or
indicating a presence or severity of disease [71]. Our approach is different from this in the
sense that we aim to divide the complete section into different areas. These segmentations
can then be used to determine the stage of atherosclerotic disease, or to train plaque
component segmentation methods in registered imaging data [Chapter 2, Chapter 3].

In this paper we (semi-)automatically segment histology sections of carotid atherosclerotic
plaques into fibrous (stable plaque component), necrotic and lipid (vulnerable compo-
nents) regions using pixel-wise classification. Although all evaluated sections are stained
with the same protocol, variations in appearance occur between sections from different
specimens. Therefore we compare an approach that uses training data from different
specimens to training on one or two slices of the specimen to segment, which in practice
requires a limited amount of user interaction per specimen. We also evaluate whether these
segmentations can reliably be used to train plaque component segmentation methods
in ex vivo MRI and in vivo MRI and computed tomography-angiography (CTA), using
datasets in which spatial correspondence between these imaging data and histology has
been established.

4.2 Methods

4.2.1 Data

For 13 patients who were scheduled for carotid endarterectomy, in vivo MRI (pre- and post-
contrast 3DT1-weighted, precontrast T1-weighted, proton density weighted (PDw) and
Time of Flight (TOF)) and CTA scans were acquired. After surgery, the excised specimens
were scanned with MRI (3DT1w, PDw, T2w) and µCT, and afterwards decalcified and
embedded in paraffin for histology processing. At every 1-mm interval, axial slices of
5µm thickness were taken. These sections were stained with Elastica Von Gieson (EvG,
Merck, Germany). This stain colors nuclei brown to black, collagen and elastin pink to
red, and muscle and cytoplasm yellow. Lipid regions are characterized by the typically
shaped cholesterol esters and the absence of connective tissue. Necrotic tissue contains
no cell nuclei and is usually less dense than fibrous tissue. Examples, which also depict the
variability between sections, are shown in Figure 4.1.
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On the digitized histology slices (resolution 1.8×1.8µm) contours for the lumen, outer
vessel wall, necrotic tissue, and lipid regions were manually drawn. Areas within the vessel
wall that were not annotated as necrotic or lipid regions were labeled as fibrous tissue. For
registration and evaluation purposes lumen and outer wall contours were drawn on the ex
vivo MR images and the in vivo aligned MR and CTA images. Sections with low image quality
due to histology disruption and sections which contained almost no tissue were excluded.
In total, 176 histology sections were used for analysis (13.5±4.9, range 5-21, per specimen).

Figure 4.1: Examples of histology sections and manual segmentations that show the variation in our
dataset. F = Fibrous, N = Necrotic, L = Lipid.

4.2.2 Histology Pattern Classification

Image Features

Color, texture and tissue structure are important features to distinguish plaque components
(Figure 4.1), and therefore features of these types were used. Color: we used intensity of the
3 red, green, blue (RGB) color channels before and after Gaussian smoothing (σ=0.1 mm),
where in general fibrous tissue is dark purple, necrotic tissue lighter purple and lipid
more pink or yellow. Texture: the mean gradient magnitude at σ=1 pixel and the standard
deviation, both of the green channel in square windows of 10×10, 20×20 and 30×30 pixels,
were expected to differentiate tissues by tissue heterogeneity and the strength and amount
of edges. The structure tensor [233] was calculated (inner scaleσ=1pixel=1.8µm, outer scale
σ=72µm) to differentiate between highly structured tissues (parallel fibrous bands) and less
ordered tissues (lipid, and to a lesser extent necrotic tissue). We used the first and second
eigenvalue (|λ1| > |λ2|),coherence (

√
λ1

2 −λ2
2), and the determinant.

The original histology slices have large dimensions and are, therefore, time-consuming to
process. The color and texture features were calculated from downsampled images that still
had a resolution of 0.015×0.015 mm. The features of the structure tensor were calculated
from the original images, and were subsequently downsampled as well to perform training
and classification.
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Segmentation

Pixel classification was performed within the manual contours of the vessel wall, with linear
discriminant analysis (LDA) for the three components fibrous, lipid, and necrotic tissue.
Calcified tissue was not included as the specimens were decalcified and calcifications were
not available in the manual annotations. Two approaches were evaluated: 1) training a
classifier on an independent dataset and 2) training a classifier on one or two sections of
the specimen to be segmented (details in Section 4.2.3). Whereas, the second approach
requires the annotation of one or two slices for each new specimen, this approach is
expected to better account for differences in appearance between specimens. Therefore,
of each specimen two histology sections were selected: The first was thought to be most
representative for the other sections, and the second to form the most representative
combination together with the first selected section. Representative sections contained all
three tissue components, and the tissue of these components was similar in appearance to
the other sections of that specimen.

4.2.3 Evaluation

Histology segmentation

Classification accuracy by LDA was compared between: 1) Leave-one-specimen-out cross-
validation, where 1% of the pixels from the twelve other specimens were used for training,
2) training on all pixels from the first selected section of the specimen to be segmented,
and 3) training on both selected sections. Evaluation was performed on the sections that
were never used for training, so on the same sections in every case (number of slices per
specimen minus two). The average pixel-wise accuracy for 13 specimens, overall sensitivity
for all three components for all specimens together, and correlation of relative component
volumes with those obtained from manual segmentations were calculated. A Friedman test
was done to test the accuracy for statistical differences.

Ex vivo MRI

To evaluate the validity of the obtained histology segmentations for training of ex vivo MRI
plaque segmentation methods, we use the approach proposed in Chapter 2. This method
uses registered three-dimensional (3D) histology to train a voxel classification method. The
lipid and necrotic regions from histology were combined to form lipid-rich necrotic cores
(LRNC), which is often done in MRI studies [38, 119, Chapter 2]. Areas for calcification were
obtained by thresholding µCT scans, and subtracted from the (automatically determined)
fibrous and LRNC segmentations, resulting in three components for classification. Results
were compared for training on four different ground truth histology segmentations: 1) the
manual histology segmentations, 2) the leave-one-out automated segmentations, 3) the
manual histology segmentation for the first selected section per specimen, and the auto-
matic segmentations after training on this section for the other sections, and 4) the manual
histology segmentations of both selected sections, and the automatic segmentations after
training on these sections for the remaining sections.

Histology, µCT, and ex vivo MRI were registered using a semi-automatic 3D registration ap-
proach [68, Chapter 2]. The same feature set as previously was used [Chapter 2], consisting
of the available MR images (normalized), first and second order derivatives, and distances
to the vessel wall. LDA was evaluated in a leave-one-specimen-out manner, training on 1%
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Table 4.1: Results for histology classification. F=Fibrous, L=Lipid, N=Necrotic.

Training method Accuracy Sens. F Sens. L Sens. N Sens. L+N ρ (F,L,N)
Leave-one-out 75.7±6.8% 90.3% 76.4% 33.2% 72.9% 0.88, 0.93, 0.74
First selected slice 76.7±6.5% 86.8% 85.7% 42.4% 77.2% 0.98, 0.97, 0.78
Two selected slices 77.6±6.3% 87.7% 86.6% 45.3% 78.8% 0.98, 0.98, 0.82

of voxels of the other twelve specimens, for each specimen.

For evaluation, voxelwise accuracy and the relative plaque component volumes were
determined per specimen (all slices combined) with respect to the manual histology seg-
mentations and thresholded µCT. A Friedman test was done to test the voxelwise accuracy
and volume errors for statistical differences.

In vivo MRI and CTA

Combined MRI and CTA images were segmented as proposed in Chapter 3, using the four
different histology segmentations for training, as explained in the previous subsection.
Image features were the same as previously [Chapter 3] and similar to the features used
in the ex vivo image segmentation. Registration of all imaging modalities and histology
was carried out as described previously [68, Chapter 3]. As the final registration between
histology and in vivo data is less accurate than between histology and ex vivo data,
evaluation was only done on Spearman rank correlation of relative volumes and on the error
of the relative volume of each component in the result compared to the manual ground
truth, per specimen (all slices combined per specimen).

4.3 Results

4.3.1 Histology Segmentation

Results are shown in Table 4.1 and Figure 4.2. With training on independent data an
accuracy of 75.7±6.8% was obtained. Spearman rank correlations were high for fibrous
(0.88) and lipid (0.93), and good for necrotic tissue (0.74). Using training data from the
same specimen slightly increased both accuracy (77.6±6.3%) and correlation (ρ=0.98 for
fibrous and lipid and 0.82 for necrotic tissue), although not statistically significant. The
main improvement was an increased sensitivity for lipid and necrotic tissue. As for MRI lipid
and necrotic tissues are often combined into one vulnerable component, the combined
sensitivity is also given. Specificity for fibrous tissue is then equal to this sensitivity, and vice
versa.

4.3.2 Ex vivo MRI

Results are shown in Table 4.2 and Figure 4.3. The results were very similar for training on
either manual or automated histology segmentations, and the accuracies and correlations
showed no statistically significant differences. The errors in the estimated volumes of
the three components were only significantly larger than training on manual histology
segmentations when training on leave-one-specimen-out segmented histology, and for
calcification. The difference for calcification was so small that it is clinically probably not
relevant.
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Table 4.2: Results on ex vivo MRI. C=Calcification, F=Fibrous, LRNC=Lipid-rich necrotic core,
ρ=Spearman’s rho, Error = Absolute (% in result - % in ground truth). *Significant difference with
training on manual histology segmentations (P<0.05).

Histology segm. Accuracy ρ (C, F, LRNC) Error (C, F, LRNC)
Manual 72.7±6.8% 0.86, 0.76, 0.76 2.4±2.4, 11.2±8.4, 13.0±9.4
Leave-one-out 71.3±7.8% 0.86, 0.79, 0.75 2.6±2.5*, 15.2±9.8*, 17.9±10.0*
Trained on 1 slice 71.8±7.1% 0.85, 0.83, 0.78 2.7±2.5*, 11.6±8.8, 14.0±9.5
Trained on 2 slices 72.3±6.7% 0.85, 0.80, 0.78 2.8±2.6*, 10.6±7.8, 12.7±9.0

4.3.3 In vivo MRI and CTA

Results are shown in Table 4.3 and Figure 4.4. Spearman rank correlation values of relative
plaque component volumes for the 13 specimens are similar for training on the automated
and manual histology segmentations and even show slight improvements. The absolute
error in volume estimation of fibrous and lipid-rich necrotic tissue is somewhat larger
when the classifier is trained using the automated histology segmentations. This is not
significantly different when the histology is segmented by training on data from one or two
slices per specimen.

4.4 Discussion and Conclusion

We performed automated segmentation of histology sections of atherosclerotic plaques,
and subsequently used these as a ground truth to train segmentation algorithms in ex vivo
and in vivo images.

Figure 4.2: Examples of histology segmentation. From left to right: Histology section, manually
annotated ground truth, result by leave-one-out training, and the result for training on two other
sections of the same specimen. In the top row, the accuracy is 73.3% with leave-one-out training,
and 82.2% when trained on two other slices of that specimen. All tissue types are well-detected. In the
bottom row, the accuracies are 66.7% and 67.8%. The sensitivity for necrotic tissue is lower. Black =
fibrous, dark gray = necrotic, and light gray = lipid.
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Table 4.3: Results on in vivo MRI. C=Calcification, F=Fibrous, LRNC=Lipid-rich necrotic core,
ρ=Spearman’s rho, Error = Absolute (% in result - % in ground truth). *Significant difference with
training on manual histology segmentations (P<0.05).

Histology segmentation ρ (C, F, LRNC) Error (C, F, LRNC)
Manual 0.87, 0.84, 0.81 1.0±1.2, 14.4±7.3, 14.0±7.2
Leave-one-out 0.89, 0.89, 0.90 1.0±1.1, 19.8±10.2*, 19.3±10.1*
Trained on 1 slice 0.87, 0.87, 0.84 1.0±1.2, 16.9±8.4, 16.5±8.2
Trained on 2 slices 0.87, 0.87, 0.87 1.0±1.2, 15.6±7.8, 15.2±7.7

The good accuracy and high Spearman rank correlations of histology segmentation indicate
that, although multiple factors are relevant, the automated histology segmentations may
be used as a measure in studying plaque vulnerability. The accuracy slightly improved by
training on one or two slices of the specimen to be segmented instead of training on data
from other specimens, however, differences were not significant.

When these automated histology segmentations were used to train ex vivo and in vivo
plaque component segmentation methods, very similar accuracies and correlations were
found as when the manual histology segmentations were used for training. This suggests
a similar performance for grading of plaque vulnerability. Fibrous tissue was a little more
overestimated and LRNC more underestimated when the automated segmentations were
used. This is mainly because in the histology sections the difference between fibrous
and necrotic tissue is difficult to detect consistently, which results in the classification of
necrotic tissue as fibrous. MRI segmentation is slightly better when the automated histology
sections for training were obtained by training on one or two annotated sections per

Figure 4.3: Example of ex vivo MRI segmentation. Top row from left to right: PDw MRI, histology
section and the ground truth. Bottom row: Similar results are obtained by training on manually
segmented histology (left figure, accuracy 74.6%) or histology segmentations trained on two slices
of that specimen (middle figure, 75.1%). The histology sections segmented using leave-one-out
classification result in a reduced accuracy (right figure, 61.4%). Light gray = fibrous, dark gray = LRNC,
and white = calcification.
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specimen. Both better histology segmentations, and the use of the manually annotated
sections in the ground truth for MRI classifier training contribute to this. Annotation of
two slices still would reduce the number of histology sections that need complete manual
segmentation by 85% in the used dataset.

Segmentation of plaques into hard classes may be difficult at specific locations, as gradual
changes from one component to another occur. This can be taken into account in future
research by including a mixed class or by obtaining posterior probabilities instead of hard
segmentations. In addition, empty regions may be present in histology. Lipid tissue is very
soft and therefore may be disrupted during slicing and observers annotate empty regions
usually as lipid. In relation to interobserver reproducibility of histology segmentation our
results are in between previously reported values. The same annotations for 92% of all pixels
by two observers has been reported [38], but moderate agreement for observers indicating
which components or characteristics are present has also been found [123] (κ: 0.44-0.68 for
different components).

This paper uses manual lumen and outer wall contours in all histology sections and is
therefore not completely automatic. However, as the specimen can clearly be distinguished
from the background, we expect automatic segmentation to be relatively easy.

In conclusion, good histology segmentations can be obtained using automated pixel
classification. Automatic histology segmentation by using independent training data seems
sufficient to indicate plaque vulnerability in clinical studies. These segmentations can
also be used as training data to design automatic techniques for segmentation of plaque
components in ex vivo MRI and in vivo MRI and CTA data. By using several manually
annotated sections for each specimen the segmentations can be improved.

Figure 4.4: Example of in vivo MRI/CTA segmentation. Top row from left to right: Histology section,
CT-angiography and PDw MRI. Bottom row: The relative size of the LRNC is 15.0% in the ground truth
(left figure), 27.4% using the manual histology segmentations (second figure), 17.7% for training on
two slices of the specimen (third figure), and 1.0% for leave-one-out histology segmentation (right
figure). Black = fibrous, dark gray = LRNC, and light gray = calcification.
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Abstract
Automated carotid atherosclerotic plaque component segmentation in MRI is im-
portant to enable large studies on plaque vulnerability, and will be key for incorpo-
rating it as an imaging biomarker in clinical practice. These methods facilitate the
quantification of plaque components, and especially supervised techniques which
learn from examples have shown good performance. However, a disadvantage of
many supervised methods is their reduced performance on data acquired on different
scanners with possibly different settings. Ways to overcome the need to acquire many
manual annotations for each new dataset can stimulate widespread implementation
of supervised methods. In this paper we segment carotid plaque components of
clinical interest (fibrous tissue, lipid tissue, calcification and intraplaque hemorrhage)
in a multi-center MRI study. We perform voxelwise tissue classification by same-center
training, and compare results with two approaches that either use no or few annotated
samples from the same-center data in addition to an annotated set of different-
center data. First, we evaluate a non-linear feature normalization approach, and
secondly two Transfer-Learning algorithms are evaluated. Results showed that feature
normalization can improve the ability to segment new data when only different-
center training data is available. Transfer learning can achieve this using a limited
number of same-center training data. Best results were obtained for a combination of
feature normalization and transfer learning. We conclude that both extensive feature
normalization and transfer learning can be valuable for the development of supervised
methods that perform well on different types of datasets, without the need to obtain a
large set of labels for each dataset.
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5.1 Introduction

As the underlying cause of cardiovascular and cerebrovascular ischemia, atherosclerosis
is one of the largest causes of mortality and morbidity worldwide [180, 235]. One mech-
anism by which atherosclerosis can lead to cerebral ischemia is rupture of carotid-artery
plaques [65, 146]. The general consensus is that rupture-prone vulnerable plaques are
characterized by a thin or ruptured fibrous cap, a large lipid-rich necrotic core (LRNC),
presence of intraplaque hemorrhage (IPH) and active inflammation [131, 133, 160]. Addi-
tionally, a larger degree of calcification (CA) is related to a lower risk of plaque rupture [104].
In current clinical practice these factors are largely ignored and the decision to perform
surgical treatment is still based on the degree of vessel narrowing as determined by non-
invasive imaging [26, 143]. It has been hypothesized that determining plaque composition
can help in assessing the risk of rupture and thereby improve the selection of patients for
intervention [26, 152, 228].

Due to its superior soft-tissue contrast, magnetic resonance imaging (MRI) is the preferred
imaging modality to visualize the different tissues in the atherosclerotic carotid vessel
wall [125, 166]. The appearance of plaque tissues in different MR image sequences has
been well established with respect to histology [77, 158, 243], and plaque components as
measured from MRI have been related to future cerebrovascular events [70, 160, 188].

Automated segmentation of plaque components is essential for a quantitative analysis
of plaque composition in large research studies and would greatly facilitate possible
implementation of carotid MR imaging in daily clinical practice. Several methods have
been proposed [82, 119, 219, Chapter 3]. These are all supervised methods that obtained
a training set with either labels from histology, or from manual annotations. All perform
voxel classification using MRI intensities, intensity gradients and wall distances as fea-
tures. Liu et al. [119] used Parzen window estimation in a naive-Bayesian network and
Hofman et al. [82] compared different approaches of which a quadratic Bayesian classifier
performed best, while others [219, Chapter 3] used a linear discriminant classifier. These
methods obtained reasonable to good results, varying between components. However,
a limitation of such supervised methods is that they are specifically optimized for data
acquired on one type of scanner using one specific imaging protocol. They assume training
and target data follow the same distribution, which requires a large training set with
annotations for each dataset with different properties. This raises problems when training
and target data are different, for example when the MR sequence protocol changes, a
scanner is replaced, or in multi-center studies, since images then typically have different
contrast characteristics. Ideally, one would like an algorithm that is developed on one
dataset to be applicable to datasets with different properties, without needing manual
contours from these other datasets, which are labor-intensive to acquire.

Some approaches to overcome this problem have been investigated. Fischl et al. [56]
incorporated physics of the MRI acquisition into the segmentation algorithm. Theoreti-
cally, with knowledge of intrinsic tissue properties (T1 and T2 relaxation time, and tissue
proton density), tissue appearance can be modelled given any MR settings. However, these
intrinsic properties are often unknown. Another approach involves image normalization.
Normalization by matching the mean and variance of the image intensities or by matching
two points from the intensity histogram is commonly used, mainly to handle differences
between subjects scanned with the same parameters on the same scanner. More elabo-
rate methods have been used to handle differences between scanners or protocols. For
example matching more points from the MRI intensity histogram [138] resulted in better
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performance of segmentation with training and test data from different sources [247].
Artan et al. [15] applied a classifier trained on data from one device to data from a
different device using iterative classification and intensity rescaling of the target data. For
chest radiographs and chest computed tomography (CT), normalization of scans acquired
with different settings by splitting and weighting different frequency bands, has shown to
improve segmentation performance [61, 147]. Instead of normalizing the images, which
may be dependent on the chosen region of interest or other structures present in the
images, we present a way of feature normalization that is able to handle non-linear scaling
of feature spaces from different sources.

Transfer learning [142] is an approach that is still relatively new to the field of medical image
analysis. Transfer learning comprises machine-learning methods that handle differences in
distributions, labeling functions, and/or features between training and test data. Transfer-
learning methods have the potential that supervised segmentation methods can work with
no or much less labeled training data with the same properties as the data to be analyzed
(target data), by using more previously acquired and labeled data that originates from a
different scanner, or was acquired using different settings (source data). For example, Wu
et al. [238] used a weighted Support Vector Machine (SVM) and a weighted k-Nearest-
Neighbour (kNN) in which source and target samples are weighted differently. Ablavsky
et al. [1] present an approach for the segmentation of microscopy images, where a classifier
trained on data with different properties than the target data was used to regularize a
SVM classifier trained on a small set of labeled target data. For brain tissue segmentation,
Van Opbroek et al. [216] proposed a reweighting SVM where the weight of misclassified
source samples was iteratively reduced in order to reduce the influence of source samples
that contradict the rest of the data, while maintaining informative source samples. These
examples have shown the advantage of transfer-learning methodologies when little training
data from the target data type is available.

In this study we aim to develop methods for plaque-component segmentation on multi-
center MRI data that has been acquired on MRI scanners from different vendors, and with
significant differences in MRI pulse sequence implementation. We implement different
feature normalization and transfer-learning strategies, and evaluate I) the performance of
voxel classification when training and test data come from the same center as well as from
different centers, II) the performance of transfer learning, while using a small number of
labeled samples from the target data and a large set of annotated source data, and III) the
effect of extensive feature normalization.

5.2 Methods

5.2.1 General segmentation methodology

All experiments were performed using linear discriminant classification (LDC) of all voxels
within the vessel wall, as was successfully applied previously [219, Chapter 2, Chapter 3].
The class conditional density ρk for class k is defined as follows by LDC [76]:

ρk (x) = xTΣ−1µk −
1

2
µT

kΣ
−1µk + logπk (5.1)

Here x is the feature vector to classify,Σ the covariance matrix that is pooled over the classes,
µk are the class means, and πk the class prior probabilities. For classification, each sample
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is assigned to the class with the highest class density ρk . To obtain posterior probabilities
the k conditional densities are normalized to sum to one.

In our experiments we used four classes: fibrous tissue (FT), LRNC, CA and IPH. Similar to
Chapter 3, normalized image intensities of several MRI sequences, the images blurred with
a Gaussian filter (σ=0.3 mm (=1 voxel in the data from center 1)), the gradient magnitude
and Laplacian at that same scale, the Euclidean distances to the lumen and outer vessel wall
(mm), and the product of these two distances were used as features. This resulted in a total
of 23 features. All classifier training and evaluation was performed using Matlab (Release
2011b, The MathWorks, Inc., Natick, Massachusetts) and the prtools toolbox [50].

5.2.2 Adaptive histogram binning

A feature normalization step was performed to account for non-linear intensity scaling
differences between imaging protocols. For each feature we took all voxels from the vessel
wall from all patients. An adaptive histogram binning using piece-wise linear rescaling
was applied to each feature independently, separately for each imaging protocol. All
samples (voxels) were evenly distributed over 100 bins from 0 to 1000, such that each
bin contained 1% of the samples. Here we assumed that the data from each center had a
similar distribution with respect to patient characteristics, and hence a similar fraction of
FT, CA, LRNC and IPH voxels. It also assumes that for each feature the ordering of tissue
components in the imaging protocols is the same, but the contrast between tissues may
vary. This procedure also affects the distribution of samples in the feature space as regions
in the original histograms with high density are stretched out over more bins.

5.2.3 Transfer learning

We propose two forms of transfer learning for use with LDC, inspired by the sample
weighting transfer-learning approaches by Wu et al. [238] and Van Opbroek et al. [216].
For both approaches the training data was composed of a large labeled dataset acquired
in a different center than the data we aim to segment (called the different-center data),
and a small number (n) of labeled samples from data acquired in the center for which we
aim to segment the data (called same-center data). The labeled samples can for example
be obtained by manually indicating a few locations of the different tissue types, or by
segmenting a number of slices manually. We propose weighted-LDC and reweighted-LDC,
which both use LDC as provided in equation 5.1. By giving individual samples a certain
weight, the estimated class means µk and the pooled covariance matrix Σ are affected:

µk =

∑
i :yi=k

wi xi∑
i :yi=k

wi
Σ=

4∑
k=1

πk

∑
i :yi=k

wi (xi −µk )(xi −µk )T

∑
i :yi=k

wi
(5.2)

with yi the label y , and wi the weight of sample i . For both µk and Σ the contribution of
each sample is determined by its sample weight. The classes contribute differently to the
pooled covariance based on their prior probability πk .

With weighted-LDC the total sum of the sample weights of the different-center data (ΣWdc )
and the sum of the sample weights of the same-center data (ΣWsc ) were set, while all
samples from the same center had the same weight. In our experiments we kept ΣWsd

fixed at 1, and varied (ΣWsc ). Weighting the data from two centers differently determines the
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balance between the contribution of different-center and same-center data to the classifier.
For reweighted-LDC we first apply weighted-LDC according to equations 5.1 and 5.2. After
this step, for each different-data sample ρk was determined for its label k, and used as new
sample weight. Per class the weights of all samples were linearly rescaled such that their
sum equalled the initial total weight of that class. So, also the ratio between ΣWsc and ΣWsd

remained the same as for weighted-LDC, only the weights of the different-center data varied
between samples:

wi =
ρyi (xi ) ·πyi∑

i :yi=k
ρyi

(5.3)

Here πk was only determined based on the different-distribution data. For reweighted-LDC
the classifier was retrained using the updated weights wi . This way the different-center
samples that fit the modelled data better obtained a higher weight and contributed more
than different-center samples that did not fit with the data which got a lower weight.

5.3 Experimental set-up

5.3.1 Image data

We used image data acquired within the multi-center PARISK study [205], which is a large
prospective multi-center imaging study to improve risk stratification in patients with mild
to moderate carotid artery stenosis. Inclusion criteria were a recent (<3 months) transient
ischemic attack (TIA), amaurosis fugax or minor stroke, and a symptomatic carotid artery
plaque of at least 2-3 mm with a stenosis <70% as determined on Doppler ultrasound
or CT angiography. All patients underwent MRI, CT-angiography and ultrasound imaging
of the carotid artery. For the present study we selected the first 20 patients from the
Maastricht University Medical Center (center 1) and the first 22 patients from the Erasmus
Medical Center (center 2), for whom a complete MRI session was available. MR imaging
was performed on 3.0-Tesla whole-body scanners. Center 1 used an Achieva TX scanner
(Philips Healthcare, Best, Netherlands) with an eight-channel phased-array coil (Shanghai
Chenguang Medical Technologies Co., Shanghai, China), and center 2 used the Discovery
MR 750 system (GE Healthcare, Milwaukee, MI, USA) with a four-channel phased-array coil
with an angulated setup (Machnet B.V., Roden, the Netherlands).

The MRI protocol has been described previously [205], and is summarized in Table 5.1. The
main differences between the two centers, apart from the differences in scanner model
and coil, are the voxel sizes (both acquired and reconstructed), the use of a T1w IR-TFE
(center 1) versus a SPGR scan (center 2) to visualize IPH, and a TOF FFE (center 1) versus
a FSPGR (center 2) scan. This FSPGR sequence has been designed specifically to improve
visualization of calcification in one image sequence to overcome the need to combine
information from multiple sequences. For center 1 for all sequences 15 axial slices were
acquired, while for center 2 the SPGR and FSPGR images were acquired in the coronal
direction. Examples images from both centers are provided in Figure 5.1.
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Table 5.1: MRI scan parameters.

Pulse T1w QIR TSE T1w DIR FSE TOF FFE FSPGR IR-TFE SPGR T2w TSE T2w DIR FSE
sequence (Both pre- and postcontrast)
Center 1 2 1 2 1 2 1 2
TR (ms) 800 1RR 20 3.3 9.1 9 4800 2RR
TE (ms) 10 5.2 5 2.1 5.5 1.3 49 50
FA (◦) - - 20 5 15 30 - -
Acquired voxel size (mm) 0.62×0.67 0.55×0.71 0.62×0.62 1.00×1.25 0.62×0.63 1.00×1.25 0.62×0.63 0.55×0.71
Reconstructed voxel size (mm) 0.30×0.30 0.55×0.63 0.30×0.30 0.63×0.63 0.30×0.24 0.63×0.63 0.30×0.30 0.55×0.63
* Abbreviations: TR = repetition time, TE = echo time, FA = flip angle, RR = R wave to R wave interval (1 heart beat), QIR = quadruple
inversion recovery, TSE = turbo spin echo, DIR = double inversion recovery, FSE = fast spin echo, TOF = time of flight, FFE = fast
field echo, FSPGR = fast spoiled gradient echo, IR = inversion recovery, TFE = turbo field echo, SPGR = spoiled gradient echo.
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Figure 5.1: Examples of registered MR images from both centers. Center 1: A calcium spot (*) is
indicated, which appears hypointense on all sequences. A region of IPH (black dot) is hyperintense
on the IR-TFE sequence, TOF-FFE, and T1w precontrast, and shows no signal enhancement on the
postcontrast T1w image. Center 2: a hyperintense region on the SPGR and T1w precontrast scan
indicates IPH (black dot), and is hypointense on the T1w postcontrast scan. Two hypointense regions
of calcification (*) are visible in especially the FSPGR and SPGR scans.

5.3.2 Manual reference

Manual contours of the symptomatic artery in each image were obtained for training
and validation of the automatic methods. For center 1, the 20 scans were annotated by
two observers with 3 years of experience with carotid MRI, using vessel wall analysis
software (MRI-Plaque View, VPDiagnostics Inc, Seattle, USA, WA). First the images were
semi-automatically aligned by registering the four other images to the T1w precontrast
scan using the built-in registration tool [119]. This registration was manually adjusted for
errors. Subsequently, lumen and outer vessel wall were semi-automatically [119] segmented
and manually adjusted. Plaque components (CA, LRNC and IPH) were fully manually
delineated, based on previously determined criteria [28, 30, 106] as agreed on by both
observers on beforehand. IPH was defined as a hyperintense area in the IR-TFE scan, LRNC
as a region that shows no contrast enhancement on the postcontrast T1w scan and is iso- or
hyperintense on the precontrast T1w scan, and CA as hypointense on at least three image
sequences. The remaining tissue within the vessel wall was considered as FT. All slices for
which the five image sequences were available after co-registration, were annotated. One
patient was excluded due to excessive patient movement.

As we used VesselMass (department of Radiology, Leiden University Medical Center, the
Netherlands) for further analysis, editing and visualization, the annotated contours were
converted into a format for use in VesselMass. Contour coordinates on the fixed T1w
image could be extracted from the PlaqueView contours, and rigid registration with manual
adjustments was repeated in VesselMass until the alignment of contours with images
was determined to be correct by one of the observers. Due to significant inter-observer
variability for this center, a consensus contour set was created by five experienced observers
including the first two observers, with knowledge of the two initial segmentations, but
without knowledge of any automatic segmentation results that were obtained using the
first two contour sets. For this dataset segmentation and registration was approved by all
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observers.

The 22 scans from center 2 were manually annotated by one observer with 3 years of
experience, using VesselMass. A subset of 10 scans was annotated by a second observer with
1 year of experience. First, the lumen was manually annotated on the T1w precontrast scan.
Subsequently the remaining four image sequences were automatically registered to the T1w
precontrast scan using a previously described algorithm for 3D rigid registration [220]. All
contours (lumen, outer wall, CA, LRNC and IPH) were fully manually drawn. Similar to
center 1, LRNC was defined as a hypointense area on the postcontrast T1w scan that is
iso- or hyperintense on the precontrast T1w scan, and IPH as a hyperintense region on the
SPGR scan. The criterium for CA segmentation was different from center 1: all hypointense
regions in the FSPGR sequence were defined as calcium, without taking information from
the other image sequences into account. In addition, areas with hypointensity in two or
more of the other sequences without hypointensity in the FSPGR sequence were annotated
as calcium if this was thought to be related to misregistration of the FSPGR volume. For both
centers, by definition, all IPH lesions were drawn within a region of LRNC.

5.3.3 Data preprocessing

The images after registration as obtained and approved by the observers, were used for
segmentation methodology development and evaluation. The scans acquired in center 2,
especially the SPGR and FSPGR scans, showed a considerable intensity bias field due to coil
inhomogeneity (Figure 5.1). This was corrected for in all five sequences by N4 inhomogene-
ity correction [206]. The images from center 1 did not show any coil inhomogeneity in the
images, so N4 was not applied to the images from this center. Images from both centers
were normalized in order to obtain similar intensity ranges between subjects. For image
normalization a region of interest (ROI) was identified in each image. This ROI was defined
as a 4×4 cm region around the lumen center in each image slice. The 5th % of the intensity
histogram in the 3D ROI per image was set to 0 and and the intensity of all voxels was linearly
scaled such that the 95th % of the histogram was set to 1000, for each scan individually. We
assume this ROI was large enough to exclude any influence from plaque composition to the
5% and 95% histogram values.

5.3.4 Experiments

Three different training approaches for voxel classification were evaluated. For all ap-
proaches for center 1, the consensus contours were used for training and evaluation. For
center 2 we used the contours of the observer who annotated all 22 datasets.

I) Same-center training: Methods were trained and evaluated on data from the same
center, and thus acquired using the same hardware and imaging protocol. For both
centers we performed leave-one-subject-out cross-validation.

II) Different-center training: Here a classifier developed on all vessels from center 1 was
applied to segment the data from center 2, and vice versa, without the use of any
labeled same-center samples during training.

III) Transfer learning: We simulated the situation in which a few slices from a larger set of
same-center data are selected and manually segmented. This is practically feasible,
and allows the use of transfer learning methods to tune the segmentation algorithm
for use on the target data while most of the training data originates from the different-
center dataset. In order to do this we selected a number of slices from both datasets
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that were considered suitable for training in such a setting. The selection criterium
was presence of at least one of the three components CA, LRNC and IPH with a size
of at least 10 voxels. This led to a selection of 118 out of the 285 slices for center 1
and 128 out of 359 slices for center 2. Experiments were performed with a random
selection of 1, 3, 5 and 10 slices of target data, where those slices together contained at
least 10 voxels of all components. Those slices were randomly selected from the other
vessels from the target data in a leave-one-patient-out fashion. For each slice set
selection, training was performed on these slices only, and weighted- and reweighted-
LDC were performed with five different settings of weighting between different-
center and same-center data. ΣWsc was set to 0.1, 0.2, 1, 5 and 10, while ΣWdc was
always 1. To prevent effects of different components sizes due to slice selection,
the prior probabilities for the classes (πk ) were set to the prior obtained from the
fully annotated different-center dataset in all experiments. These experiments were
repeated 100 times, to account for the variability between slice set selections. In each
of the 100 iterations all vessels from the target data were segmented once.

5.3.5 Evaluation

Segmentation results were evaluated by 1) intraclass correlation coefficients for the volume
of FT, CA, LRNC and IPH per vessel, 2) the error per component: the absolute difference
between the amount of that component in the ground truth and the segmentation result
per vessel, and 3) accuracy as % of correctly classified voxels. For same center training data
confusion matrices were also used to enable a more localized analysis of segmentation
accuracy. All experiments were performed both with and without feature normalization by
adaptive histogram binning. In the transfer learning experiments with a limited number of
annotated slices, the entire set of same-center data was used to determine the histogram
bins and normalization of the individual slices was performed using these parameters.
Results were compared with the inter-observer variability as determined between the two
observers and the consensus reading for center 1, and between the two observers for
center 2. For a more fair comparison of the segmentation results with the interobserver
variability, the contours of the observers were evaluated within the consensus contours
for the vessel wall for center 1, and for center 2 the contours of observer 2 were evaluated
within the vessel wall contours of observer 1. Only voxels annotated within this wall were
considered, and voxels not annotated within this wall were considered to be fibrous tissue.
This is similar to how the automatic segmentation works, which also takes the reference
vessel wall as an input.

Statistical comparisons were made between 1) same-center training, 2) different-center
training, 3) different-center training with adaptive histogram binning, 4) training on a few
same-center slices, 5) transfer learning and 6) transfer learning with adaptive histogram
binning. The mean error of the four components for all 41 patients was taken. The analysis
was done per center, and for the two centers combined, for the setting where 5 labeled
same-center slices are available. For transfer learning we selected the method (weighted-
or reweighted LDC and ΣWsc ) that overall performed best. For this method for each patient
we took the median error over the 100 repeated experiments to use in the statistical
analysis. Comparisons were made by Friedman analysis, followed by Tukey-Kramer testing
for individual differences.
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5.4 Results

Detailed results for volume error and ICC per component, and overall classification ac-
curacy for each of the evaluated approaches are provided in Table 5.5 for center 1 and
in Table 5.6 for center 2. Results for interobserver agreement are included as reference. It
should be noted that for center 1 the accuracy of the observers is slightly biased since the
consensus contours were based on these contours. In this section we will first present the
results obtained in the traditional setting when a fully labeled dataset of same-center data
is available, and secondly the results for different-center training and thereafter the results
using transfer learning.

5.4.1 Same-center training

Figure 5.2 shows the correlations of tissue component volumes per vessel for the two
centers, using same-center training without adaptive histogram binning. Good correlations
were obtained for FT, CA and IPH for both centers. A good correlation for LRNC was ob-
tained for the data from center 1, but a considerable underestimation with low correlation
was obtained for center 2. Confusion matrices to assess voxelwise agreement are provided
in Tables 5.2 and 5.3. These show a low sensitivity for LRNC (21% for center 1 and 12%
for center 2) and a moderate sensitivity for CA (41% and 44%) which were both often
misclassified as FT, a good sensitivity for IPH (66% and 75%) and high sensitivity for FT
(97% both centers). Further results (volume errors and ICC values) for same-center training
are summarized in the first part of Figures 5.3 and 5.4 (A-B). For center 1 (Figure 5.3),
using adaptive histogram binning slightly increased performance on average, but showed a
slight decrease for LRNC and IPH. For center 2 for same-center training adaptive histogram
binning had a positive effect on LRNC segmentation, and did not influence the other
components.

When volume errors and ICC values are compared with the interobserver agreement (Tables
5.5-5.6), similar accuracies with respect to the consensus contours were found for the
observers and for the automated same-center methods for center 1. For center 2, the ICC for
LRNC was slightly lower than the agreement between observers, and for CA slightly higher,
but errors for FT, LRNC and CA were larger.

5.4.2 Different-center training

The second part of Figures 5.3 and 5.4 (C-D) provides results for different-center training.
For center 1 training on only different-center data resulted in an extreme overclassification

Table 5.2: Confusion matrix for center 1
Same-center training without adaptive

histogram binning

Classification result
FT LRNC CA IPH

Ground FT 87% 0.7% 2.1% 0.4%
truth LRNC 2.0% 0.7% 0.2% 0.3%

CA 2.4% 0.1% 1.7% 0.0%
IPH 0.5% 0.4% 0.0% 1.8%

Table 5.3: Confusion matrix for center 2
Same-center training without adaptive

histogram binning

Classification result
FT LRNC CA IPH

Ground FT 80.6% 1.0% 1.4% 0.3%
truth LRNC 2.6% 0.4% 0.1% 0.2%

CA 4.1% 0.0% 3.4% 0.3%
IPH 0.9% 0.4% 0.0% 4.1%
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Figure 5.2: Correlations for same-center training results without adaptive histogram binning. Vol-
umes per vessel are shown for the two centers. Pearson correlation R-values were calculated for the
two centers separately.

of FT as CA, resulting in large errors for these components. Accuracy for LRNC also
decreased, but IPH segmentation remained equally accurate as for same-center training.
The errors were much lower when adaptive histogram binning was used. However, slightly
larger errors remained present for FT, CA and IPH compared with same-center training.
For center 2 segmentation accuracy was much less influenced by training on different-
center data. Classification of CA was slightly negatively affected, but the accuracy for the
other components did not change much. For center 1 different-center training without
adaptive histogram binning yielded significantly larger errors than same-center training,
but different-center training with adaptive histogram binning did not. For center 2 this was
the other way around: different center training with adaptive histogram binning performed
significantly worse than same-center training, but direct different-center training did
not. In the combined analysis different-center training both with and without adaptive
histogram binning had significantly larger errors than same-center training.

5.4.3 Transfer learning

Results for the transfer-learning experiments are summarized in Figure 5.5 (center 1) and
Figure 5.6 (center 2). Figure 5.5 shows that without adaptive histogram binning better
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Figure 5.3: Errors and intraclass correlation obtained for center 1. A) Training on same-center data, B)
training on same-center data including adaptive histogram binning, C) training on different-center
data and D) training on different-center data including adaptive histogram binning. Volume errors
(bars) are given as the median over all 19 vessels, the black bars represent the mean of the four
medians. For hemorrhage no bars are shown in A and C, as in 11 of the 19 vessels no hemorrhage
was present both in the ground truth and segmentation result. For reference, total vessel wall volume
for this center was 1057±301 ml.

results were obtained using transfer learning than for different-center training (see Figure
5.3). While for weighted-LDC the ratio between ΣWdc and ΣWsc does not seem to have
a large influence, for reweighted-LDC it is apparent that a smaller weight on the same-
center data deteriorated the results. This was the case both with and without adaptive

Figure 5.4: Errors and intraclass correlation obtained for center 2. A) Training on same-center data, B)
training on same-center data including adaptive histogram binning, C) training on different-center
data and D) training on different-center data including adaptive histogram binning. Volume error
(gray bars) is given as the median over all 22 vessels, the black bars represent the mean of the four
medians. For reference, total vessel wall volume for this center was 1340±389 ml.
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Figure 5.5: Mean error and intraclass correlation (ICC) for center 1 when only a limited amount of
same-center training data is available. For each set of 5 transfer learning experiments ΣWsc from left
to right is 0.1, 0.2, 1, 5, 10. AHB = adaptive histogram binning. The bars and dots for ‘x slices’ are the
result for training only on the labeled same-center slices.

histogram binning. Adaptive histogram binning in combination with weighted-LDC yielded
the best results. In Table 5.5 results for separate components are given for the example
with 5 annotated slices from the same-center data, and ΣWsc =1. Additionally, the results for
weighted-LDC with ΣWsc =0.1 and adaptive histogram binning are provided, as this yielded
the lowest mean error and highest mean ICC. It can be seen that for all transfer-learning
methods the overall accuracy was higher than for different-center training.

While for center 2 training on different-center data already yielded reasonable results,
improvement could still be obtained by transfer learning. As for center 1, reweighting was
more sensitive to the ratio between ΣWdc and ΣWsc . However, here a smaller weight on the
different-center data yielded more accurate results than when ΣWsc increased. Best results
were obtained for combining adaptive histogram binning and sample reweighting. In Table
5.6 results for separate components are given for the example with 5 annotated slices from
the target data, and ΣWsc =0.1.

We performed statistical analysis for weighted-LDC and ΣWsc =0.1. For both centers, and
the centers combined, both transfer learning with and without adaptive histogram binning
of the features the errors were not significantly different from same-center training. The
difference with training on 5 same-center slices was not significantly different either. Addi-
tionally, from the figures it can be seen that for almost all approaches for both centers the
use of more annotated target slices yields lower mean volume errors and higher correlation
values. In Table 5.4 the average number of target samples and the % of the combined source
and target data is given for both centers. The difference is due to a difference in voxel
size between center 1 (0.30×0.30×2 mm) and center 2 (0.55×0.63×2 mm). This percentage,
however, did not influence the importance of the same-center samples during training as
these were determined by the chosen ΣWsc , and the class priors which were determined by
the different-center data only.
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Table 5.4: Percentage of labeled same-center samples in the total training set for transfer learning
experiments.

center 1 center 2
n samples (% of total) n samples (% of total)

1 slice 721±200 (2%) 253±90 (0.2%)
3 slices 1736±359 (4%) 580±131 (0.5%)
5 slices 2790± 461 (6%) 935±169 (0.8%)
10 slices 5492±637 (11%) 1831±236 (1.6%)

5.4.4 Visualization of results

Segmentation results for three slices from both centers are shown in Figure 5.7. For both
centers the results for transfer learning were obtained using 5 randomly selected same-
center slices. Both used adaptive histogram binning on the features and ΣWsc =0.1, but for
center 1 the results using weighted-LDC are shown, and for center 2 using reweighted-LDC.
Of the 100 repeated experiments with random selection of 5 target slices, for each specimen
we used the selection for which the total error over the four components was closest to the
median total error of the 100 experiments for the examples shown.

The segmentations show that same-center training usually yields the smoothest results.
Different-center training and transfer learning yield slighly more noisy results, but similar
overall segmentations as same-center training. The transfer-learning segmentations have
a slightly better detection of CA and IPH than different-center training in some of the
examples.

Figure 5.6: Mean error and intraclass correlation (ICC) for center 2 when only a limited amount of
same-center training data is available. For each set of 5 transfer learning experiments ΣWsc from left
to right is 0.1, 0.2, 1, 5, 10. AHB = adaptive histogram binning. The bars and dots for ‘x slices’ are the
result for training only on the labeled same-center slices.
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Table 5.5: Segmentation results for center 1.*

Median error mm3 (IQR) ICC (95% Confidence interval) Accuracy (%)
FT LRNC CA IPH FT LRNC CA IPH (Median (IQR))

Obs1 - Obs* 58 (25-72) 34 (12-75) 24 (11-37) 1 (0-23) 0.96 (0.89-0.99) 0.34 (-0.17-0.71) 0.42 (-0.1-0.75) 0.19 (-0.31-0.62) 89 (85-94)
Obs1* 41 (21-61) 20 (13-35) 17 (7-28) 0 (0-16) 0.97 (0.92-0.99) 0.75 (0.42-0.91) 0.87 (0.67-0.95) 0.26 (-0.25-0.66) 90 (89-94)
Obs2 14 (7-26) 10 (5-32) 7 (1-20) 0 (0-14) 0.99 (0.96-0.99) 0.71 (0.39-0.88) 0.81 (0.56-0.92) 0.92 (0.82-0.97) 94 (92-97)

Automated
Same center 37 (9-64) 16 (1-24) 23 (12-33) 0 (0-15) 0.98 (0.65-0.99) 0.93 (0.83-0.97) 0.66 (0.31-0.85) 0.96 (0.90-0.99) 91 (90-95)
Same center AHB 27 (13-50) 15 (3-29) 15 (7-25) 2 (0-24) 0.96 (0.91-0.99) 0.77 (0.50-0.91) 0.83 (0.62-0.93) 0.76 (0.48-0.90) 93 (89-95)
Other center 169 (97-204) 21 (4-33) 185 (143-218) 0 (0-6) 0.90 (0.75-0.96) 0.56 (0.15-0.80) 0.25 (-0.22-0.63) 0.98 (0.94-0.99) 74 (70-79)
Other center AHB 42 (18-78) 6 (1-13) 24 (10-35) 6 (1-24) 0.93 (0.84-0.97) 0.92 (0.81-0.97) 0.66 (0.30-0.85) 0.66 (0.31-0.85) 87 (83-92)

Transfer Learning *
5 target slices 35 (15-65) 17 (5-28) 20 (9-39) 1 (0-14) 0.96 (0.90-0.98) 0.59 (0.20-0.82) 0.56 (0.16-0.81) 0.88 (0.72-0.95) 90 (86-94)
5 target slices, AHB 30 (12-67) 16 (4-28) 18 (9-36) 6 (1-27) 0.94 (0.86-0.98) 0.59 (0.20-0.82) 0.57 (0.17-0.81) 0.54 (0.13-0.80) 90 (85-94)
Weighted, ΣWsc =1 37 (19-64) 21 (3-30) 20 (10-33) 0 (0-9) 0.98 (0.95-0.99) 0.55 (0.15-0.80) 0.63 (0.26-0.84) 0.97 (0.93-0.99) 92 (88-95)
Weighted, ΣWsc =1, AHB 24 (10-58) 15 (2-26) 15 (7-27) 5 (0-26) 0.95 (0.87-0.98) 0.62 (0.24-0.83) 0.69 (0.35-0.87) 0.72 (0.40-0.88) 91 (86-94)
Weighted, ΣWsc =0.1, AHB 29 (10-57) 10 (2-19) 11 (4-26) 6 (0-28) 0.94 (0.85-0.98) 0.85 (0.66-0.94) 0.69 (0.35-0.87) 0.69 (0.35-0.87) 90 (85-93)
Reweighted, ΣWsc =1 29 (12-65) 13 (4-25) 20 (9-44) 1 (0-16) 0.95 (0.86-0.98) 0.65 (0.28-0.85) 0.52 (0.09-0.78) 0.90 (0.75-0.96) 89 (85-94)
Reweighted, ΣWsc =1, AHB 35 (12-78) 12 (3-24) 18 (8-38) 13 (3-36) 0.92 (0.80-0.97) 0.73 (0.43-0.89) 0.61 (0.23-0.83) 0.63 (0.25-0.84) 88 (83-93)
* All values shown are with respect to the consensus reading. Interobserver variability is calculated within the annotated consensus vessel wall contours. For
observer 1 contours of 3 vessels were lost for conversion to VesselMass format and were not used. For transfer learning all results are given as the median over
the 100 experiments where 5 labeled same-center slices were used. FT = Fibrous tissue, LRNC = Lipid-rich necrotic core, CA = Calcification, IPH = Intraplaque
hemorrhage, IQR = Interquartile range, ICC = Intraclass correlation coefficient, AHB = Adaptive histogram binning.
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Table 5.6: Segmentation results for center 2.*

Median error mm3 (IQR) ICC (95% Confidence interval) Accuracy (%)
FT LRNC CA IPH FT LRNC CA IPH (Median (IQR))

Observer 2 * 22 (17-37) 8 (7-27) 18 (8-30) 5 (0-18) 0.97 (0.86-0.99) 0.76 (0.29-0.93) 0.75 (0.28-0.93) 0.98 (0.92-0.99) 88 (85-91)

Automated
Same center 80 (42-126) 29 (14-53) 38 (22-67) 7 (0-28) 0.95 (0.89-0.98) 0.30 (-0.13-0.64) 0.91 (0.80-0.96) 0.96 (0.90-0.98) 90 (84-95)
Same center AHB 51 (28-93) 28 (9-40) 32 (12-44) 4 (0-24) 0.98 (0.94-0.99) 0.66 (0.33-0.84) 0.90 (0.78-0.96) 0.98 (0.95-0.99) 90 (85-95)
Other center 60 (37-92) 24 (10-50) 49 (28-71) 7 (0-31) 0.97 (0.94-0.99) 0.56 (0.19-0.79) 0.85 (0.68-0.94) 0.92 (0.83-0.97) 88 (80-94)
Other center AHB 86 (53-130) 30 (11-50) 51 (27-69) 6 (0-21) 0.97 (0.94-0.99) 0.76 (0.50-0.89) 0.85 (0.67-0.93) 0.99 (0.97-0.99) 89 (85-95)

Transfer Learning
5 target slices 71 (33-114) 24 (10-53) 48 (25-85) 8 (0-31) 0.93 (0.84-0.97) 0.34 (-0.09-0.66) 0.66 (0.34-0.84) 0.88 (0.73-0.95) 87 (80-93)
5 target slices, AHB 76 (36-137) 23 (9-46) 47 (25-89) 12 (1-34) 0.89 (0.76-0.95) 0.37 (-0.05-0.68) 0.52 (0.14-0.77) 0.77 (0.52-0.90) 87 (79-93)
Weighted, ΣWsc =0.1 67 (41-100) 22 (9-51) 50 (25-69) 8 (0-30) 0.97 (0.93-0.99) 0.54 (0.16-0.78) 0.84 (0.66-0.93) 0.93 (0.83-0.97) 88 (81-95)
Weighted, ΣWsc =0.1, AHB 82 (47-131) 25 (11-53) 49 (27-70) 6 (0-24) 0.98 (0.94-0.99) 0.73 (0.45-0.88) 0.87 (0.71-0.94) 0.99 (0.97-0.99) 90 (86-95)
Reweighted, ΣWsc =0.1 53 (27-125) 15 (6-33) 36 (17-71) 9 (0-30) 0.92 (0.83-0.97) 0.75 (0.48-0.89) 0.76 (0.50-0.89) 0.93 (0.85-0.97) 87 (79-92)
Reweighted, ΣWsc =0.1, AHB 54 (28-89) 15 (6-33) 37 (19-65) 10 (1-28) 0.96 (0.91-0.98) 0.91 (0.79-0.96) 0.87 (0.71-0.94) 0.97 (0.93-0.99) 89 (84-94)
* Interobserver variability is only on 10 vessels. Contours from observer 2 are considered within the annotated vessel wall by observer 1. For transfer learning all
results are given as the median over the 100 experiments where 5 labeled same-center slices were used. FT = Fibrous tissue, LRNC = Lipid-rich necrotic core, CA
= Calcification, IPH = Intraplaque hemorrhage, IQR = Interquartile range, ICC = Intraclass correlation coefficient, AHB = Adaptive histogram binning.
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Figure 5.7: Segmentation results for three slices from center 1 and three slices from center 2. The
results for transfer learning were obtained using 5 selected target slices and both adaptive histogram
binning and weighted-LDC with ΣWsc =0.1 (center 1), or AHB and reweighted-LDC with ΣWsc =0.1
(center 2).
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5.5 Discussion and conclusion

In this work we performed plaque-component segmentation in a multi-center MRI study.
For both centers the obtained segmentations showed a similar agreement with manual
annotations as the interobserver agreement. Moreover, we showed that both extensive fea-
ture normalization using adaptive histogram binning, and transfer-learning algorithms can
improve segmentation accuracy when only few annotations from a certain target dataset
are available and a much larger annotated dataset with different feature distributions is
used.

Applying a classifier optimized using training data from one center to image data from
the other center yielded large errors for center 1, but reasonable results for center 2. The
largest errors were obtained for CA, which can be explained by the large differences in
image acquisition and manual analysis for this component. In center 2 hypointense regions
in the FSPGR scan were annotated as CA, while for center 1 the corresponding TOF-
FFE has a bright lumen but overall dark vessel wall, resulting in large CA overestimation
when using the classifier developed for center 2. Appearance of IPH and LRNC was more
similar between centers and raised fewer problems. For center 1 the accuracy for CA was
significantly improved using adaptive histogram binning, but this decreased accuracy for
IPH. This also occurred for same-center training, so this is probably related to difficulties in
modeling the IPH class after adaptive histogram binning for this center. LDC is optimal if
all classes follow a Gaussian distribution with equal covariance, which cannot be assumed
after the performed histogram stretching. For center 2 adaptive histogram binning on
the different-center data yielded a larger overall error compared to direct different-center
training.

Transfer learning could improve over different-center training with or without adaptive
histogram binning, with only the need to obtain labels for a small number of slices (1-10).
For both centers a combination of adaptive histogram binning and transfer learning per-
formed best. However, the best transfer-learning algorithm and settings differed between
the centers. For center 1, where training on the different-center data yielded large errors,
with reweighted-LDC an equal contribution of ΣWdc and ΣWsc performed best, while with
adaptive histogram binning and weighted-LDC a larger weight on the different-center data
performed slightly better. For segmentation in center 2 training on the different-center data
without adaptive histogram binning already performed well, and giving large weights to the
different-center data performed best for all transfer-learning algorithms. The higherΣWsc is
set, the more importance is given to a small amount of samples which may hamper accurate
modeling. Here reweighted-LDC does perform slightly better than weighted-LDC. Although
the best performing algorithm differed between the two centra, overall, weighted-LDC with
or without adaptive histogram binning and ΣWsc =0.1 performed best and did not differ
significantly from same-center training.

In future studies it can be useful to perform an initial evaluation to get an indication of
what method and settings would work. It is possible to first train a classifier solely on
the different-center (or eg. different-scanner) data, and visually inspect results on some
examples from the same-distribution data. If this performs reasonably well, weighting the
source data higher than the target data is safe, and reweighting may improve performance
as for center 2 in this study. If, on the other hand, different-center training yields large
errors, a more equal weighting between source and target data should be considered
and reweighting should be performed with more caution. There is a risk that reweighting
increases the weight of source samples that fit well with the source-data distribution but
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that are not representative for the target samples. In all our experiments, reweighting with
a large weight on the same-center samples had low performance, but still similar or better
than using only the same-center slices.

There are certain requirements to be able to use both adaptive histogram binning and
transfer learning. One requirement to successfully use adaptive histogram binning is that a
representative set of data needs to be available for both centers, such that the distribution of
disease stage and therefore prior class probabilities is similar. For both adaptive histogram
binning and the used transfer-learning algorithms it is important that there is a direct link
between each feature in one dataset with one of the features in the other dataset. This can
be obtained by linking features from two sequences with comparable contrast properties.
In the multi-center study that we used, the MRI protocol was designed to be comparable
between the two centers; only the image data was different due to use of a different scanner
and institutional preferences. If no obvious link is present, either only the sequences that
are comparable in both datasets can be used, or measures such as the Kullback-Leibler
divergence of the histograms can be used to determine which sequences are most similar
in appearance. It is also possible to combine two or more sequences from one dataset to be
similar to a sequences in the other dataset by summing them with different weights such
that the divergence from this target sequences in the other dataset is minimal. In addition,
it is assumed that the ordering of classes is the same for all features for the different centers.
In our dataset this did not fully hold for the TOF-FFE/FSPGR sequence, where IPH had the
highest intensity in the FSPGR scan, but the second-highest after FT in the TOF-FFE scan.
However, if sufficient weight is given to the same-center data, such features will contribute
less to the LDC as LDC aims to optimize the discrimination between classes.

The suitability of adaptive histogram binning and the used transfer-learning algorithms
may depend on which classifier is used. Adaptive histogram binning distorts Gaussianity of
features which is assumed by LDC, but using adaptive histogram binning did not negatively
affect our results for same-center training, except for IPH segmentation in center 1. Almost
all classifiers can deal with sample weighting. However, our reweighting procedure was
more tuned to LDC. For other classifiers, such as SVM, different criteria for reweighting
have been used [216] which may be more suitable for that specific classifier.

In our data there was a slight difference in prior probabilities for the tissue components
between the two centers, which could have influenced the adaptive histogram binning in
different-center training. More CA (8% vs 4%) and IPH (5% vs 3%) was manually segmented
for center 2. This could be due to a difference in patient population and vessel wall
composition in the included patients, but likely also results from differences in the imaging
protocol. Although this has not been studied in detail, it seems the FSPGR sequence to
image CA in center 2 leads to an overestimation of CA, like the blooming effect that is seen
in CT. Use of this dedicated sequence to image CA did on the other hand yield larger ICC
values for CA than the traditional MR protocol used in center 1.

The performance of transfer learning depends on the suitability of the selected slices. These
need to be representative of all classes in the target data. We used a minimum of 10 voxels
for each class as selection criterium for the total set of selected slices, where each slice has
at least one component with at least 10 voxels besides FT. In practice this is not expected
to raise problems, as slices with large areas of CA, LRNC or IPH can easily be recognized by
human observers. In our experiments the number of selected slices was more important for
center 1 where training on different-center data yielded larger errors. For center 2 the overall
error did not differ much between using 3 or 10 slices, but the average ICC was slightly better
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when more same-center slices were used. The number of same-center training samples in
the smallest class was significantly related with the average error for both centers and all
transfer-learning experiments combined (R=-0.05, p<10−32). Although the error by training
on 5 same-center slices only was not significantly different from same-center training or
transfer learning, it should be noted that the priors here were also determined on the
different-center data as the presence of CA, LRNC and IPH would be overestimated based
on the selected slices.

The proposed method for feature normalization is similar to Nyul et al. [138], except that
they perform histogram matching per image instead of the features of a large group of
subjects combined. We chose this approach, since the tissue distribution in the vessel
wall differs more between patients the tissue distribution of the brain. Compared to
previous literature on plaque-component segmentation, our methods have similar [119]
or slightly better [82, 219, Chapter 3] accuracy than previously published results on same-
center training and evaluation. Our results imply that such methods can more easily be
implemented in multi-center studies, although standardization of image protocols remains
advantageous for obtaining a link between image sequences. In previous studies LRNC
and IPH have sometimes been considered together as one ‘vulnerable’ component. If we
would combine our segmentations for these components, correlations would be slightly
higer (center 1) or close to (center 2) the results for IPH only.

In conclusion, good plaque-component segmentations with similar accuracies as inter-
observer agreement were obtained for the data from both centers. We showed that when
no labeled same-distribution data is available extensive feature normalization by means of
adaptive histogram binning improves results, and secondly that transfer-learning classifiers
can improve results when a few labeled same-center examples are available. These ap-
proaches yield results with similar accuracy to same-center training. Both feature normal-
ization and transfer learning can facilitate segmentation across scanners, and facilitate wide
implementation of automated image analysis methods in large-scale multi-center studies
and in clinical practice.
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Abstract
Background and purpose: Carotid ultrasound atherosclerosis measurements
including those of the arterial wall and plaque provide a way to monitor patients
at risk of vascular events. Our objective was to examine carotid ultrasound plaque
texture measurements and the change in carotid plaque texture over 1 year in
patients at risk of events, and to compare these with measurements of plaque
volume and other risk factors as predictors of vascular events in patients at risk of
events.
Methods: We evaluated 298 patients with carotid atherosclerosis using three-
dimensional ultrasound at baseline and after one year and measured carotid
plaque volume and 376 measures of plaque texture. Patients were followed up to 5
years for myocardial infarction, TIA and stroke. Sparse Cox Regression was used to
select the most predictive plaque texture measurements in independent training
sets using a tenfold cross-validation, repeated five times, to ensure unbiased
results.
Results: Receiver-operator-curves and Kaplan-Meier analysis showed that
changes in texture and TPV combined provided the best predictor of vascular
events. In multivariate Cox regression changes in plaque texture (median HR=1.4,
p<0.001) and TPV (median HR=1.5 per 100 mm3, p<0.001) were both significant
predictors, whereas the Framingham risk score was not.
Conclusions: Changes in both plaque texture and volume are strongly predictive
of vascular events. In high-risk patients 3D ultrasound plaque measurements
should be considered for vascular event risk prediction.
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6.1 Introduction

There is an urgent need for rapid, reliable and cost-effective methods to monitor patients
who are at high risk for major adverse vascular events. In other words, new ways to monitor
patients at risk are important to target treatment to the right patients for preventing vascular
events [171]. Ultrasound (US) is a relatively inexpensive, and widely available imaging
method for quantitative measurements of the carotid artery wall including intima-media
thickness (IMT), vessel wall volume, plaque burden and both echogenic and echolucent
plaque. For example, ultrasound measurement of IMT is widely used to measure arterial
wall thickness abnormalities. Although in some populations it predicts vascular risk, IMT
and IMT progression do not strongly predict vascular events [47, 122]. On the other hand,
carotid plaque burden measures such as total plaque area (TPA) or total plaque volume
(TPV) and their changes over time may provide stronger predictors of events [229]. It has
been shown that these can be reliably and relatively easily measured [4, 111].

In addition to the presence and volume of carotid plaque, the presence of a large lipid
core or intraplaque hemorrhage is believed to destabilize plaque, while calcifications
have a stabilizing effect [104, 160, 167, 168, 188]. It is in this context that carotid US
measurements of plaque texture analysis have been developed. A relationship between
the amount of lipid present in a plaque and US texture has been determined [51, 236].
Most studies have focused on the degree of echogenicity of plaques using the fact that
lipid and hemorrhagic areas are more echolucent while calcified and fibrous areas are
echorich [110]. US echogenicity has been shown to differentiate between symptomatic and
asymptomatic subjects [64] and has been used to predict events [69, 94, 116, 135, 149]. An
approach that incorporates higher-order texture parameters may provide more insight into
the underlying tissue properties and has been used in several studies as well [2, 35, 109]. In
previous studies, more complex, higher-order texture measures were shown to differentiate
accurately between symptomatic and asymptomatic subjects [2], and performed better
than a set of plaque shape parameters [35]. In addition, they provided a higher predictive
value for events than a combination of a history of events and plaque parameters such as
plaque area and gray scale median [109].

In addition to single time-point measurements, progression of TPV was a strong predictor
of events [229], and changes in plaque texture were more sensitive to statin-induced effects
than changes in TPV [16]. Based on all these findings, we hypothesize that plaque volume
change over time is related to changes in plaque composition and plaque vulnerability and
perhaps subsequent vascular events. Therefore our goal is to develop a novel methodology
for three-dimensional US (3DUS) plaque texture measurements and determine: 1) if plaque
texture and changes in plaque texture are predictive of vascular events and 2) if the
combination of changes in plaque texture and volume improve prediction of events in high-
risk patients.

6.2 Materials and Methods

Study population, image acquisition and plaque volume annotation have previously been
described in Wannarong et al. [229].



Carotid ultrasound plaque texture 75

6.2.1 Study Population

Patients with a history of risk factors such as hypertension or hyperlipidemia, or with a
history of vascular events, that were being followed up in the Stroke Prevention Clinic or the
Premature Atherosclerosis Clinic at the University Hospital, London, Canada, were enrolled
in the study. The inclusion criteria included a baseline plaque area between 40 and 600
mm2, measured by 2DUS as previously described [182]. Participants with a stenosis≥70% as
measured by Doppler US were excluded and all subjects provided written informed consent
to a protocol approved by the Western University Human Ethics Research Board.

6.2.2 Follow-up for Outcomes

Participants were followed up to five years. They were annually questioned about vascular
events during the previous year, and events reported were confirmed by review of the hos-
pital electronic record. If participants had died, death and cause of death were confirmed by
the primary care physician. Myocardial infarction, TIA, stroke, revascularization (stenting,
bypass, endarterectomy of any artery) and death were reported.

6.2.3 Ultrasound Acquisition

3D US scans (most common voxel size 0.21×0.21×0.21 mm, mean 0.21×0.21×0.33 mm)
of both carotid arteries were acquired of all patients at baseline and after one year; the
duration of followup was (median [range]) 364 [226-897] days. The ultrasound transducer
(L12-5, 50 mm, Philips, Bothel, WA) was moved along the neck of the patient for 4.0 cm in
8 seconds, imaging ∼30 slices/s. Video frames were digitized using 3DEchotec equipment
(General Electric Medical Systems, Halbergmoos, Germany) coupled to the ATL HDI 5000
scanner. The acquired 2D images were reconstructed immediately into a 3D US image
(3DQuantify, Robarts Imaging Laboratories, London, Canada).

6.2.4 Total Plaque Volume

For plaque delineation the 3D US image was displayed using 3D viewing software (3DQuan-
tify, Robarts Research Institute, Western University, London, Canada). TPV was semi-
automatically measured [27, 111] in all scans by one observer (T.W.) who was blinded to
the time point (baseline or follow-up). For each plaque, a plane in the longitudinal view
which best visualized the plaque was selected for defining the end points of the plaque. At
25%, 50% and 75% of its length perpendicular to the long axis the boundary of the plaque
was annotated. These boundaries, together with the two end points, were used to create a
volume by creating a polyhedron that connects the boundary points. The TPV of all plaques,
of both arteries, per patient were added to obtain one value per patient per time point.

6.2.5 Texture Analysis

A set of 376 texture measures from 9 different texture techniques was calculated. Most of
the texture measures have previously been used in studies on 2D [2, 35, 109] and 3D [16]
carotid US. Our parameter settings were based on these studies, but texture measures are
calculated for all three imaging planes, or for the complete plaque volumes. An overview is
provided in Table 6.1. The texture measures were implemented in Matlab (Matlab R2011B,
The MathWorks Inc., Natick, MA). More details can be found in the appendix (page 84).
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Table 6.1: A list of texture measures that were used in the analysis. A more detailed description can be
found in the appendix (page 84)

Method Number of features
Gray level distribution [16] 34
Gray-level co-occurrence matrix [75] 78
Gray-level run length matrix [62] 60
Gray-level difference matrix [234] 12
Neighbourhood gray tone difference matrix [10] 10
Laws texture [113] 105
Local Binary Pattern [140] 27
Gaussian Filter Bank [179] 24
Structure Tensor [233, Chapter 4] 20

Before calculating texture measures, the images were normalized. For each image the 10th

and 90th percentile of the imaged volume were fixed and intensities were linearly scaled
with these values.

Texture was calculated for the annotated plaque volumes in both arteries. For each measure
the average of the left and right artery was calculated by weighting the two values by the
plaque volumes, to obtain one value per patient for each measure, at both baseline and
follow-up subsequently. For seven cases with no plaque in the 3D ultrasound at baseline,
baseline texture was taken as the mean of all other subjects at baseline. Texture measures
were normalized by setting the mean of all subjects to 0 with a standard deviation of 1 for
each measure.

Sparse Cox regression was used to combine the 376 texture measures into one texture-
based risk indicator, using the glmnet toolbox [58, 172] for R [150]. With sparse regression, a
penalty term promotes the reduction of the number of parameters in the model, leaving
only the strongest predictors. In our experiments we fixed the number of remaining
parameters in the model to five, due to the relatively low number of events.

To ensure unbiased parameter selection, experiments were performed by 10-fold cross-
validation, so subjects were divided over 10 equal-sized groups with the event incidence
equally divided over those 10 folds. Within cross-validation experiments the model for
combining texture measures was built on 9 of the 10 folds, and used to calculate the hazard
ratio (HR) for the subjects in the 10th fold. This was repeated 10 times with each fold left out
once, to obtain an HR for each subject. This HR was used as the texture-based risk indicator.
This was carried out both for the 376 baseline texture parameters, and for 376 texture
change parameters, calculated by subtracting baseline texture from follow-up texture.

To combine two or more parameters (texture/TPV baseline/changes) a Cox model was
built using only those parameters. This was done using the same 10-fold cross-validation:
both the model to combine the texture measures into one risk parameter, and the model
to combine parameters was developed on 9 folds and evaluated on the 10th . All cross-
validation experiments were repeated five times, to evaluate stability of the procedure.

6.2.6 Statistical analysis

Due to non-normality of the studied parameters continuous variables are given as median
and interquartile range (IQR), and Kruskal-Wallis testing was used to test for differences
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between groups. For categorical variables a χ2 test was used to compare groups.

The predictive value of the studied parameters was evaluated by receiver-operating char-
acteristic (ROC) analysis, Kaplan-Meier analysis, and Cox regression where besides texture
change and TPV change a number of clinical parameters were included. For ROC analysis,
the area under the curve (AUC) was determined for baseline texture, texture change, base-
line TPV and TPV change and combinations of those four measures. To test for statistical
differences the HRs of the 5 repetitions were averaged for all parameters, except TPV and
TPV change. ROC curves were compared using DeLong tests for correlated curves. Further
analyses focused on change in texture and TPV, and the combination of those two. Kaplan-
Meier curves were made after dividing the participants in tertiles: low-risk, medium-risk
and high-risk subjects, based on ranking subjects by increasing TPV or texture change (HR).
The difference between the tertiles was tested for statistical significance by log rank tests. In
addition, the hazard ratio of the high-risk group with respect to the other two groups was
determined by Cox regression. In this regression analysis a binary indication of high-risk
versus low-or-medium-risk was used rather than continuous values.

To evaluate the potential effects of the ultrasound-derived texture measure in combination
with covariates that were previously shown to be predictive, Cox regression was performed
on all patients with predictors change in TPV, change in plaque texture and the extended
Framingham risk score [40]. The extended Framingham risk score predicts general cardio-
vascular disease risk, based on age, sex, HDL and total cholesterol, systolic blood pressure
(treated or untreated), smoking and diabetes. Due to skewness of the texture measure, the
logarithm of this measure was used. The full model was compared to the model without
texture change, and the model without TPV change, using a log-likelihood ratio test.

In all experiments participants who experienced MI, TIA, stroke or death due to vascular
events during followup were considered as positive for vascular events. Statistical analysis
was performed using both R (Sparse Cox regression, ROC and Kaplan Meier analysis) and
SPSS software (full Cox regression models and likelihood ratio tests).

6.3 Results

6.3.1 Patient characteristics

In total 349 patients were enrolled in the study. After excluding patients with at least one
unsuccessful US, or neither measurable plaque in 3DUS at baseline nor at follow-up, 298
patients were eligible for US analysis. During follow-up (median [range] 3.12 [0.77-4.66])
years) 27 of these subjects experienced a vascular event, of which nine had a stroke, eleven
a Transient Ischemic Attack and seven a myocardial infarction. Two subjects died due to
the adverse event. Baseline patient characteristics, for patients with and without an event
during follow-up are provided in Table 6.2.

6.3.2 Texture measures

In Figure 6.1, two of the strongest texture measures (when considering change) are shown
for a single patient. These two measures were most often selected by Cox regression: 49
and 48 out of 50 times. The two plaques in this vessel are different in appearance, which is
reflected by the two texture images. Table 6.3 provides the six most often selected texture
measures as selected by sparse Cox regression, alongside with texture change and TPV
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Table 6.2: Baseline characteristics

No event (n=271)∗ With event (n=27)∗ p-value†
Age 70 (64-77) 75 (64-80) 0.30
Male 58% 52% 0.54
Systolic blood pressure (mmHg) 134 (122-149) 131 (114-142) 0.11
Diastolic blood pressure (mmHg) 74 (66-82) 69 (62-78) 0.17
TPV (mm3) 273 (191-437) 253 (119-422) 0.21
Stenosis (%) 40 (40-50) 40 (40-40) 0.26
Body Mass Index 27.9 (25.5-31.5) 29.0 (25.3-31.8) 0.96
Smoking (never, quit, still smoking) 36% - 56% - 8% 33% - 48% - 19% 0.74, 0.45, 0.06
Smoking pack-years 5 (0-24) 15 (0-28) 0.34
Total cholesterol, mmol/L 3.9 (3.4-4.7) 4.1 (3.5-4.9) 0.35
HDL cholesterol, mmol/L 1.3 (1.1-1.7) 1.3 (1.1-1.8) 0.85
LDL cholesterol, mmol/L 1.9 (1.5-2.5) 2.1 (1.5-2.6) 0.30
Triglycerides, mmol/L 1.2 (0.9-1.7) 1.1 (0.9-1.8) 0.77
Diabetes Mellitus 21% 19% 0.79
Previous stroke 22% 33% 0.19
Previous TIA 42% 56% 0.18
Previous MI 14% 26% 0.11
Previous endarterectomy 7% 4% 0.48
Previous carotid angioplasty 1% 4% 0.26
Previous peripheral artery angioplasty 1% 4% 0.26
Previous coronary angioplasty 7% 11% 0.44
Coronary Artery Bypass Graft (CABG) 10% 15% 0.47
Taking antihypertensive drug 89% 93% 0.52
∗ Continuous variables are given as median (interquartile range); categorical variables are given as
percentages.
† p-values using Kruskal-Wallis testing for continuous variables and using χ2 testing for categorical
variables.

change, and their values in patients who do or do not experience a vascular event for
reference. In practice only these strongest texture parameters need to be calculated, upon
which the risk parameter can be determined and compared with reference values.

6.3.3 ROC analysis

In Figure 6.2A four ROC curves are shown for baseline TPV (AUC=0.57) and TPV change
(0.72), and for baseline texture (0.68±0.01) and texture change (0.74±0.02) averaged over
five repeated cross-validation experiments. Figure 6.2B shows ROC curves when two or
more features are combined: AUC is 0.71±0.02 for the combination of baseline and change
in TPV, 0.75±0.03 for baseline and change in texture, 0.66±0.02 for baseline texture and
TPV, 0.78±0.02 for changes in texture and TPV, 0.78±0.01 for baseline texture and change
in TPV, 0.79±0.02 for baseline texture and changes in texture and TPV, and 0.78±0.02 for all
4 parameters: baseline and change in texture and baseline and change in TPV.

After averaging over 5 repetitions, the AUCs of baseline and change in texture were
significantly different (p<0.05), as were texture change and TPV change (p<0.01). The
combination of texture and TPV changes was, however, not significantly different from
texture change (p=0.24). Still, for further results we focus on TPV change, texture change,
and their combination.
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Figure 6.1: Texture for two plaques in the same vessel with a different appearance. In a total of 50
runs of sparse Cox regression (5 times 10-fold cross-validation) on changes in texture, Laws EER was
selected in the model 49 times, and Laws SSR 48 times.

6.3.4 Kaplan-Meier

Figures 6.3-6.5 show Kaplan-Meier curves for TPV change, texture change and their com-
bination. The difference between the high-risk and low-risk tertiles was significant for
all experiments (p=0.01 for TPV change, p≤0.003 for texture change and p≤0.001 for
the combination), the difference between the medium-risk and high-risk tertile in 3 out
of 5 repetitions for texture change (p≤0.012) and in all repetitions for the combination
(p≤0.012), and the difference between the low-risk and medium-risk in 1 out of 5 repetitions
for both texture change (p<0.05) and the combination (p<0.05).

Comparing the high-risk tertile to the combined low-risk and medium-risk tertiles with Cox
regression, showed a HR of 2.3 (p=0.03) for TPV change, 4.3 (2.7-6.4) (median, range) with
p<0.001-0.01 for texture change, and 6.2 (4.2-7.9) with p<0.001 for the combination.

6.3.5 Cox regression

Table 6.4 shows the results for Cox regression with TPV change, texture change and the
Framingham risk score. Both TPV change and texture change were significant predictors

Table 6.3: Overview of the texture measures that were determined to be most predictive, for the groups
with and without events during follow-up.

No event (n=271) With event (n=27) p-value∗
(median(range)) (median(range))

TPV change (mm3) 21 (-53 − 77) 80 (29 − 170) 0.0002
Texture change: mean of Laws EER -0.13 (-0.61 − 0.41) 0.50 (0.08 − 1.26) 0.0005
Texture change: NGTDM Coarseness (bins of
1)

-0.06 (-0.63 − 0.53) 0.49 (0.02 − 1.20) 0.0013

Texture change: mean of Laws SSR 0.11 (-0.31 − 0.42) -0.35 (-0.85 − -0.05) 0.0004
Texture change: mean of Laws SSS 0.00 (-0.38 − 0.47) -0.53 (-0.96 − 0.06) 0.0002
Texture change: NGTDM Contrast (bins of 1) 0.02 (-0.27 − 0.29) -0.32 (-1.33 − 0.15) 0.0061
Texture change: GLCM in axial plane, stan-
dard deviation of correlation (bins of 10)

0.13 (-0.53 − 0.58) -0.56 (-1.08 − 0.04) 0.0014

Texture change: risk parameter † 0.97 (0.82 − 1.14) 1.24 (1.05 − 1.46) 0.00005
∗ Kruskal-Wallis test
† HR after combining 5 measures of texture change. The given result is the median over the five
experiments with different cross-validation folds.
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Figure 6.2: ROC curves for the prediction of vascular events. Black bars represent the standard
error over 5 repetitions. A) Area under the curve (AUC) is 0.0.57 for baseline TPV, 0.68±0.01 for
baseline texture, 0.72 for TPV change and 0.74±0.02 for texture change. B) AUC is 0.71±0.02 for the
combination of baseline TPV and TPV change, 0.75±0.03 for baseline texture and texture change,
0.66±0.02 for baseline texture and TPV, 0.78±0.02 for texture and TPV change, 0.78±0.01 for baseline
texture and TPV change, 0.79±0.02 for baseline texture and texture and TPV change, and 0.78±0.02
for all 4 parameters: baseline texture and TPV and texture and TPV change. Legend: BL=Baseline,
∆=Change.

of stroke, TIA and MI, while in this dataset the Framingham risk score was not. The log-
likelihood ratio tests indicated that the full model was significantly better than the model
excluding texture change, and the model excluding TPV change (all p<0.01). Subanalysis in
Table 6.5 shows that when only stroke and TIA are considered as events, TPV change and
texture change remain the only significant parameters in the model.

6.4 Discussion

This study compared the predictive value for vascular events of texture and TPV derived
from 3D carotid ultrasound. The change in 3DUS texture characteristics over time was a

Table 6.4: Results for Cox regression. For texture change and for the full model the hazard ratios and
p-values are given with median and range over 5 repetitions of calculating the texture-based risk
indicator.

Individual model Full model
p-value Hazard ratio p-value Hazard ratio

Parameter (median(range)) (median(range)) (median(range)) (median(range))
Texture change (per 0.1
change in log(HR))

<0.001 1.4 (1.3-1.5) ≤0.002 1.4 (1.3-1.5)

TPV change (per 100 mm3) <0.001 1.5 ≤0.001 All 1.5
Framingham risk score 0.31 1.1 0.17 (0.14-0.19) All 1.1
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Figure 6.3: Kaplan-Meier curves for event-free survival for three tertiles of TPV change. The number
of events per tertile, as median (range), is given for the 3 different models. P-value for high-risk vs. low
risk is 0.010, for high-risk vs. medium-risk 0.227 and for low-risk vs. medium-risk 0.165.

stronger independent predictor than both baseline texture and changes in TPV over one
year. Both texture and TPV change remained significant predictors after adjustment for the
Framingham risk score. The full model was significantly better than the model including
only TPV or texture change and the Framingham risk score.

The predictive value of TPV change [229], and baseline texture [109] have both been
investigated previously, but to our knowledge this is the first study to consider changes in
texture and to combine texture change and TPV change for risk stratification of patients over
time. Texture change was more predictive of events than baseline texture, which suggests
that plaques that are changing faster impose a higher risk on patients than plaques that are
stable in texture and by analogy, stable in composition. This notion is also supported by
the observation that in our analysis, for all texture measures that were selected, the median
change is closer to zero for patients not experiencing an event than for those who do (Table
6.3).

In a previous study where statin-induced changes were better reflected by texture change
than by TPV change [16], Laws texture measures performed best, which is similar to our

Table 6.5: Results for Cox regression in a subanalysis in which only stroke and TIA were considered as
positive end points for events. The hazard ratio and p-value for all parameters are given with median
and range over 5 repetitions of calculating the texture-based risk indicator.

Parameter p-value Hazard ratio
(median(range)) (median(range))

Texture change (per 0.1 change in log(HR)) ≤0.003 1.4 (1.3-1.5)
TPV change (per 100 mm3) ≤0.007 1.5 (1.4-1.5)
Framingham risk score 0.87 (0.83-0.94) All 1.0
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Figure 6.4: Kaplan-Meier curves for event-free survival for three tertiles of texture change. The 5
curves show the 5 repetitions of the experiments with texture. The number of events per tertile, as
median (range), is given for the 3 different models. P-value for high-risk vs. low risk is ≤0.003 for all
repetitions, for high-risk vs. medium-risk 0.001-0.151 and for low-risk vs. medium-risk 0.033-0.332.

findings. Moreover, NGTDM coarseness was important in our study, and was among the
best measures in previous work that showed the discrimination between symptomatic and
asymptomatic patients [35].

Our findings can be used both for patient monitoring and evaluation of therapies. The
present study shows that including plaque texture in the monitoring of patients contributes
to improved risk assessment using ultrasound. A yearly follow-up including ultrasound in
an atherosclerosis clinic is practically feasible [183]. More regular follow-up of high-risk
patients would be possible to enable adjustment of therapy in a more timely fashion. Ad-
justing patient treatment based on changes in plaque area instead of traditional risk factors
was already shown to significantly reduce the number of vascular events. [181]. Including
changes in TPV and texture could further improve effectiveness of patient management. In
addition, cost-effective measurements are needed to evaluate newly developed therapies,
where imaging parameters will be a good secondary endpoint as an alternative to the
number of events for which larger studies and longer follow-up are required.

When myocardial infarction was left out as an endpoint, no relevant changes in the hazard
ratio of both texture change and TPV change were observed in Cox regression. Although the
number of myocardial infarctions was too small to study the effect for MI only, this suggests
that carotid artery US may be used topredict risk for stroke/TIA and MI. This supports the
notion that vascular disease is systemic, and that carotid atherosclerosis may accurately
estimate and reflect disease in other vessels [90, 185].

A limitation of this study is the relatively small number of events. However, the finding
that TPV change and texture change are both significant predictors of events even in
this relatively small dataset supports the use of such US-derived measures compared to
traditional risk factors. It should be noted that these results hold only for subjects with
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Figure 6.5: Kaplan-Meier curves for event-free survival for three tertiles of TPV change and texture
change combined. The 5 curves show the 5 repetitions of the experiments with texture. The number
of events per tertile, as median (range), is given for the 3 different models. P-value for high-risk vs. low
risk is ≤0.001 for all repetitions, for high-risk vs. medium-risk ≤0.012 and for low-risk vs. medium-risk
0.031-0.999.

identified carotid atherosclerosis, which is a clinically relevant population. Additionally,
the sensitivity of the proposed method to the used imaging equipment and settings has
to be evaluated. Finally, it is important to acknowledge that in order to incorporate plaque
texture into clinical practice and large clinical studies, automated analysis will be required.
In the present study, plaque volumes were segmented semi-automatically, but automatic
methods are also available [33] which will help facilitate translation to clinical practice.

6.5 Conclusion

Change in US plaque texture and volume are predictors of vascular events in patients in
whom traditional risk factors are not. These measures can be used in clinical practice
as a cost-effective way to monitor high-risk subjects, or as an evaluation measure in the
development of new therapies.
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Appendix: Texture descriptors

Here we provide a more detailed description of the texture measures that have been
included in the study. For each group of measures we summarize the settings that were
used and provide a complete list of these measures. Before calculating the measures the
images were normalized by setting the 10th percentile of the intensity in the imaged volume
to 10 and the 90th percentile to 150. Texture was calculated for all 3D plaque regions in
both carotid arteries, and the texture of the left and right artery were averaged by taking
the weighted average with respect to plaque size, to obtain one value per patient for each
measure.

Gray level distribution (GLD, 34 measures)

GLD measures were calculated from all voxels within the plaque regions. Our selection
of measures was based on Awad et al. [16]. The selected measures were mean, standard
deviation, median, minimum, maximum, entropy, mode, energy, the first 7 standardized
moments around the mean, a normalized histogram of 20 bins ranging from 0-500, and the
histogram bin with the highest count.

Gray-level co-occurrence matrix (GLCM, 78)

GLCM measures as introduced by Haralick et al. [75] measure the joint probability of
pairwise combinations of image gray levels. In this paper co-occurences with a distance of
1 pixel were calculated in horizontal, vertical, and diagonal orientations (θ = 0, 45, 90, 135)
for intensity bins with width 10. For the axial, coronal and saggital plane one co-occurence
matrix was made that included all slices, and the mean and standard deviation of the 4
orientations were calculated per plane for 13 measures [75, 178]: autocorrelation, contrast,
correlation, cluster prominence, dissimilarity, energy, entropy, homogeneity, maximum
probability, sum average, sum entropy and two information measures of correlation

Gray level run length (GLRL, 66)

GLRL considers ‘runs’, which are defined as a set of consecutive pixels with the same gray
level value [62] and of which the length is the number of pixels in that run. For the present
paper, runs with θ = 0, 45, 90 and 135 were calculated in the axial, coronal and saggital
plane. For each plane the following measures were calculated and averaged over the four
orientations: Short run emphasis, long run emphasis, gray level non-uniformity, run length
non-uniformity, run percentage, low gray level run emphasis, high gray level run emphasis,
short run low gray level emphasis, short run high gray level emphasis, long run low gray
level emphasis and long run high gray level emphasis. All measures were calculated for both
intensity bins of width 5 and 20 and implemented using the toolbox by Wei [232].

Gray level difference matrix (GLDM, 12)

GLDM [234] calculates the absolute difference between neighbouring pixels. We used a
distance of 1 pixel, and calculated the mean over 4 orientations (θ = 0, 45, 90, 135), for 3
planes (axial, coronal, saggital). For each plane the mean, contrast, angular second moment
and entropy were calculated.
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Neighbourhood gray tone difference matrix (NGTDM, 10)

NGTDM was developed to calculate five measures related to human perception: coarse-
ness, contrast, busyness, complexity and strength [10]. We calculated the mean difference
with the surrounding voxels in a 3D 26-neighbourhood, for intensity bins of 1 and 10, and
calculated the five measures for both these settings.

Laws texture (105)

Laws developed texture energy measures by convolution of the image with 1D kernels [113].
We combined five 1D kernels to study 3D texture: [1 4 6 4 1] (Level, L), [-1 -2 0 2 1] (Edge, E),
[-1 0 2 0 -1] (Spot, S), [1 -4 6 -4 1] (Ripple, R) and [-1 2 0 -2 1] (Wave, W), which created 125
3D kernels: LLL, LLE, etc. After convolution, we calculated the mean, absolute mean and
standard deviation over the region of interest, and averaged measures of rotated kernels,
such as LLE, LEL and ELL, or LES, LSE, ELS, ESL, SEL and SLE. This gave 35 kernels with
three measures each.

Local Binary Pattern (LBP, 27)

The original 2D implementation of LBP measures the homogeneity of texture by determin-
ing the number of transitions from intensities higher than each central pixel to intensities
lower than that central pixel [139, 140]. We applied a 3D adaptation where we determined
the number of ‘regions’ higher or lower in intensity around each voxel in a 26- and a 98-
neighbourhood. Measures were the mean and standard deviation of the number of regions
in both the 26- and the 98-voxel neighbourhood, a normalized histogram of 1 up to 6 and >6
areas for the 26-neighbourhood, and 1 up to 15 and >15 areas for the 98-neighbourhood.

Gaussian filter bank (24)

We applied 3D Gaussian filters to calculate blurred intensity, gradient magnitude, Laplacian
and curvature at 3 scales: 0.16 mm, 0.32 mm and 0.64 mm. As measures we used the mean
and standard deviation of these measures over the regions of interest [179].

Structure tensor (20)

The structure tensor [233] measures coherence in an image. From the 3D structure tensor
we calculated the fractional anisotropy, the 3 eigenvalues and the determinant, and calcu-
lated the mean and standard deviation over the regions of interest [Chapter 4]. We applied
two different scales: an inner scale of 0.16 mm with an outer scale of 0.48 mm, and an inner
scale of 0.32 mm with an outer scale of 0.80 mm.





7Chapter
Summary and Discussion

In this thesis a variety of image analysis techniques for characterization of the atheroscle-
rotic vessel wall in multimodal images have been developed and evaluated. Here we provide
a summary of the main results, followed by a discussion and view on future perspectives.

7.1 Summary of contributions

7.1.1 Plaque characterization with histological reference

The first part of this thesis (Chapters 2-3) focused on the development of automated
segmentation algorithms for plaque components in the carotid arteries, by using registered
histology and µCT as a ground truth for training and evaluation. Compared to previous
studies on plaque component segmentation that use histology as a reference, we used
registration with a 3D histology stack instead of manual matching of selected 2D slices. This
allows for a more accurate alignment since the rotation angle between MR imaging and
histology sectioning can be accounted for. A previously proposed registration framework
[68] for creating this histology stack, and 3D registration with ex vivo MRI and µCT, and in
vivo CTA was used for the studies in this thesis.

Chapter 2 made use of this dataset and focused on the development of voxel classification
methods for segmenting ex vivo MRI. The images features distances to the wall, Gaussian
smoothing, gradient magnitude and Laplacian at multiple scales, improved segmentation
accuracy compared to using only normalized MR intensities. Good results for quantification
of calcification, lipid-rich necrotic tissue and fibrous tissue were obtained with respect
to histology and µCT. The classifier using all features performed significantly better than
previously used subsets of features. In addition, we obtained slightly higher accuracies
using 3D registration than using 2D slice-matching and registration, suggesting that a
more accurate registration by taking rotation into account may be important for accurate
classifier training. The difference was not statistically significant, which may have been
caused by the limited number of specimens and the relatively small imaging angle between
ex vivo MRI and histology compared to in vivo MRI.

In Chapter 3 we performed plaque component segmentation in a combination of in vivo
MRI and CTA. The same methodology and 3D-registered dataset as in Chapter 2 were used.
We added registration of in vivo MRI to the framework presented in Groen et al. [68], and
made a few small improvements to the framework that improved the overlap of the in vivo
data with histology. However, still no perfect voxelwise correspondence, which is needed
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for training an accurate classifier, was obtained. To compensate for this, we developed and
evaluated three ways of sample weighting for classifier training. When all samples were
used without taking registration errors into account, good correlations between estimated
relative plaque components volumes and the ground truth were found, but the size of
the lipid-rich necrotic core was largely underestimated. Using the LDC classifier, two
approaches decreased this bias: 1) when the ground truth segmentations were blurred
to obtain soft labels indicating uncertainty at tissue boundaries, combined with sample
weighting based on the Dice overlap of the vessel wall in histology and the in vivo data
per slice, and 2) with Gaussian outlier rejection. However, only outlier rejection decreased
the absolute error of the segmented component volumes. With non-linear SVM weighting
samples individually based on local registration error measured as local contour distance
yielded best results. The overall best method was LDC with Gaussian outlier rejection, which
yielded results with good accuracy for volume quantification of all studied components.

In addition we showed that a combination of CTA, which can accurately segment calcifica-
tion, and MRI, which accurately discriminates between lipid and fibrous tissue, yields good
results for all three tissue types. Since CTA is commonly used to image symptomatic patients
when they enter the hospital, and MRI can better image plaque components related to
increased vulnerability, it can be advantageous in clinical practice to image these high-risk
patients with both CTA and MRI.

7.1.2 Histology segmentation

Chapters 2 and 3 relied on manual histology segmentations for ground truth generation.
This is a very time-consuming process, which is why in Chapter 4 we focused on auto-
matically segmenting histology sections. We performed fully automatic segmentation by
training on independent data, and semi-automatic segmentation for which we trained a
specimen-specific classifier on 1 or 2 selected slices for each specimen. Fully automatic
segmentation yielded good results for fibrous and lipid segmentation, but low sensitivity for
necrotic tissue. Semi-automatic segmentation resulted in increased sensitivity for necrotic
tissue, whose appearance varied the most between different specimens. However, the
overall accuracy was not significantly different between automatic and semi-automatic
segmentation.

These (semi-) automatic segmentations were used to train algorithms to segment ex vivo
MRI and in vivo MRI and CTA data as presented in Chapters 2 and 3. For lipid-rich necrotic
core volumes large errors were found in both ex vivo and in vivo data. This can be attributed
to undersegmentation of necrotic tissue in the automatically segmented histology sections.
However, the semi-automatically segmented histology sections yielded equally good MRI
segmentations as manual histology segmentations.

7.1.3 Multi-center MRI segmentation

Whereas in Chapters 2-4 we used one dataset that was created with the same protocol,
in Chapter 5 we studied the accuracy of plaque component segmentation in a multi-
center study with carotid MRI scans acquired in two different medical centers. We used
manual MRI annotations instead of histology sections as the ground truth reference. We
used the same classifier and Gaussian filter bank MRI features as in Chapter 3, only the
acquired MR sequences were not exactly the same. When training two separate classifiers
for the two centers by training on labelled same-center data, for both centers we obtained
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segmentations of fibrous tissue, lipid tissue, calcification, and intraplaque hemorrhage with
similar agreement with a manual segmentation as the inter-observer agreement.

Directly applying a classifier trained on data from one center to data from the other center
performed well in one direction, but yielded large errors in the reverse direction. We
evaluated two approaches to improve this transferability of plaque-component classifiers
developed on data from one center or scanner, to data from a different source. Firstly, an
extensive feature normalization method that performs histogram stretching by adaptive
histogram binning, largely improved transferability in the case where directly applying
the different-center classifier with only image intensity normalization gave large errors.
Secondly, we applied transfer learning algorithms, and assumed that a small set of man-
ually labelled slices from the same-center data was available. These algorithms perform
weighted classification in which samples from same-center data receive a larger weight than
different-data samples. This yielded an overall error that was not significantly different from
same-center training.

7.1.4 Ultrasound texture analysis

In Chapter 6 we focused on the analysis, and predictive value for vascular events, of 3D
carotid ultrasound. Ultrasound is widely available and relatively cheap, so it is more feasible
for widespread clinical use. In this study we did not segment plaque components individ-
ually, but instead characterized plaque vulnerability by studying the average texture of all
plaques present. A large set of texture features was extracted for patients with known carotid
atherosclerosis, at two time points with an interval of one year. Using cross-validation
the most predictive features for vascular events (stroke, TIA, myocardial infarction) were
selected by sparse Cox regression. We showed that changes in texture are more predictive
than baseline texture, and that the combination of change in texture with change in plaque
volume improves prediction of risk for vascular events. Although this study was performed
in a relatively small cohort of 298 patients, ultrasound-derived features were shown to be a
better risk-indicator than the Framingham risk score for general vascular disease.

7.2 Discussion

In this discussion we first discuss the contributions of the work described in this thesis,
in relation to each other and to the literature. We will then look a bit further and put our
contributions in perspective of related topics that were not directly part of this thesis,
and discuss future perspectives regarding both methodological developments and the
translation to clinical practice.

7.2.1 Accuracy of plaque component segmentation

Plaque components that were studied in this thesis, i.e. calcification, lipid/necrotic core,
and intraplaque hemorrage, as determined from MRI or CT, are known to be related
to plaque vulnerability [70, 104]. We achieved calcification classification with very high
accuracy in ex vivo MRI in Chapter 2, but only with very low accuracy in in vivo MRI in
Chapter 3, and reasonable accuracy in Chapter 5. A possible explanation for the difference
in performance is that calcification spots are relatively small. High-resolution ex vivo images
can accurately image those spots, while in vivo imaging suffers more from partial volume
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effects. In addition, in Chapters 2 and 3 the ground truth was obtained from registered
histology data. Misregistrations have a larger effect on these smaller structures, which
can severely complicate classifier training. In Chapter 5 the ground truth was obtained
from manual segmentations. One center used the traditional approach in which different
MRI sequences are combined for detecting calcification. In the other center a dedicated
calcium MRI scan was made. Both methods resulted in reasonable volumes segmented
for calcification, with automatic accuracies comparable to inter-observer variability. This
suggests that MRI alone can be sufficient for calcium quantification, although CT remains
more sensitive and accurate.

For lipid-rich necrotic core classification, slightly better correlations with the ground truth
were obtained on the in vivo data compared to ex vivo MRI, which is probably owing to
the use of contrast-enhanced MRI which better visualizes this component. In Chapter 5 we
distinguished between lipid tissue and intraplaque hemorrhage, while in Chapters 2-3 any
hemorrhage present is most likely to be included in the lipid-rich necrotic tissue. As the
appearance of those components is quite different while LDC assumes each class to have
Gaussian distribution, separating them, or using a more flexible classifier, may yield more
accurate segmentation results. Moreover, intraplaque hemorrhage has shown to be a strong
individual predictor of events [70, 160]. Ota et al. [141] showed that the agreement between
MRI-determined hemorrhage and histology strongly depends on the imaging protocol
used, with the MPRAGE scan as used in Chapter 5 obtaining the best accuracy. Indeed,
in Chapter 5 we found a good agreement for the intraplaque-hemorrhage volumes for the
data from both centers. That segmentation of hemorrhage in these protocols was mainly
determined based on one image sequence, without the need to combine information from
different images that need to be registered, is an advantage for automatic segmentation of
this component.

We did not obtain accurate results for lipid-core segmentation when only using features
derived from CTA in Chapter 3. This is in line with previous studies that had difficulties
distinguishing fibrous and lipid tissue in CTA [45, 237]. However, it was recently shown that
when considering the change in intensity between early and delayed enhancement (with
an interval of 2 minutes), a much better relation with the amount of lipid or fibrous tissue
was found than when using intensity in early enhancement [85]. This can be interesting to
consider in future studies that compare imaging modalities.

7.2.2 Histology segmentation

We showed that automatic segmentation of histology sections can yield similar segmen-
tation results in ex vivo and in vivo data as manual histology segmentation. There are
a few things that need to be considered before automatic segmentation can be used
to fully replace manual segmentation. We did not study the interobserver variability for
histology segmentation. Moreover, it would be necessary to study how the results depend
on which slices are selected for training by different observers, and the resulting variability
in segmentation accuracy in the other imaging modalities.

In this thesis we studied training on different-specimen data and same-specimen data as
two mutually exclusive approaches. An approach similar to the transfer-learning methods
in Chapter 5 would be interesting to consider as well. A large set of samples from other spec-
imens is available (‘source data’), to which a few labelled samples from the new specimen
can be added as ‘target data’ to train on. In addition, instead of accurately segmenting full
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sections manually, indicating a small number of pixels for each class that are representative
for the entire specimen could yield accurate segmentations while requiring less user
interaction. To take this one step further, a fully interactive approach could be considered,
such as presented for foreground-background segmentation [155]. In our application more
samples can be added iteratively until the segmentation is deemed sufficiently accurate. In
Chapter 4 all histology sections were stained in one session using the same solutions for
staining. When sections stained during different sessions are considered image appearance
will be more variable, and the semi-automatic approach as presented in Chapter 4, or
methods using transfer learning, are likely to be even more advantageous.

7.2.3 Ultrasound texture analysis

Chapter 6 showed the advantage of including carotid ultrasound texture measures for risk
stratification. A number of improvements to this study can be considered. The current
analysis combined all plaques from both vessels to obtain one risk parameter. It would be
interesting to study if the single most vulnerable plaque can more accurately predict vas-
cular risk, as an event in practice is caused by rupture of one plaque. However, it is difficult
to determine which plaque has caused an event or is the most vulnerable. Previously the
possibility of plaque component segmentation with respect to histology has been studied
with moderate results [110]. With the inclusion of texture features better plaque component
quantification may be obtained than when using intensity only, especially for the lipid or
hemorrhagic tissue classes. In addition, contrast-enhanced ultrasound could enable the
segmentation or quantification of neovascularization. However, it is unlikely that accuracy
will be as high as with MRI because of a lower signal-to-noise ratio. In addition, acoustic
shadowing hampers the analysis of parts of the plaque that are behind calcifications.

It should be noted that this study included only patients with known plaque and a stenosis
<70% that were being followed in a stroke prevention clinic. Results may be more difficult
to interpret with regard to initial development of atherosclerosis or highly advanced disease
with stenosis degrees >70%. Currently medical treatment in the referred clinic is adjusted
based on change in plaque volume, but based on our results it is likely advantageous
to include plaque texture. To what extent the same accuracy can be expected on data
acquired with a different ultrasound probe and/or different settings has not been studied.
Images with a similar depth and resolution are generally similar in appearance. If necessary,
separate models could be trained for data obtained with different settings or probes, to
enable wide use in atherosclerosis monitoring.

In this thesis we did not study the predictive value of the obtained imaging parameters from
MRI and CTA for (cerebro-)vascular events. The same approach as presented in Chapter
6 can be used to perform studies on risk assessment using a variety of parameters. The
PARISk study [205, Chapter 5] aims to perform such an analysis in a longitudinal study in
which MRI, CTA and ultrasound are obtained for a large set of symptomatic subjects with
moderate carotid artery stenosis. Cox regression could show which parameters, obtained by
which imaging modality, are most predictive and promising for use in daily clinical practice.

7.2.4 Segmentation methodology

Except for the methods used in Chapter 6, the presented segmentation methods are voxel
classification algorithms. These algorithms have the advantage that complex models of
local image appearance can easily be derived from the data. A drawback is that they may
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lead to noisy segmentations. However, the results we obtained were usually quite smooth
with only few isolated voxels from different classes. This is probably related to the use
of Gaussian filters at scales larger than the voxel size. One way to obtain more visually
appealing segmentations would be to re-classify the few isolated voxels. Another option
is to impose more spatial regularization using a graph-cut [211] or level-set approach
[119], either directly on the images or on the posterior probabilities resulting from voxel
classification. However, as said the segmentations are already relatively smooth and we
expect that such changes in the methodology will have only a small effect on the estimated
component volumes. The linear discriminant classifier that we used is one of the simplest
and least flexible classifiers. Although the features used in this thesis generally did not fully
satisfy the underlying assumptions of Gaussianity and equal class covariances, more flexible
classifiers did not result in better segmentations in our experiments.

We have used both histology sections (Chapters 2-3) and manual annotations (Chapter 5)
as ground truth for classifier training. Both have advantages and disadvantages. Histology
sections enable very detailed and accurate assessment of plaque composition, which is an
advantage when exact quantification and localization is desired. However, histology sec-
tioning and staining is time consuming and subject to tissue deformations, both during ex-
cision and sectioning, which makes accurate registration with in vivo imaging challenging.
Calcification, lipid and intraplaque hemorrhage visualization in different MRI sequences
has extensively been validated with histology [159, 202, 243], and manual annotation can
therefore be used as a ground truth. Manual annotation has the advantage that it does
not require histology registration, and that it follows the image information better. This
at the same time is a disadvantage since the exact quantification of components may be
biased towards the imaging data, which for example results in the underestimation of lipid
core size in MRI compared to histology [136]. In addition, due to noise and differences
in interpretation variations between observers remain, as observed in Chapter 5. In such
situations histology-guided annotations [119] would be beneficial as this can for example
take away doubts on whether a certain area is calcified (dark in all sequences) or lipid (dark
in postcontrast and T2w). Depending on the situation the appropriate ground truth may be
defined. When presence of components, or a ranking of component volumes is sufficient,
for example to perform clinical risk stratification, manual annotations suffice. When exact
quantification is required, for example to determine which modality can most accurately
visualize a certain component, histology sections would be preferred.

7.2.5 Remaining challenges for segmentation algorithms

We have shown that plaque component quantification in MRI, possibly in combination
with CTA, and risk stratification from ultrasound is possible. In datasets for which a set of
similar images with an adequate ground truth is available, image segmentation algorithms
with good accuracy were developed. Results for volume quantification were good when
comparing with histology and similar to interobserver variability. Most critical aspects in
this respect seem image quality, imaging protocol, image normalization, and the need for
a representative and sufficiently large set of training images in which all components are
represented.

One issue with most current segmentation algorithms for carotid MRI is their limited ability
to perform well on different data. Therefore the current challenge for image analysis lies
mostly in the development of algorithms that are less sensitive to the specific dataset,
scanner vendor, and protocol settings used. This is relevant in both clinical practice, and
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in research where larger and larger datasets are required with as a consequence more
and larger multi-center studies. In CTA, owing to the Hounsfield scale, intensities across
different scanners are similar, and algorithms for lumen segmentation were used on data
from different scanners and scanner vendors [73]. In MRI there can be large variability
between images acquired in different sessions, or with different scanners. In addition, the
acquired image sequences in different carotid MRI studies varies greatly. A consensus on
what images to acquire would greatly facilitate standardized quantification.

Another approach to overcome variability between MRI acquisition is quantitative T1- or
T2-mapping in MRI. This provides absolute measurements of the T1 and T2 relaxation
times, which are intrinsic physical tissue parameters. This has been applied in both ex
vivo [46] and in in vivo MRI [18] plaque imaging. Major plaque components could be
differentiated in these initial studies. If these quantitative MRI techniques are shown to
be reproducible between centers and component segmentation has high accuracy this can
stimulate wide implementation of plaque imaging and image analysis in clinical practice.

Although standardization of imaging protocols has a great advantage, it is unlikely that
complete standardization will be reached. Differences between datasets, and between
acquisitions will remain. In addition, due to advances in technology the state-of-the-art
acquisition protocol will continuously change, and standardization is not possible in ret-
rospective studies. In Chapter 5 we evaluated whether previously developed segmentation
algorithms can be modified for use on new data when a limited amount of labels on the
new data is obtained. This study showed some promising initial results and it is expected
that research will continue in this direction. One interest for future research is to evaluate
methods that one beforehand, based on the data, can indicate whether a certain approach
will provide good results or not. In Chapter 5 whether adaptive histogram binning improved
results or not, and the best performing transfer-learning method were different between
the two centers. Several image similarity measures, or similarity of the probability density
functions (PDF) of the vessel wall, could be evaluated. For the methods in Chapter 5
one requirement is still that there is a direct link between the features from the different
datasets. In cases where this is not the case, as some features have a different ordering of
classes, or the number of available images is different, different options can be used. The
data acquisition parameters between studies could be compared to estimate which image
sequences are most similar. A more explorative way could be to compare images based
on the similarity of their PDF. A similar approach has been used to weight different-data
training images based on the similarity of the PDF with the target image to be segmented
[217]. If also the number of available images is different, it is possible to map different
feature spaces to a shared space using for example domain adaptation metric learning [63].

7.2.6 Imaging modalities

In this thesis we started with the analysis of ex vivo MRI. Although ex vivo is not used in
clinical practice, it can be useful in several situations. If accurate automatic segmentation
is available it can be used in studies on plaque composition or plaque vulnerability, since
much more detail can be seen than in in vivo MRI. Whereas ex vivo MRI is not as accurate
as histology, its good correspondence to histology has been shown in multiple studies
[38, 89, 170, Chapter 2] and could possibly replace labor-intensive histology processing and
analysis in certain situations. It can also be used as an input for biomechanical modelling
studies to assess the relation between plaque composition, tissue deformation and plaque
stresses [88, 99]. Lastly, the presented results on importance of features and 3D registration
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can be used for translation to in vivo MRI image analysis, as we did in Chapter 3.

This thesis has furthermore focused on the non-invasive imaging modalities MRI, CTA
and ultrasound. We showed that quantification of lipid-rich necrotic tissue, intraplaque
hemorrhage, and calcification is possible from MRI, and that CTA can be used to more
accurately quantify calcification. In addition, texture analysis from ultrasound can be used
to stratify patients for risk for vascular events. These different imaging modalities are
suitable for use at different stages of vascular disease.

Ultrasound is cheapest and most widely available and therefore most feasible for screening
and monitoring of patients with (suspected) carotid artery disease. Screening of asymp-
tomatic subjects with no risk factors is not recommended by clinical guidelines, but
might be considered to detect atherosclerosis in subjects with two or more risk factors
such as hypertension, hyperlipidemia, smoking, or family history of early atherosclerosis
or ischemic stroke [26]. The presence of atherosclerosis, for example by means of IMT
measurements, and stenosis degree by Doppler ultrasound, can then be determined. In
case of plaque presence, ultrasound can be used for monitoring patients on a regular basis
to determine whether a plaque is stable or progressing [26].

When presence of carotid artery disease has been confirmed by ultrasound, imaging by
CTA and MRI becomes relevant in symptomatic patients or patients with considerable wall
thickening. When intervention is considered, CTA or MRI can more accurately determine
the stenosis degree, and show possible vascular lesions that are not seen on ultrasound,
but are important for presurgical planning of intervention [26]. CTA imaging is faster and
can accurately detect calcification, which is a contraindication for stenting, but not for CEA
[17, 164] due to higher perioperative risk of complications. The advantages of MRI are a lack
of ionizing radiation and more accurate depiction of plaque components.

Another imaging modality that has not been discussed yet, is Positron Emission Tomogra-
phy (PET). As is discussed in more detail in the next section, PET imaging is most suitable
for imaging inflammation and macrophage activity. These parameters are also considered
important markers for plaque vulnerability [117]. Although PET alone would not be able
to quantify intraplaque hemorrhage and lipid core, PET-MRI has become available as an
experimental imaging modality [57]. Although these scanners are still very expensive, and
only currently used in a few centers for experimental studies, atherosclerosis imaging would
be a good application. The combination of PET and MRI would not only allow for imaging of
calcification, lipid and intraplaque hemorrhage, but also for macrophage activity. However,
due to high costs feasibility in clinical practice is doubtful until its superiority over especially
PET/CT has been proven for several applications, of which oncology and neurologic
disorders are most likely [79, 148].

7.2.7 Other imaging biomarkers

In addition to the plaque components studied in this thesis, there are other relevant plaque
characteristics that relate to plaque vulnerability. One of the parameters that predict plaque
rupture is a thin or ruptured fibrous cap [70]. In clinical MRI studies this is usually measured
as a disrupted or discontinuous signal between the lumen and lipid core. However, as
estimates for critical cap thickness are well below 1 mm [162], it is impossible to accurately
measure the thickness of a thin cap with resolutions achievable with current in vivo imaging
[136]. The segmentation results obtained in this thesis are therefore also not sufficient for
accurate cap thickness measurements. In order for cap thickness to be used as a parameter
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in clinical risk assessment, or for segmentations to be used as input to biomechanical
models to estimate cap stress, more accurate and smooth cap segmentations are required.
One way to achieve this would be to use contour optimization instead of, or in addition
to, voxel classification, to yield smoother segmentations. A method specifically designed
to extract the fibrous cap is more likely to yield accurate results. One option would be to
constrain the segmentation of a lipid core to be surrounded by fibrous tissue, like has been
done for lumen and outer wall segmentation [209]. Parameters can then be optimized based
on cap thickness accuracy. A different approach which may provide indirect information
on cap thickness would be to look at intensity profiles from lumen to lipid core and relate
those to cap thickness. However, these approaches would still be hampered by in vivo MRI
resolution.

Plaque inflammation, measured by the presence of macrophages, is related to plaque
development, progression and rupture [117]. Imaging of plaque inflammation has mostly
been done with [18F]-fluorodeoxyglucose (FDG) PET imaging [93]. Quantification of FDG
uptake was shown to be highly sensitive and reproducible [156]. Moreover, inflammation
as measured by PET was shown to decrease after high-dose statin use [191]. Limitations are
the relatively low resolution of PET imaging and the need for a registered anatomical image
such as CT or MRI.

Plaque inflammation has also been imaged with MRI. Contrast-enhanced MRI using an
ultrasmall superparamagnetic iron oxide (USPIO) agent was shown to result in reduced
signal intensity in T2*-weighted acquisitions at locations with macrophage presence [103,
203, 204]. Like with PET, also T2*-MRI has shown reduced macrophage activity after high-
dose statin use [189]. MRI has the advantage that it is easier to combine with imaging
of other plaque components in a multi-sequence MRI protocol, only at the expense of
increased scanning time. A disadvantage of this technique is a delay of 24-48 hours between
contrast administration and imaging.

Another feature of plaque vulnerability that received interest recently is intraplaque neo-
vascularization. These neovessels within the plaque are leaky and therefore increase the
amount of inflammatory cells and intraplaque hemorrhage presence [223]. Neovasculariza-
tion can be visualized by contrast-enhanced ultrasound [196]. The contrast agent consists
of microbubbles that can not leave the vasculature. Therefore microbubbles present in the
plaque directly visualize intraplaque neovascularization. In addition, contrast-enhanced
ultrasound enhances lumen visualization. Combination with B-mode ultrasound enables
more accurate segmentation of the carotid artery lumen [5].

7.2.8 Applicability to other vessels

The carotid artery was the focus of this thesis, but atherosclerosis develops in other arteries
as well. The other main arteries at risk are the coronary arteries, the aorta and the femoral
artery in the lower extremities. Since disease in different vessel beds has been shown to
be related, carotid imaging can be used as an indication for generalized atherosclerosis of
the systemic circulation [90, 185]. In addition, image analysis tools developed in this thesis
could be used in studies of other vessels.

For peripheral atherosclerosis an interest in MR imaging has recently developed [60, 78].
With a similar imaging protocol and resolution as for carotid imaging, images were obtained
in which calcified and lipid-rich plaques could be distinguished [60]. It is likely that similar
segmentation algorithms as developed for carotid MRI can be used for this data as well.
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Due to the limited resolution MRI is currently not suited for studying vessel wall com-
position of the coronary arteries. For coronary artery imaging, CT is most popular, and
methods for stenosis degree [100] and calcification quantification have been developed
[169]. Additionally, the volume of non-calcified plaque as determined from coronary CTA
and intravascular ultrasound (IVUS) was shown to be related, while the amount of low-
density tissue in CTA was moderately correlated with fibro-fatty and necrotic tissue in IVUS
[224]. The volume of non-calcified plaque was shown to be larger in patients with acute
coronary syndrome [221]. Cardiac PET has mostly focused on imaging perfusion defects
and ischemia. Although imaging of plaque inflammation is possible as well, studies on the
coronary arteries have only had limited success due to limited resolution [11]. On the other
hand, FDG-PET imaging of aorta was predictive of all cardiovascular events in a study on
previously asymptomatic patients [54].

While we only studied the extracranial carotid bifurcation, intracranial carotid calcification
was shown to be common in the elderly population [20]. It has been shown to be related
to cognitive function, smaller brain tissue white matter volume and larger white matter
lesion volumes [19, 21]. In addition, it was shown that lipid and intraplaque hemorrhage
are more prevalent in symptomatic intracranial arteries [32] and therefore MR imaging of
these arteries is of high interest as well [12].

7.2.9 Translation to clinical practice

Before image-based plaque characterization can be incorporated in clinical practice for
diagnosis and to support clinical decision making, not only just accurate image analysis
methods are required. Whether the use of imaging-derived measures leads to better patient
care has to be proven as well. Several steps need to be taken in this process, of which Hlatky
et al. [80] made an overview.

The first two requirements that are essential before taking further steps becomes relevant
have already been met: the discrimination between subjects with and without outcome,
and the predictive value of imaging-derived plaque composition have been shown in
several studies for ultrasound [108, 109, Chapter 6], CT [104] and MRI [70, 160]. However,
the incremental value in addition to established risk markers, and whether this sufficiently
changes the predicted risk has only been validated up to some degree. The improved
predictive value of ultrasound texture over the Framingham risk score [Chapter 6] and a
set of features including plaque area, stenosis degree and history of symptoms [109] has
been shown. For carotid MRI a number of studies performed univariate Cox regression and
showed larger hazard ratios for measures of plaque composition than for other traditional
clinical parameters [8, 163, 173, 188]. However, multivariate analysis was mostly not per-
formed due to a limited number of events. Only one study showed better predictive value
of intraplaque hemorrhage presence compared to traditional risk factors in a multivariate
analysis [86].

In view of the above, well-designed and sufficiently large studies need to be performed to
select the most suitable (combination of) imaging parameters, in addition to traditional
risk parameters including stenosis degree and wall thickness. Possible imaging parameters
are the presence or volume of intraplaque hemorrhage, lipid-rich necrotic tissue and/or
calcification on MRI, calcification from CT, ultrasound texture, or parameters obtained by
a combination of imaging modalities. Selection of parameters can be done in a study that
acquires images in a large group of patients that will not be treated surgically but will be
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followed for events, such as PARISk [205] or CAIN [190]

Once these steps have been performed, it is time go ahead and study whether imaging-
derived risk markers improve clinical outcome in a randomized clinical trial. In such a
trial one group of patients is treated by current clinical guidelines, and for the other group
decisions will be taken with the incorporation of measures of plaque composition. The
formulation of a study criterion for treatment decision can then be based on the outcome
of multivariate analysis in longitudinal studies as mentioned in the previous paragraph.

Finally, whether the use of new imaging modalities becomes the standard in clinical
practice not only depends on the additional value to health care, but also on costs and
feasibility. Cost-effectiveness studies are needed which balance any costs of additional
imaging and interventions with the number of prevented events. Therefore, MRI must still
have an advantage over risk stratification from ultrasound even if methodology such as
presented in Chapter 6 is used, and use of PET-MRI will likely only become clinical practice
if it proves to select patients for intervention with very high sensitivity and specificity.

7.3 Closing remarks

All in all, although there are several steps still to take, the work described in this thesis shows
that automated characterization and quantification of carotid artery plaque composition
from non-invasive imaging is possible. I hope that this work will be a good basis for
further studies, and will thereby contribute to further refinement of methodology and future
incorporation into clinical practice, with the final goal of improved patient care.
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Inleiding

Hart- en vaatziekten komen veel voor en behoren tot de belangrijkste doodsoorzaken
wereldwijd. Aderverkalking, ook wel atherosclerose genoemd, is één van de belangrijkste
onderliggende processen die tot hart- en herseninfarcten leiden. De ontwikkeling van
atherosclerose is een langzaam en lang onopgemerkt proces: een infarct is vaak pas het
eerste symptoom. Ook is het bij patiënten waarvan bekend is dat ze atherosclerose hebben
nog erg moeilijk om het risico op een infarct in te schatten. Daarom is het belangrijk
om methodes te ontwikkelen waarmee een betere risicoschatting gemaakt kan worden bij
patiënten met onderliggende risicofactoren of bekende aanwezigheid van atherosclerose.
In dit proefschrift heb ik mij gericht op de halsslagader, en specifiek op de geautomatiseerde
analyse van scans om de aangetaste vaatwand te bestuderen. Na een uitgebreidere beschrij-
ving van de achtergrond licht ik hier de studies en resultaten uit dit proefschrift toe.

Atherosclerose en de halsslagader

De halsslagaders bevinden zich aan beide zijden van de hals en voorzien het hoofd van
bloed (zie figuur S1a). Bij de bifurcatie splitsen de aders in de externe halsslagader die naar
het gezicht loopt, en de interne halsslagader, die de hersenen van bloed voorziet. Precies
deze bifurcatie is één van de locaties in het lichaam waar een grotere kans is op de vorming
van atherosclerose.

Atherosclerose wordt meestal pas op latere leeftijd ontdekt, maar de ontwikkeling begint
vaak al veel eerder. Er wordt aangenomen dat dit proces start als ontstekingsreactie van de
cellen in de vaatwand op cholesterolmoleculen in het bloed. In dit proces hopen zich steeds
meer cholesterol en afweercellen op in de vaatwand, die eerst naar buiten toe verdikt, maar
in een later stadium ook naar binnen waardoor de bloeddoorstroming belemmerd wordt
(zie figuur S1b). Deze door atherosclerose aangetaste verdikte vaatwand wordt de plaque
genoemd. Op een gegeven moment kunnen ook andere effecten optreden zoals het lekken
van bloed de plaque in (intraplaque bloedingen) of verkalking.

Algemene risicofactoren zijn onder andere leeftijd, bloeddruk, roken, cholesterolniveau
en gewicht. De preciese locatie waar atherosclerosevorming plaatsvindt hangt af van de
geometrie van het bloedvat. De halsslagader, samen met de kransslagaders van het hart, en
de vaten naar de benen zijn de locaties met het grootste risico op plaquevorming. Omdat
atherosclerose in grote mate afhankelijk is van risicofactoren die in het hele lichaam gelijk
zijn, zie je vaak atherosclerose in meerdere vaten. Hierdoor kan het bestuderen van de
halsslagader ook een indicatie geven van de ziekteprocessen elders in het lichaam.
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Figure S1: a) De vaten in het hoofd, waaronder de halsslagader met bifucatie. b) De ontwikkeling
van atherosclerose van boven naar beneden: eerst verdikking van het vat naar buiten, met in een later
stadium ook vernauwing van het vat naar binnen.

Risico van atherosclerose

In het geval van de halsslagader is het grootste risico niet dat een vat dichtslibt. In principe
kan het andere vat het hele hoofd van bloed voorzien. Een groter risico is dat weefsel uit
de plaque losraakt, via de bloedstroom meegevoerd wordt en verderop kleinere vaatjes kan
verstoppen waardoor het achterliggende hersenweefsel geen bloed meer krijgt. Wanneer
dit kortstondig gebeurt zonder blijvende gevolgen noemen we dit een TIA, wanneer het
zuurstoftekort langer duurt en de gevolgen blijvend zijn is dit een herseninfarct. Het
losraken of scheuren van de plaque noemen we plaque-ruptuur.

Voor een lange tijd is gedacht dat het risico op plaque-ruptuur afhangt van de mate
van vernauwing van het bloedvat en/of verdikking van de vaatwand. Het is echter steeds
duidelijker geworden dat andere kenmerken van de plaque belangrijkere factoren zijn. Door
het vergelijken van weefsel uit de vaatwand van patiënten die wel of geen infarct gehad
hebben is gevonden dat plaques een groter risico vormen wanneer er een grotere vetkern
van cholesterol is, een dunnere laag weefsel (de fibreuze kap) deze kern van de bloedstroom
scheidt, meer ontstekingscellen en intraplaque bloedingen aanwezig zijn en er juist minder
kalkvorming is. Ook in studies waarbij patiënten langere tijd gevolgd zijn blijken deze
kernmerken een belangrijke voorspellende waarde te hebben. Deze kernmerken maken
de plaque instabieler, waardoor de kans groter is dat de krachten op bijvoorbeeld de
overliggende fibreuze kap zo groot worden dat deze scheurt en het weefsel uit de plaque
in de bloedstroom kan geraken.
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Behandeling

In een vroeg stadium worden vaak middelen als bloedverdunners, en bloeddruk- en
cholesterolverlagende middelen voorgeschreven. In een later stadium is ook een operatie
mogelijk. Op dit moment worden patiënten waarvan bekend is dat ze een vaatvernauwing
van meer dan 70% hebben geopereerd. Hierbij wordt dan meestal de plaque uit het vat
weggesneden. Verschillende bronnen geven aan dat het de moeite waard is om andere
parameters te bestuderen om tot nieuwe richtlijnen te komen die een beter onderscheid
kunnen maken tussen patiënten die een hoog of laag risico lopen. De compositie van de
plaque is hierbij een belangrijke parameter.

Figure S2: Voorbeelden van scans van halsslagaders met aderverkalking: Echo (US), CT-angiografie
(CTA) en MRI. In het bovenste echobeeld heeft de plaque een hoge intensiteit, wat betekent dat het
waarschijnlijk uit fibreus weefsel bestaat. De plaque in de onderste figuur heeft een lage intensiteit wat
wijst op de aanwezigheid van een grote vetkern. In de CTA is kalk duidelijk te zien als witte gebieden.
De vaatholte is ook duidelijk te herkennen, maar het onderscheid tussen de wand en het omliggende
weefsel is lastiger te zien. De MRI in de bovenste rij heeft een gebied met intraplaque bloedingen met
hoge intensiteit en een kalkregio met lage intensiteit vlak daarboven. De onderste rij laat een MRI na
contrastinjectie zien waar het gebied midden in de verdikte wand donker is ten opzichte van de rand
vanwege een vetkern.
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Beeldvorming van de vaatwand

Om de samenstelling van de vaatwand te bepalen bij patiënten met atherosclerose wordt
beeldvorming door middel van scans gebruikt. Er zijn verschillende beeldvormende tech-
nieken om dit te doen. De meestgebruikte niet-invasieve methodes zijn echo, CT en MRI.
Deze drie technieken worden ook in dit proefschrift gebruikt. Voorbeelden van beelden van
de halsslagader gemaakt met deze drie methoden zijn te zien in Figuur S2. Echo is van de
drie het goedkoopste. Een onderzoeker kan het apparaat vasthouden en op de hals van
de patiënt plaatsen. Verdikking van de vaatwand is duidelijk zichtbaar, en ook het verschil
tussen een plaque met veel fibreus weefsel (normale vaatwand) en/of kalk en een plaque
met meer vet en bloedingen is zichtbaar (zie de figuur). In tegenstelling tot traditionele 2D
echobeelden hebben wij gebruik gemaakt van 3D reconstructies.

Voor CT en MRI wordt de patiënt in het apparaat geplaatst. Bij CT wordt een 3D beeld
gevormd door het gebruik van radioactieve straling. De interactie van de straling met
weefsel verschilt per weefsel, waardoor plaatjes gevormd kunnen worden. Vooral kalk is
erg duidelijk zichtbaar op CT; de verschillen tussen fibreus en vetweefsel zijn lastiger
te zien. MRI maakt gebruik van een sterk magneetveld. Doordat verschillende weefsels
verschillende magnetische eigenschappen hebben worden deze weefsels verschillend in
beeld gebracht. Voordelen van MRI zijn dat er geen schadelijke straling wordt gebruikt en
dat ook zachte weefsels goed onderscheiden kunnen worden. Van zowel CT als MRI zijn in
dit proefschrift ook beelden gebruikt die na injectie van contrastvloeistof gemaakt zijn. Bij
CT-angiografie (CTA) zijn de vaatholtes waar het bloed doorheen stroomt dan duidelijker
zichtbaar en is er iets beter een onderscheid tussen fibreus weefsel en vet te maken, en bij
MRI helpt contrast bij het onderscheiden van de vetkern.

Geautomatiseerde beeldanalyse

Om maten van vaatwandcompositie te kunnen gebruiken in de praktijk is het naast het
bepalen van aan- of afwezigheid van componenten, ook belangrijk deze te kwantificeren:
hoe groot is de vetkern, hoeveel kalk is er, etc. Deze maten kun je verkrijgen door een
arts in een 3D-beeld van de vaatwand in elke 2D plak contouren te laten trekken om de
verschillende componenten. Dit kost echter heel veel tijd en het is daarom onmogelijk om
dit in de praktijk op grote schaal toe te passen. Een andere mogelijkheid is om dit werk
(gedeeltelijk) door een computer te laten doen. Het ontwikkelen van computeralgoritmes
die de verschillende plaque-componenten kunnen herkennen en kwantificeren was het
doel van dit proefschrift.

Er zijn verschillende manieren om dit aan te pakken, maar in dit proefschrift is vooral
gebruik gemaakt van voxel-classificatie. Een voxel is een pixel in 3D, en dus een klein blokje
in een 3D-beeld. Bij voxel-classificatie wordt van elk voxel in een beeld, of een bepaald
gedeelte van een beeld, bepaald tot welke klasse de voxel hoort. Dit kan bijvoorbeeld zijn
‘kalk’, ‘vet’, ‘intraplaque bloeding’ of ‘fibreus weefsel’. Zo verkrijg je een segmentatie van je
beeld waarin je de grootte van de verschillende componenten kunt bepalen door voxels te
tellen.

Het classificeren wordt gedaan op basis van kenmerken die je kunt meten, zoals de
intensiteit in een MRI-scan, of de afstand tot de vaatholte. Om een model te ontwikkelen
is een grote set met voorbeelden nodig op basis waarvan de kenmerken van iedere klasse
bepaald kunnen worden. Een voorbeeld van hoe dit gaat is te zien in figuur S3A. Elke stip in
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Figure S3: Voorbeeld van het maken van een classificatiemodel. A) Van elke voxel uit een trainingsset
is de intensiteit in twee MRI-scans bepaald en het label van de juiste klasse. B) Hier zijn ook de
optimale grenzen die gebruikt kunnen worden om voxels uit een nieuw beeld te classificeren als één
van de klassen aangegeven.

deze figuur vertegenwoordigt een voxel uit de vaatwand. De positie van elk voxel in de figuur
is bepaald aan de hand van de intensiteit in één scan, de T1-gewogen MRI, en een andere
scan, de TOF MRI. De kleur van de stip hangt af van het label dat het voxel gekregen heeft.
Dit kan bijvoorbeeld gedaan zijn door een arts die verschillende MRI-scans van dezelfde
patiënt naast elkaar heeft gelegd en voor het bloedvat contouren heeft getrokken om de
binnen- en buitenwand en de verschillende componenten in de wand. Je kunt in deze figuur
zien dat in de T1-gewogen MRI geen duidelijk onderscheid is tussen kalk en fibreus weefsel,
maar dat intraplaque bloedingen gemiddeld een hogere intensiteit hebben. In de TOF-scan
daarentegen zie je wel een duidelijk verschil tussen kalk en fibreus weefsel. Intraplaque
bloedingen hebben hier een gelijke of hogere intensiteit dan het fibreuze weefsel. Het is
dus duidelijk dat er meerdere scans nodig zijn om de verschillende componenten goed
te kunnen onderscheiden. In de praktijk worden veel meer dan twee kenmerken gebruikt
en heb je een hoog-dimensionale ruimte waar alle voxels in geplaatst worden. Zo’n set
voorbeelden met labels wordt de trainingsset genoemd.

De volgende stap is om op basis van deze trainingsset te bepalen waar de optimale grens
tussen de verschillende klassen loopt, zoals in figuur S3B. Er zijn veel modellen waarmee
deze grens bepaald kan worden, en in ieder afzonderlijk geval zal een ander model het beste
zijn, afhankelijk van de onderliggende data. Voor de studies in dit proefschrift is meestal
een model gemaakt op basis van 1) het gemiddelde per klasse voor elk kenmerk, 2) de
spreiding van elke klasse in de verschillende richtingen, en 3) de vooraf te verwachten kans
op elke klasse zonder dat je specifieke kenmerken van het vat meeneemt (in de meeste vaten
is meer fibreus weefsel aanwezig dan kalk, vet, of bloedingen). Hierbij is als voorwaarde
gesteld dat de grenzen recht moeten zijn, waardoor in het voorbeeld de grenzen lopen zoals
te zien is in figuur S3B.

In scans van nieuwe patiënten kunnen nu van alle voxels alle kenmerken bepaald worden.
Zo wordt er van ieder voxel bepaald aan welke kant van de grens deze voxels ligt en dus tot
welke klasse het hoogstwaarschijnlijk behoort.

Je ziet in figuur S3B dat er geen perfecte scheiding is tussen de verschillende componenten.
Dit kan verschillende redenen hebben. Zo is het belangrijk dat het vat precies op dezelfde
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plek ligt in de verschillende scans die gemaakt worden van een patiënt. Omdat de patiënt
meestal wel wat beweegt tussen het maken van twee scans door moet hiervoor gecorrigeerd
worden door sommige scans iets te verplaatsen zodat ze allemaal gelijk komen te liggen.
Dit heet beeldregistratie. Daarnaast heeft MRI geen gestandaardiseerde waardes. In elke
CTA-scan is de intensiteit van bloed of kalk gelijk, maar bij MRI verschilt dit van moment
tot moment. Hiervoor zijn verschillende normalizatiemethodes beschikbaar. Ook is de
intensiteit niet overal in het beeld gelijk voor hetzelfde weefsel, dus ook hier moet voor
gecorrigeerd worden. Ook wanneer dit allemaal gedaan is blijft er vaak overlap tussen de
klassen, onder andere door ruis en doordat de labels vaak niet perfect zijn. Hierdoor is
het altijd belangrijk classificatiemethodes te testen op data die onafhankelijk is van de
trainingsset. Als een model te specifiek op de trainingsset past, modelleert het kleine details
zoals ruis te specifiek waardoor je fouten krijgt in nieuwe data.

Bijdragen uit dit proefschrift

Voor dit proefschrift zijn verschillende studies uitgevoerd. In hoofdstuk 2-4 hebben we
gebruik gemaakt van een dataset van patiënten die een operatie hebben ondergaan waarbij
de plaque uit de halsslagader verwijderd is. Voor de operatie zijn deze patiënten gescand
met MRI en CTA. Na de operatie zijn ex vivo scans met heel hoge resolutie gemaakt van
de plaque, die vervolgens in hele dunne plakken gesneden is (histologie). Van deze histolo-
giebeelden is onder de microscoop heel nauwkeurig te bepalen welke weefsels aanwezig
zijn, en dit is vervolgens gebruikt om de labels te bepalen om segmentatiemethoden te
ontwikkelen.

In hoofdstuk 2 hebben we gegeken naar de ex vivo MRI-scans. Hier laten we zien dat het
gebruiken van extra kenmerken naast MRI-intensiteit en de positie binnen de vaatwand
tot betere segmentaties leidt. Deze kenmerken zijn wiskundige afgeleides in het beeld,
waarmee je kijkt naar veranderingen in intensiteit. Ook laten we zien dat het voordelen kan
hebben om de registratie met histologie op een uitgebreide 3D-manier te doen in plaats van
het in 2D aan elkaar linken van plakken uit de beelden.

In hoofdstuk 3 hebben we naar de MRI- en CTA-scans gekeken die gemaakt zijn voor de
operatie. Het probleem hier was dat het vanwege vervormingen van de plaque tijdens
de operatie en bij het snijden van het weefsel vaak onmogelijk is om de scans precies
te registreren met histologie. Daarom hebben we in deze studie verschillende manieren
bedacht om tijdens het trainen van het classificatiemodel rekening te houden met fouten in
de registratie. Hierbij bepaalden we voor de voxels in de hoogdimensionale ruimte naast het
label ook hoe betrouwbaar dit label is aan de hand van hoe goed de registratie gelukt was, of
gaven we het een label voor verschillende klassen met een bepaalde kans op de grens tussen
structuren. Het bleek echter het beste te werken om de voorbeelden die het meest afwijken
van het gemiddelde van de klasse niet te gebruiken. Ook hebben we in dit hoofdstuk laten
zien dat MRI goed gebruikt kan worden om fibreus en vetweefsel te onderscheiden, maar
niet om kalk te kwantificeren en dat het voor CTA juist andersom is. Wanneer je ze beiden
gebruikt kun je al deze drie componenten goed kwantificeren.

In hoofdstuk 2 en 3 is het belangrijk om een goede segmentatie van de histologiebeelden
te hebben, omdat dit gebruikt wordt om de labels in de trainingsset te bepalen. Omdat
dit erg veel werk is hebben we in hoofdstuk 4 een classificatiemethode ontwikkeld om de
histologiebeelden automatisch te segmenteren. We laten zien dat een volledig automatis-
che methode redelijk nauwkeurige segmentaties geeft van de histologie, maar dat wanneer



Nederlandse Samenvatting 117

deze gebruikt worden om segmentatiemethoden zoals in hoofdstuk 2 en 3 te ontwikkelen
de fouten groter zijn dan wanneer de handmatig ingetekende histologie gebruikt wordt.
Wanneer van elke plaque één of twee histologiebeelden worden ingetekend om op te
trainen zijn de histologiesegmentaties nauwkeuriger en krijg je ook goede segmentaties
voor de ex vivo en in vivo beelden.

In hoofdstuk 5 gebruiken we scans van patiënten met atherosclerose die een vaatver-
nauwing kleiner dan 70% hebben, dus patiënten die niet geopereerd worden. Deze patiën-
ten zijn gescand in verschillende ziekenhuizen met verschillende typen scanners. Meestal
is het zo dat een methode ontwikkeld wordt voor een bepaalde dataset waarin de scanner
en de instellingen van de scanner hetzelfde zijn. Wanneer je deze methode vervolgens
wil gebruiken om data van een andere scanner te analyseren is de nauwkeurigheid over
het algemeen veel lager. Wij hebben op twee manieren geprobeerd om een methode die
ontwikkeld is op gelabelde data van het ene ziekenhuis met succes toe te passen op de data
van het andere ziekenhuis. Zowel door een uitgebreidere normalizatie van de twee datasets
toe te passen, als door slechts een paar (3-10) beeldplakken uit het andere ziekenhuis in te
tekenen en toe te voegen aan de trainingsset uit het andere ziekenhuis, konden we goede
segmentaties verkrijgen.

In hoofdstuk 6 hebben we echobeelden gebruikt. In plaats van segmentatie van plaque
componenten, hebben we hier op een andere, indirecte, manier de samenstelling van
de vaatwand proberen te bepalen. Van 298 patiënten met atherosclerose en een vaatver-
nauwing kleiner dan 70% zijn twee 3D-echoscans gemaakt met een tussenperiode van 1
jaar. In al deze scans zijn de plaques ingetekend en zijn per patiënt eigenschappen van de
textuur van deze plaques bepaald. Voorbeelden zijn het gemiddelde contrast, homogeniteit
en of de textuur grof of fijn is. Van deze patiënten was bekend wie een herseninfarct, TIA of
hartinfarct heeft gekregen en wanneer. Met deze informatie hebben wij een model gemaakt
dat verschillende textuurmaten zo combineert dat een redelijk goed onderscheid te maken
is tussen patiënten met een hoog en laag risico. Het bleek dat het kijken naar verandering
in textuur gecombineerd met de verandering in plaque volume de beste voorspelling geeft.

Toekomstperspectief

In dit proefschrift hebben we laten zien dat het mogelijk is om de verschillende com-
ponenten uit de atherosclerotische vaatwand te kwantificeren uit niet-invasieve beelden.
Vervolgens zal, zoals in hoofdstuk 6, in studies waarbij patiënten langere tijd gevolgd
worden, bepaald moeten worden of en welke van deze maten een goede voorspelling
kunnen geven van het risico op plaque-ruptuur. Ook de patiënten uit de studie in hoofdstuk
5 worden na twee jaar opnieuw gescand en nog enkele jaren gevolgd om te zien wie
symptomen als een herseninfarct ontwikkelt en wie niet. Op dit moment loopt de studie
nog, maar de segmentatiemethode die in hoofdstuk 5 is ontwikkeld kan gebruikt worden
om uiteindelijk de hele dataset te analyseren.

Vervolgens zal een klinische studie uitgevoerd moeten worden waarbij één groep patiënten
op basis van de huidige richtlijnen behandeld wordt, en één groep patiënten op basis van
nieuwe criteria. Dit zal dan uit moeten wijzen of met maten van plaque-samenstelling
gerichter patiënten geselecteerd kunnen worden voor behandeling. Hopelijk kan het on-
derzoek uit dit proefschrift hier een bijdrage aan leveren.
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