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A B S T R A C T

Rapid progression in total plaque area and volume measured from ultrasound images has been shown to be
associated with an elevated risk of cardiovascular events. Since atherosclerosis is focal and predominantly
occurring at the bifurcation, biomarkers that are able to quantify the spatial distribution of vessel-wall-plus-
plaque thickness (VWT) change may allow for more sensitive detection of treatment effect. The goal of this
paper is to develop simple and sensitive biomarkers to quantify the responsiveness to therapies based on the
spatial distribution of VWT-Change on the entire 2D carotid standardized map previously described. Point-wise
VWT-Changes computed for each patient were reordered lexicographically to a high-dimensional data node in a
graph. A graph-based random walk framework was applied with the novel Weighted Cosine (WCos) similarity
function introduced, which was tailored for quantification of responsiveness to therapy. The converging
probability of each data node to the VWT regression template in the random walk process served as a scalar
descriptor for VWT responsiveness to treatment. The WCos-based biomarker was 14 times more sensitive than
the mean VWT-Change in discriminating responsive and unresponsive subjects based on the p-values obtained
in T-tests. The proposed framework was extended to quantify where VWT-Change occurred by including
multiple VWT-Change distribution templates representing focal changes at different regions. Experimental
results show that the framework was effective in classifying carotid arteries with focal VWT-Change at different
locations and may facilitate future investigations to correlate risk of cardiovascular events with the location
where focal VWT-Change occurs.

1. Introduction

Stroke is among the leading causes of death and disability world-
wide, with a prevalence of 33 millions and 16.9 millions suffering a
stroke in 2013 [1]. Over two-thirds of stroke deaths occurred in the
developing countries [2]. China, as the most populous developing
country, has an annual stroke mortality of 1.6 million [3], and the
mortality rate is more than 7 times higher than in the United States [4].
As atherosclerosis is a complex disease that involves the interaction of
many factors, such as genetic factors, cells of the arterial wall, blood
chemistry and hemodynamics, rapid progression may occur despite
intensive treatment of traditional risk factors [5]. The progression of
plaque despite treatment are associated with higher stroke risk [6–8].
Therefore, these subjects should be identified early so that more

intensive treatment strategies could be administered sooner.
Objective identification of non-responders to treatments requires the
development of sensitive quantitative biomarkers of carotid athero-
sclerosis.

Although ultrasound measurement of carotid intima-media thick-
ness (IMT) (Fig. 1a) measured from 2D B-mode ultrasound has been
widely used in clinical studies [9,10] and has been shown to correlate
with the risk of cardiovascular events [11], the rate of change of IMT is
typically small (0.01–0.03 mm/year) and large sample and long
duration of observation are required to identify statistically significant
changes [12].

Direct measurements of plaque have been developed to improve the
sensitivity for detecting therapy response and stratify vascular risk.
Patients with progression in total plaque area (TPA) (Fig. 1b) [6] were
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found to have higher risk of vascular events compared to those with no
change and regression in TPA. 2D B-mode ultrasound was used to
quantify plaque textural features, which were able to discriminate
symptomatic and asymptomatic patients [13,14]. However, 2D ultra-
sound images were difficult to reproduce due to the requirement to
localize a 2D image plane in each scanning; for this reason, 2D
ultrasound was not optimal in monitoring plaque changes in a long-
itudinal study. 3D carotid ultrasound has been developed to address
this issue [15,16]. Wannarong et al. [8] reported that progression in
total plaque volume (TPV) measured from 3D ultrasound (Fig. 1c) was
more able to predict stroke than TPA. Egger et al. [17] introduced the
use of vessel wall volume (VWV) to assess carotid atherosclerosis
(Fig. 1c). VWV measurements incorporate both vessel wall and plaque
without the need of isolating plaques from the vessel wall and were
associated with higher intra-observer and inter-scan reproducibility
than TPV. Although these biomarkers provide rich information regard-
ing progression or regression on global plaque and vessel wall
dimensions, the localized nature of carotid atherosclerosis suggests
that biomarkers considering local change in plaque or vessel wall
thickness may be more sensitive, thereby allowing more proof-of-
principle studies to be conducted over a shorter duration that involves
fewer subjects. To quantify the 3D distribution of vessel wall thickness
change, our group measured vessel-wall-plus-plaque-thickness (VWT)
(Fig. 1d) and VWT difference between baseline and follow-up scanning
sessions [18] on a point-by-point basis and generated a 3D map that
allows for the visualization and quantification of the VWT-Change
distribution (Fig. 2c).

However, the shape and size of 3D VWT-Change maps constructed
for different arteries are highly subject-specific, precluding quantitative
comparisons between VWT-Change distributions of different arteries.
We developed a technique to flatten 3D VWT-Changemaps of different
arteries onto a rectangular 2D standardized map [19] (Fig. 2d) to
adjust for the inter-subject variability in carotid geometry. Since the
VWT-Change distributions for all subjects could be mapped to a
standardized 2D coordinate frame, the average VWT-Change maps
for the atorvastatin and the placebo groups could be generated, thereby
allowing group-wise comparison of VWT-Change distributions in these

two treatment arms.
Although the 2D standardized VWT-Change maps adjust for the

variability in arterial geometry and allow for quantitative comparison
of local VWT-Change distributions, clinical conclusions are difficult to
be drawn based on the complex distribution represented by thousands
of VWT-Change data points per artery. In Chiu et al. [19], a biomarker
was developed to quantify the effect of the atorvastatin treatment. The
biomarker was developed based on a feature selection algorithm and
was effective in identifying regions of interest (ROI) where the
atorvastatin subjects experienced regression and the placebo subject
experienced progression. Subject-based average VWT-Change com-
puted over the ROI was more sensitive than that computed over the
whole 2D map in identifying the effect of atorvastatin. However, the
biomarker based on selected regions described above is less capable of
identifying subjects with rapid focal progression despite treatment. In
regions where atorvastatin subjects experienced rapid progression, the
placebo subjects may also progress by various degrees. The difference
in VWT-Change at these regions was not strong enough for them to be
selected and included in the computation of the region-based biomar-
ker. Moreover, the feature selection algorithm is a forward sequential
searching algorithm that adds features one at a time without an
objectively defined stopping criterion. To address this issue, we chose
the size of the ROI selected by the algorithm to be the one that
produces an average VWT-Change that discriminated the atorvastatin
and placebo groups with greatest sensitivity within the searching range
of 10–50% of the area of the entire 2D standardized map [19]. The
rationale in choosing these upper and lower thresholds was to select
regions that is large enough to detect “representative” patterns, while
small enough so that we were still focusing on “local” instead of
“global” patterns. Admittedly, the line between local and global
patterns was hard to draw and the choices of these thresholds were
based on empirical observation of the data. For these reasons, instead
of considering selected ROI exclusively, a better biomarker would
involve the whole distribution but be able to emphasize regional
progression or regression. As subjects with rapid progression are
exposed to higher stroke risk [6–8], there is a requirement of a metric
that can identify subjects with rapid progression in an early stage so

Fig. 1. Existing biomarkers of carotid atherosclerosis. (a) Intima-media thickness (IMT) measurement from a longitudinal B-mode ultrasound image. (b) Total plaque area (TPA)
measurement from a longitudinal B-mode ultrasound image with plaque outlined by the dotted contour and bifurcation (BF) identified by an arrow. (c) Total plaque volume (TPV)
measurement was made for the plaque surface (red) reconstructed from plaque segmentation on transverse images resliced from a 3D ultrasound image. Vessel wall volume (VWV)
measurement was obtained by subtracting the volume of the semi-transparent outer wall surface from the volume of the lumen surface (yellow). (d) Vessel-wall-plus-plaque thickness
(VWT) measurements were made on a point-by-point basis, color-coded and superimposed on the outer wall surface. (For interpretation of the references to color in this figure caption,
the reader is referred to the web version of this paper.)
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Fig. 2. Schematic diagram for generation of 3D VWT-Change and 2D standardized maps.
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that alternative treatment plan can be made.
This motivated us to introduce a graph-based random walk frame-

work in this paper to assign a score serving as a biomarker to quantify
the degree of VWT regression or response based on the entire 2D VWT-
Change distribution of each subject. The random walk framework
considered the VWT-Change map of each patient as a node with
transition probabilities to other nodes in a graph derived from their
similarity. Although this problem was related to discriminating
patients into those with VWT regression and progression, a more
important requirement was to come up with a score to quantify the
degree of VWT-Change. For this reason, the random walk framework
was more appropriate than graph-based clustering techniques, such as
spectral clustering.

In this work, we introduce a novel similarity metric that considered
the similarity of the sign as well as the magnitude of point-wise VWT-
Change at the corresponding location in each pair of 2D maps. In other
words, each point contributed a weight in the similarity measurement
and the whole VWT-Change distribution was involved. With the
transition probabilities available, the probabilities of each VWT-
Change map converging to the exemplary progression and the regres-
sion distributions (Fig. 4) in the random walk process were computed
without iteration [20]. These two probabilities summed to unity for
each VWT-Change map. Thus, one of these probabilities could be used
as a metric to quantify to what extent the VWT has progressed or
regressed. The sensitivity of this metric to VWT responsiveness was
evaluated in this study.

In addition to providing an index that characterizes degrees of
progression or regression, because the random walk framework could
accommodate more than two exemplary distributions or templates, the
proposed framework can be extended to quantify where progression or
regression occurs by appropriately defining the templates. The location
where focal VWT change occurs could be quantified by the converging
probability to each template representing focal progression or regres-
sion at different regions of interest (Fig. 8). Although sudden focal
plaque progression identified based on TPA and IMT measurements
has been shown to associate with an elevated risk of vascular event
[6,7], no study has been performed to correlate risk of vascular events
with the location where focal VWT change occurs. The quantification of
the location of focal VWT changes would make such clinical studies
possible.

2. Materials and methods

2.1. Study subjects and ultrasound image acquisition

24 subjects with asymptomatic carotid stenosis >60% were enrolled
in a clinical study focusing on the evaluation of the effect of atorvastatin
[21], with 12 subjects randomized to the placebo and the remaining 12
subjects allocated to 80 mg atorvastatin. All subjects were recruited
from the Premature Atherosclerosis Clinic (London, Ontario, Canada)
and provided written informed consent to the study protocol, which
was approved by The University of Western Ontario Standing Board of
Human Research Ethics.

3D ultrasound images were acquired by translating an ultrasound
transducer (L12-5, Philips, Bothell, WA) with a mechanical assembly
along the neck of the subject for approximately 4.0 cm at a uniform
speed of 3 mm/s. The 2D ultrasound frames were digitized and saved
to a computer workstation. The acquired images were then recon-
structed into a 3D image [15]. The voxel size of the 3D ultrasound
images were approximately 0.1 × 0.1 × 0.15 mm3.

2.2. Construction of 2D standardized vessel-wall-plus-plaque
thickness (VWT) change map

The algorithm for constructing the 2D standardized VWT-Change
maps has been described elsewhere [18,19] and is briefly summarized

below based on the schematic shown in Fig. 2. This algorithm consists
of five steps: (i) Lumen and outer wall segmentations from 3D images
acquired at baseline and follow-up (Fig. 2a), (ii) reconstruction of
lumen and outer wall surfaces (Fig. 2b), (iii) VWTmeasurement at each
time point (Fig. 2ci and cii), (iv) registration of VWT surfaces obtained
at baseline and follow-up and VWT-Change measurement (Fig. 2ciii)
and (v) generation of 2D standardized VWT-Change map (Fig. 2d).

Two ultrasound images were acquired for each subject at baseline
and a follow-up scanning session. In each ultrasound image acquired
for 10 placebo and 10 atorvastatin subjects, the outer wall and lumen
boundaries were each segmented once by a single observer blinded to
subject identity, treatment and time point. In each image acquired for
the remaining 4 subjects, the outer wall and lumen boundaries were
each segmented by an observer 5 times for reproducibility assessment.
In each segmentation session, an axis was placed parallel to the
longitudinal axis of the common carotid artery (CCA) and centered at
the carotid bifurcation. The 3D ultrasound image volume was resliced
perpendicular to the longitudinal axis with an interslice distance of
1 mm. The outer wall and lumen boundaries were then manually
segmented from each resliced transverse plane, resulting in a stack of
2D contours as shown in the left column of Fig. 2b. The 2D stacks were
then reconstructed as described previously [18] to produce outer wall
and lumen surfaces depicted in the right column of Fig. 2b.

Point-wise VWT was obtained by first matching each pair of outer
wall and lumen surfaces on a point-wise basis, and then measuring the
distance between each pair of corresponding points. VWT thus
measured was superimposed on the outer wall, resulting in a 3D
VWT map. For each of the 20 arteries without repeated segmentations,
a VWT map was generated for each of the baseline and follow-up
images (Fig. 2ci and cii). The baseline and follow-up 3D VWT maps
were subsequently registered using the iterative closest point algorithm
[22] with the bifurcation apices fixed as described previously in Chiu
et al. [23]. VWT values associated with the corresponding points of the
two registered 3D VWT maps were subtracted, resulting in the 3D
VWT-Change map shown in Fig. 2ciii. For the remaining 4 arteries
with repeated segmentations, 5 segmented surfaces from the baseline
image and 5 segmented surfaces from the follow-up images were
randomly paired up and independently registered. Therefore, five 3D
VWT-Changemaps were generated for each of these 4 arteries. Sources
of variability exhibited in these 5 maps include segmentation variability
and variability in registering the baseline and follow-up surfaces.

Each 3D VWT-Change map was flattened onto a 2D plane as
described previously [19]. Briefly, the internal and common carotid
surfaces (ICA and CCA in Fig. 2di) were cut by two planes and unfolded
into an L-shaped domain (Fig. 2dii). Since the longitudinal coverage
may be different for 3D ultrasound images acquired for different
arteries and that the 2D maps constructed for all arteries must be
standardized, resampling was performed on regions where all 2D
VWT-Change maps overlap, resulting in the 2D standardized map
shown in Fig. 2diii.

2.3. Quantification of VWT-Change distribution based on a graph-
based random walk framework

The problem of designing a quantitative metric to describe the
degree of responsiveness of an artery to a treatment was formulated as
a high-dimensional graph-based problem with each artery represented
as a high-dimensional data node consisting of point-wise VWT-Change
entries. The random walk operation was guided by templates repre-
senting the VWT-Change distribution of responders and non-respon-
ders to a treatment. The graph-based random walk algorithm assigned
a continuous score to each artery indicating the degree of responsive-
ness. This score is a function of the similarity to the responder and non-
responder VWT-Change distribution templates. In Section 2.3.1, we
describe the graph-based random walk framework used for the score
assignment. The graph-based random walk framework required a
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similarity measure for transition probability assignment in the random
walk. In Section 2.3.2, the problems associated with conventional
similarity functions are discussed and a novel similarity function was
proposed. In Section 2.3.3, the VWT-Change templates representing
the responders and non-responders are introduced. Here, we also
discuss an extension of the framework on quantifying the location of
VWT progression/regression. Section 2.3.4 describes the methodology
for tuning parameters involved in the framework.

2.3.1. Graph-based random walk framework
The template VWT-Change distributions and the VWT-Change

distribution of each subject were reordered lexicographically into high-
dimensional vectors xi, and represented as nodes in the graph. In the
following discussion, the nodes corresponding to the template dis-
tributions are referred to as labeled nodes, whereas those correspond-
ing to VWT-Change distribution for subjects are referred to as
unlabeled nodes. Random walks were performed on a neighborhood
weighted graph with n nodes as described below. If xi was in the K-
nearest neighborhood of xj or vice versa, xi and xj were linked by a
weight Aij, representing a similarity measure between the vectors xi
and xj; otherwise, A = 0ij . In particular, Aii was defined as 0 as a special
case. Similarity measures between all nodes were represented as a
n n× matrix A. To facilitate the calculation of the transition probabil-
ities, A was normalized such that each row of the matrix sum to 1. We
denote the normalized version as A with A∑ = 1j ij . The transition
probabilities of labeled nodes and unlabeled nodes were defined
differently as shown in Fig. 3. Suppose the transition probabilities
between all nodes were represented by a n n× matrix P. For unlabeled
node, P A=ij ij. Once the random walk entered a labeled node, it could
not escape. Thus, for labeled node, δP =ij ij, where δ is the Kronecker
delta. The general expression of the transition probability matrix is:

P I I A= + ,β α (1)

where both Iβ and Iα are diagonal matrices. If xi is a labeled node, the
ith diagonal elements of Iβ and Iα are 1 and 0 respectively. If xi is an
unlabeled node, the ith diagonal elements of Iβ and Iα are 0 and 1
respectively. The random walk terminated once it hit a node a second
time. This node must be a labeled node since the probability of
returning to an unlabeled node is 0 (i.e., P = 0ii for unlabeled node).
The converging probability can be expressed by an n n× matrix G:

∑ IG P I I P I= = ( − ) .
i

i
β α β

=0

∞
−1

(2)

The quantity P I( )k
β ij represents the probability of starting the

random walk at Node i and stopping at Node j after k steps and Gij

represents the probability of starting at Node i and stopping at Node j

after any number of steps.
In our application on quantifying responsiveness of arteries, two

distribution templates served as labeled nodes: one associated with
responders and the other associated with non-responders. With Node j
representing the distribution template for responders, Gij is a quanti-
tative metric of the responsiveness of Artery i under treatment. Since
there were only two labeled nodes, G G= 1 −ik ij where Node k
represents the distribution template representing non-responders.
Thus, for each artery i, we stored only Gij, which will be referred to
as the responsiveness metric hereafter. This paper also classified VWT-
Change patterns using multiple progression/regression templates, in
which case each artery i is associated with multiple converging
probabilities, the number of which equalled to the number of tem-
plates.

2.3.2. Novel similarity function
The most popular similarity measure between a pair of nodes is the

Gaussian heat kernel (GHK), which is a function of the Euclidean
distance between the two data points:

⎛
⎝⎜

⎞
⎠⎟σ

x y x yGHK( , ) = exp ∥ − ∥
2

,
2

2 (3)

where x and y are high-dimensional vectors consisting of point-wise
VWT-Change. However, quantification of responsiveness of therapy
based on VWT-Change map requires a similarity metric that is
sensitive to the sign of each component on the map, and GHK are
not sensitive to this sign difference. When comparing two VWT-
Change maps, a similarity metric should award changes of the same
signs while penalizing changes with opposite signs at corresponding
points of the two maps. Notably, the cosine similarity function has this

property, which is defined as c x y( , ) = x y
x y∥ ∥∥ ∥

T
. However, the magni-

tudes of VWT-Change represented by these two data nodes have no
effect on cosine similarity, as the angle between the positional vectors
of the two nodes defines the similarity function completely. In
quantifying the responsiveness of arterial thickness to a treatment,
the magnitude of VWT progression/regression should play a major
role. To address this issue, we proposed a novel similarity function that
takes into account the sign, location and magnitude of VWT-Change
when assessing the similarity of two VWT-Change maps. We call this
function the Weighted Cosine (WCos) function:

⎪ ⎪
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where θ is the angle between x and y. The weighted function w x y( , )
was defined as
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(5)

where C was set as x y i dmax{| − |, = 1, 2,…, }i i , with d equals to the
total number of sample vertices in 2D standardized maps. The lower
bound of the WCos function was clipped at 0 so that it could be used to
determine transition probabilities in the graph-based random walk
framework. σ was optimized by a parameter tuning step described in
Section 2.3.4. The weighted function w was defined in a way that
w x y x y( , )i i i i always decreases with increase in the difference between xi
and yi. If x y ≥ 0i i , w x y( , )i i decreases with increase of x y| − |i i , and thus,
w x y x y( , )i i i i also decreases. If x y < 0i i , w x y( , )i i increases with increase of
x y| − |i i , and w x y x y( , )i i i i becomes more negative.

2.3.3. VWT-change distribution template
In this study, we defined the responder and non-responder

templates as uniform distributions with a negative and a positive

Fig. 3. Transition probability in the random walk framework. Each data node transitions
to its neighbors with the probability determined by transition matrix P, and stops when it
hits one of the labeled data nodes. (a) and (b) illustrate the transition probability from
unlabeled and labeled nodes respectively.

B. Chiu et al. Computers in Biology and Medicine 79 (2016) 149–162

153



change everywhere on the VWT-Change maps respectively (Fig. 4).
This template set is referred to as “uniform template set” hereafter. The
rationale for using this template set was to provide a fair comparison
between the proposed framework and VWTΔ , which was an unweighted
average of VWTΔ in the entire 2D carotid map and similar to the
uniform template set, did not focus on any particular region in
discriminating VWT responsiveness of patients. The magnitudes of
the positive and the negative change were designed to be the same so
that, when represented as data points in the high-dimensional co-
ordinate system, these two template maps were of the same distance
from the origin so that there would not be any bias when computing the
converging probabilities in the random walk framework. It remained to
define the magnitude of VWT-Change at each point of the template,
which should be chosen such that the progression and regression
templates were not too far away from the carotid maps involved in the
study in the high-dimensional space. In this study, we computed the
average VWT-Change (i.e., VWTΔ ) for each of the 24 subjects involved
in this study. The magnitude of the point-wise VWT-Change on the
template was chosen to be the maximum VWTΔ among these 24
averages so that the two templates were respectively located at both
ends of VWT-Change range in the average sense.

Each of the 2D carotid maps had thousands of points where VWT-
Change was measured. A space of dimensions this high could not be
visualized. To address this issue, we performed an experiment on a
synthetic 2D data set as displayed in Fig. 5. Here, the (−2, −2) and
(2, 2) data nodes were analogous to the uniform regression and
progression templates respectively. There were two major goals in this
experiment: (a) Ground truth regarding classification of responders
and non-responders of atherosclerosis was not available for the 3D
ultrasound analysis, but could be defined for the toy data as detailed in
Section 3. Accuracy of the graph-based biomarkers could be evaluated

by comparing with ground truth. (b) Since data points in the 2D space
could be visualized, a physical understanding of the potential advan-
tages of the WCos similarity function could be easily obtained.

In this study, the proposed framework was also extended to
quantify the location of focal progression. Atherosclerosis tends to
occur at the carotid bulb where the wall shear stress is low and
oscillatory [24], and this effect was also demonstrated in subjects
involved in this study as shown in Fig. 6 and in our previous study [25].
Therefore, we designed two synthetic distribution templates to capture
the VWT progression (Fig. 8a) and regression (Fig. 8b) in this region.
The synthetic distribution was designed using the Gaussian function.
As mentioned when constructing the uniform template set, templates,
when represented as high-dimensional data points in the graph-based
framework, should not be too far away from carotid maps involved.
Thus, the mean thicknesses of the progression and the regression
templates were set to be the same as the corresponding uniform
templates. The Gaussian function was completely defined given this
mean thickness constraint. However, to generate this distribution, the
standard deviations in the horizontal and vertical dimensions, denoted
by σx and σy respectively, were required to be solved. In this study, we
specified the ratio between these two standard deviations (i.e.,
R σ σ= /xy x y) and solve for σx using Newton's method [26]:

⎡
⎣
⎢⎢

⎤
⎦
⎥⎥∑G

N
x x R y y

σ
MTexp −

( − ) + ( − )
= ,

p

xy

x

0
2 2

0
2

2
i (6)

where G is the peak value of the Gaussian function, N is the total
number of points in the 2D standardized map, x y( , )0 0 is the position
where the maximum value of the Gaussian function is attained and MT
is the mean thickness. The distribution template emphasizing progres-
sion as shown in Fig. 8a was generated by setting G = 2 mm, R = 3xy

and x y( , )0 0 as the centroid of the internal carotid artery (ICA) section of
the 2D standardized map shifted down to the interface between the
CCA and ICA sections as labeled in Fig. 8a. Each point on the
regression template had the negative value of the corresponding point
in the progression template as shown in Fig. 8b.

Subjects involved in this study also demonstrated progression and
regression on the CCA regions proximal to the entrance of the external
carotid artery (ECA) as shown in Fig. 7. The distribution template
characterizing progression in this region was generated by setting
G = 2 mm, R = 1xy and x y( , )0 0 as the centroid of the CCA section of the
2D standardized map but with the x-coordinate shifted to the midpoint
between the left edges of the ICA and CCA sections, as labeled in
Fig. 8c. MT was the same as the uniform template defined for
progression. Similar to the carotid bulb template set, each point on
the regression template had the negative value of the corresponding
point in the progression template as shown in Fig. 8d. This set of four
templates is referred to as “localized template set” hereafter.

2.3.4. Optimization of parameters
The random walk framework depends on two parameters: (i) K, the

number of neighbors permitted to be equipped with a non-zero
similarity with a given node and (ii) σ, which defines the “radius of
influence” associated with either the GHK (Eq. (3)) or WCos (Eq. (4))
similarity functions. The metric used to select an optimal K σ( , ) setting

Fig. 4. Uniform template set: Uniform templates defined for VWT progression/regression quantification. The magnitude of point-wise VWT-Change was assigned to be 0.53 mm, which
is the greatest average VWT-Change among the 24 subjects involved in this study.

Fig. 5. Toy data node distribution in a two-dimensional space. This toy data set was
synthesized to allow visual demonstration of the graph-based random walk framework.
Unlabeled data nodes are numbered 1–22. The labeled data nodes analogous to the
uniform regression and progression templates were respectively represented by the solid
diamond (numbered 23) and the solid circle (numbered 24).
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considered the following two factors:

• Classification consistency: The selected K σ( , ) setting should classify
data points in a manner consistent to most other K σ( , ) settings. In a
given setting K σ( , )i j , a data node was considered to be classified to a
group in this setting if the converging probability to the template
representing that group was the largest. This definition was applied
to both the two-template (e.g., uniform template set) and multiple-
template problems (e.g., localized template set). Suppose the para-
meter tuning procedure considered N K σ( , ) pairings. The classifica-
tion result specific to the setting K σ( , )i j was compared to the
classification result obtained based on the remaining N − 1 settings,
which was determined by voting (i.e., a data node was considered to
be classified in a certain group, if among these N − 1 settings, the
largest number of settings classified the data node into this group).
The classification consistency of a given K σ( , )i j setting was defined
by the number of matched classifications divided by the total

number of data nodes. This metric is denoted by Agr hereafter.

• Classification certainty: This criterion evaluates, in a given setting
K σ( , )i j , the certainty (expressed by convergence probability) in
classifying each data point to the group determined by voting among
N − 1 settings describe above. Denoting the convergence probability
of classifying a data point xm to the group determined by voting
among N − 1 settings, Lm, by Pr Lx( → )mm , the classification
certainty in a given setting of K σ( , ) was quantified by:

CTY
Pr L

M
x

=
∑ ( → )

,m
M

mm=1
(7)

where M is the total number of data nodes.

Denoting the product of Agr and CTY by S, the K σ( , ) setting
associated with the highest S was selected in all experiments presented
in the Results section.

Fig. 6. Two example subjects showing progression and regression at the carotid bulb. The first row shows corresponding axial images extracted from the 3D ultrasound images acquired
at (ai) baseline and (aii) follow-up with lumen and outer wall outlined in red and dark yellow respectively, and (aiii) the 2D VWT-Change map generated for a patient experiencing
progression at the carotid bulb. The second row shows the axial images at (bi) baseline and (bii) follow-up with lumen and outer wall outlined in red and dark yellow respectively, and
(biii) the 2D VWT-Change map generated for a patient experiencing regression at the carotid bulb. The black lines in (aiii) and (biii) represent the location of the axial images. The
arrows show regions where progression or regression occurred. The white lines in the axial images (ai), (aii), (bi) and (bii) indicate the locations where the 3D VWT-Change maps were
cut and unfolded as detailed in Section 2.2. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)

Fig. 7. Two example subjects showing progression and regression at the CCA proximal to the entrance of ECA. The first row shows corresponding axial images extracted from the 3D
ultrasound images acquired at (ai) baseline and (aii) follow-up with lumen and outer wall outlined in red and dark yellow respectively, and (aiii) the 2D VWT-Change map generated for
a patient experiencing progression at the CCA region. The second row shows the axial images at (bi) baseline and (bii) follow-up with lumen and outer wall outlined in red and dark
yellow respectively, and (biii) the 2D VWT-Change map generated for a patient experiencing regression at the CCA region. The black lines in (aiii) and (biii) represent the location of the
axial images. The arrows show regions where progression or regression occurred. The white lines in the axial images (ai), (aii), (bi) and (bii) indicate the locations where the 3D VWT-
Change maps were cut and unfolded as detailed in Section 2.2. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)
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3. Results

3.1. Toy data experiment

We executed the proposed graph-based framework for the GHK and
WCos similarity functions with K ranging from 4 to 23 and σ ranging
from 0.3 to 2.0 multiplied by the median of pairwise distances between
data points in this synthetic 2D data set, denoted by D. When the GHK
similarity function was used, S was optimized at K=5 and σ D= 0.4 , and
when the WCos similarity function was used, S was optimized at K=8
and σ D= 0.4 . Fig. 9 shows the converging probability of each of the 22
unlabeled data points to the responder label (i.e., the (−2,−2) data
node). To objectively compare the performance of the GHK and WCos
similarity functions, a ground truth for the classification was estab-
lished as follows. Data nodes with both x and y components positive
were non-responders and those with both components negative were
responders. Responders and non-responders defined this way were
enclosed by squares and triangles respectively in Fig. 9. We used a
metric similar to S defined previously to quantify the performance of
the framework when the GHK and WCos similarity functions was used.
The performance metric differed from S in that the ground truth we
just established served as the benchmark, replacing the classification
results established by leave-one-out voting scheme described Section
2.3.4. Agr associated with the GHK and WCos similarity functions are
respectively 93% (13/14 with only misclassification for Node 4) and

100%. CTY associated with the GHK and WCos similarity functions are
respectively 0.75 and 0.94.

Comparing the converging probabilities for Node 4 generated based
on the GHK and WCos similarity functions helps elucidate the behavior
of the two similarity functions. The GHK similarity function only
considered the distances between nodes without taking into account
the agreement of signs of the (x, y) components. As shown in Fig. 5, if
distance alone was considered in defining similarity, Node 4 belonged
to a cluster that included Nodes 1, 2, 5, 6 and 13, which had a high
probability of transitioning from Nodes 14 to 22 and eventually to the
labeled Node 24. In contrast, the WCos similarity function considered
the angle between positional vectors associated with data nodes, with
nodes making an angle greater than π /2 with the Node 4 all assigned a
transition probability of 0 to Node 4. Assigning transition probability
this way divided the feature space into two halves: one half with nodes
equipped with positional vectors that made an angle less than π /2 with
the positional vector of Node 4, and nodes that did not satisfy this
condition made the other half, which were all assigned zero transition
probability to Node 4. Since the transition probabilities from a point to
other points summed to 1, the WCos similarity function gave a larger
weight of transition probability to points that belonged to the same half
as Node 4. In addition, the WCos similarity function also awarded
points with x and y components that were of the same signs as those of
Node 4. These two criteria gave the highest transition probability to
Node 9, which had a high probability to propagate to Node 12, which
was in turn likely to converge to Node 23, the labeled point represent-
ing the ground truth.

3.2. 3D ultrasound study

Forty 2D VWTΔ maps were involved in each of the two experiments
evaluating the WCos and GHK responsiveness metrics, including 5
maps generated for each of the 4 subjects with repeated segmentations,
and a map generated for each of the 10 atorvastatin and 10 placebo
subjects. The experiment was designed in this way because of the need
to maintain a relative balance in terms of the number of patients
experiencing progression and regression to reduce bias in the random
walk algorithm. For this reason, it would not be appropriate to involve
only patients in either the atorvastatin or placebo group in an analysis
because patients receiving atorvastatin were more likely to experience
plaque regression and those receiving placebo was more likely to
experience no change or progression. Therefore, we included the same
number of patients in the atorvastatin and placebo groups (i.e., 12/
group) in an effort to maintain a relative balanced distribution of data
points.

Parameter optimization were performed as described in Section
2.3.4 when the WCos and GHK similarity functions were used. The

Fig. 8. Localized template set: templates defined for characterizing VWT progression/regression at the carotid bulb and the region proximal to the entrance of the external carotid artery
(ECA).

Fig. 9. Converging probabilities to the labeled node (−2,−2) (i.e., responder template) of
22 unlabeled data nodes in the toy data set when the GHK-based and WCos-based
random walk framework were used. Ground truth was established for data nodes
enclosed by squares (responders) and triangles (non-responder).
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graph-based random walk framework completed in 3 s for each K σ( , )
setting. For the study involving the uniform template set described in
Section 2.3.3 (Fig. 4), the optimized K and σ were 6 and D0.4
respectively for WCos, and 7 and D0.4 respectively for GHK, where D
was the median of pair-wise distances between data points represent-
ing the 2D VWTΔ maps. Fig. 10 shows 2D VWTΔ maps constructed for
4 representative subjects enrolled in the atorvastatin group (Fig. 10a–
d) and the placebo group (Fig. 10e–h) with corresponding probabilities
of convergence of each map to the uniform regression template
(Fig. 4b) generated using the WCos and GHK similarity functions,
denoted by WCos and GHK respectively, and VWTΔ measurement.

There was a large variability in the responsiveness of subjects
within the same group. Representative maps were shown for subjects
with the largest VWT regression in the atorvastatin group (Fig. 10a)
and the placebo group (Fig. 10h), and the largest VWT progression in
the atorvastatin group (Fig. 10d) and the placebo group (Fig. 10e) as
well as two maps for each group with changes between the maximum
and minimum. Due to this responsiveness variability within each
treatment group, the proposed graph-based biomarker quantifying
responsiveness was not able to discriminate the atorvastatin from the

placebo group in a statistically significant manner (P=0.33 for WCos).
However, the goal of developing the proposed biomarker was more on
identifying subjects who experienced rapid progression as these sub-
jects are associated with a higher risk of vascular events [6–8]. Clearly,
there was a need for grouping subjects based on the responsiveness.
Established global biomarker such as VWVΔ , although not able to
quantify localized changes, could be used as a benchmark to perform
the necessary grouping of subjects required to assess the sensitivity of
the proposed VWT-based biomarkers in identifying subjects with rapid
progression. Here, among the 20 subjects with a single segmentation, 7
subjects with VWVΔ < 0 mm3 were grouped into the “Responsive”
group, whereas the remaining 13 subjects were grouped into the
“Unresponsive” group. However, we would emphasize that neither
WCos nor GHK measurements were affected by the grouping. The
grouping here just allowed us to carry out T-tests in order to evaluate
the sensitivity of WCos and GHK in detecting responders. Table 1
shows the results of T-tests performed based on WCos, GHK and

VWTΔ .
Table 2 shows the standard deviations (SD) and intra-class

correlations (ICC) associated with WCos, GHK, VWTΔ and VWVΔ for

Fig. 10. 2D VWT-Change maps of representative subjects in the atorvastatin and placebo groups, with the probabilities of convergence to the uniform regression template (Fig. 4b)
computed based on the WCos and GHK similarity functions and VWTΔ measurements displayed. (a) and (d) show the arteries with maximum and minimum VWT regression
respectively in the atorvastatin group. (b) and (c) show two arteries with VWT regression between the maximum and minimum. (e) and (h) show the arteries with maximum and
minimum VWT progression respectively in the placebo group. (f) and (g) show two arteries with VWT progression between the maximum and minimum.
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the 4 subjects with repeated segmentations based on measurements
from different experimental settings. The parentheses indicate the
number of measurements used in SD and ICC calculation. Setting I
refers to the experimental setting described in the first paragraph,
where 40 maps were involved (4 subjects × 5 repetitions + 20 subjects
× 1 segmentation). In this setting, each map was associated with a
measurement for each of the four biomarkers. Thus, for each biomar-
ker, each of the 4 subjects with repeated segmentations had 5
measurements. Rows 2–3 in Table 2 show the SD and ICC obtained
in Setting I.

Setting I did not account for the effect of segmentation variability in
the 20 subjects with only a single segmentation. Since repeated
segmentations were not available for these subjects, we simulated the
segmentation variability as follows. We pooled the point-wise SDs in

VWTΔ of the 4 subjects for which 5 repeated segmentations were
available, obtaining a pooled SD of 0.35 mm. The segmentation
variability was simulated by adding a zero-mean Gaussian noise with
a SD of 0.35 mm to each point of the 20 VWTΔ maps with a single
segmentation. The random walk algorithm was executed in Setting II
with these 20 noisy maps and the 20 maps from the 4 subjects with 5
repeated segmentations. Rows 4–5 in Table 2 show the SD and ICC
obtained based on a total of 10 scores computed for each of the 4
subjects with repeated segmentations, 5 obtained in Setting I and 5 in
Setting II. Based on these results, we do not expect a large increase in
variabilities of WCos and GHK even if repeated segmentations were
available for the 20 subjects.

This graph-based algorithm shared with clustering algorithms in
that the metrics generated for a given individual depended on the
whole set of data. Thus, there was a requirement to assess the
reproducibility of the metrics for different sample sizes. We performed
two experiments in which different number of subjects were involved in
the random walk framework. In Setting III.A, 6 out of 10 subjects with

a single segmentation were randomly selected, which together with
maps generated from 4 subjects with 5 repeated segmentations were
included in the analysis (i.e., a total of 32 maps were involved: 6
subjects/treatment groups × 2 groups + 4 subjects with repeated
segmentations × 5 maps/subject). Setting III.B was similar to Setting
III.A except that 8 subjects with a single segmentation instead of 6 were
included, resulting in a total of 36 maps (i.e., 8 subjects/treatment
groups × 2 groups + 4 subjects with repeated segmentations × 5 maps/
subject). Rows 6–7 in Table 2 show the SD and ICC obtained, based on
a total of 10 scores computed for each subjects with repeated
segmentations, 5 from Setting I and 5 from Setting III.A. Rows 8–9
in Table 2 show those obtained based on 5 scores from Setting I and 5
from Setting III.B. Finally, the 20 scores generated for each subject
with repeated segmentations in all four experimental settings were
combined in the calculations of SD and ICC (Rows 10–11 in Table 2) to
assess the variability contributed by all sources modelled. Fig. 11 shows
the five 2D VWT-Change maps generated for two subjects based on
repeated segmentations together with the corresponding WCos and
GHK generated in the four experimental settings as well as the VWTΔ
measurements. The SDs computed in these five combinations were
similar for WCos and GHK. The ICCs for WCos were greater because
WCos was associated with larger inter-subject variability, which was
responsible for a sharper discrimination between responsive and
unresponsive subjects demonstrated in Table 1. Considering all sources
of variability modelled in this study, the ICC associated with WCos was
still superior to those associated with VWTΔ and VWVΔ .

Considering the low contrast associated with the GHK similarity
function between the responsive and unresponsive subjects shown in
Table 1, only the WCos similarity function was applied for the study
involving the localized template set described in Section 2.3.3 (Fig. 8).
The optimized K and σ were 6 and D0.4 respectively, same as those
obtained for the uniform template set. Fig. 12 shows the 2D VWT-
Change maps that converged to each of the four templates with more
than 50% probability. It can be observed that the proposed framework
was still effective when more than two templates were used, and that it
could pick up the most pronounced feature from each carotid map,
which had a much more complex distribution than the templates.

4. Discussion and conclusion

In this paper, we developed a sensitive biomarker to describe the
VWT-Change distribution using the whole VWT-Change distribution
of each subject represented as a high-dimensional data node in a
graph-based random walk framework. We made a contribution in
designing the novel Weighted Cosine (WCos) similarity function
tailored for discriminating 2D VWT-Change maps representing re-
sponders and non-responders to treatment that took three factors into
consideration: (i) the component-wise sign agreement, (ii) the angle
between position vectors of the data nodes and (iii) the Euclidean
distance between the data nodes in the high-dimensional space. As
tabulated in Table 1, the WCos-based biomarker has a p-value 4 times
smaller than the GHK-based biomarker and 14 times smaller than

VWTΔ in the discrimination between VWT responders and non-
responders. The poor contrast between the responsive and unrespon-
sive groups demonstrated by the GHK-based biomarker are attribu-
table to the phenomenon widely referred to as the “curse of dimen-
sionality”. As dimensionality increases, the Euclidean distance to a
point's farthest neighbor approaches the distance to its nearest
neighbor when the dimensions increase to as few as 15 [27]. As GHK
is a function of the Euclidean distance, the use of GHK in the current
investigation resulted in a low contrast between the responsive and
unresponsive groups, which renders the GHK-based biomarker not
useful in the clinical setting. In fact, this important issue was not
sufficiently reflected by the p-value in T-test as the standard deviations
within the responsive and unresponsive groups were also small due to
the equalization of distances in high-dimensional spaces as described

Table 1
T-test results for three biomarkers. The first two columns show the mean and standard
deviation (in parenthesis) of each biomarker for the two groups and the third column
shows the p-values associated with T-tests.

Parameter Responsive Unresponsive p

WCos 0.79 (0.18) 0.24 (0.18) 2.7 × 10−5

GHK 0.56 (0.04) 0.44 (0.06) 1.1 × 10−4

VWTΔ (mm) −0.12 (0.09) 0.13 (0.16) 3.8 × 10−4

Table 2
Standard deviations (SD) and intraclass correlations (ICC) for four biomarkers obtained
from repeated segmentations based on measurements from different experimental
settings. For each biomarker, Settings I, II, III.A, III.B each generated 5 measurements
for each subject with repeated segmentations. The parentheses indicate the total number
of measurements used in the SD and ICC calculations.

Measurements included Parameters

WCos GHK VWTΔ (mm) ΔVWV (mm3)

I(5)
SD 5.2 × 10−3 0.011 0.062 20.0

ICC 0.998 0.919 0.716 0.762
I, II (10)

SD 0.020 0.014 – –

ICC 0.973 0.920 – –

I, III.A (10)
SD 0.027 0.024 – –

ICC 0.949 0.762 – –

I, III.B (10)
SD 0.021 0.028 – –

ICC 0.968 0.702 – –

I, II, III.A, III.B (20)
SD 0.026 0.025 – –

ICC 0.950 0.781 – –
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above. The introduction of the WCos similarity function has resolved
this issue. In addition, we modelled the variability in the graph-based
biomarkers contributed by (i) segmentation variability (Setting II in
Section 3.2) and (ii) variability due to the difference in the number of
samples involved in the graph-based framework (Setting III.A and B in
Section 3.2). With these sources of variability considered, ICC asso-
ciated with WCos (0.95) was still much superior to those of existing
biomarkers ( VWTΔ : 0.72 and VWVΔ : 0.76).

The VWTΔ maps were constructed using the same lumen and outer
wall boundaries used for VWVΔ measurements. Although VWVΔ
measurement was developed and validated as a more reproducible
and less operator-dependent biomarker than total plaque volume
change ( TPVΔ ) [17,25], which has been widely used in quantifying
atherosclerosis from 3D ultrasound [28–30], one major concern

regarding the use of VWVΔ measurement was a reduction on the
sensitivity as compared to TPVΔ in detecting plaque progression and
regression due to the inclusion of intima and media [25,31], the
increase in thicknesses of which may be caused by hyperintensive
medial hypertrophy and not related to atherosclerosis [32]. Since

VWTΔ was measured using the same segmented boundaries as
VWVΔ , it may be susceptible to the same limitation. The increase of

sensitivity generated by the proposed method will play a role in
offsetting the effect of this limitation.

In addition to developing a biomarker that described whether a
subject response to the treatment, the proposed framework was
extended to describe where the response occurred. The converging
probabilities to the four localized templates served as metrics that
described where the progression/regression took place. These metrics

Fig. 11. Five 2D VWT-Changemaps generated for two subjects from repeated segmentations with probabilities of convergence to the uniform regression template (Fig. 4b) computed in
Settings I, II, III.A, III.B based on the WCos and GHK similarity functions as described in Section 3.2 and VWTΔ measurement displayed for each map.
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have the potential to help address whether the relative risk of vascular
events is correlated with the location where rapid progression occurs in
future clinical investigations. The framework is flexible for inclusion of
more templates, thereby grouping carotid maps into more clusters to
provide more detailed description regarding the location of focal VWT
progression.

Limitations of this study include the small patient group involved.
As the expert observer required 30 min to complete a single segmenta-
tion for each image, segmentation time involved in this study was
already quite considerable. While we acknowledge that a large scale
study with diverse patterns of VWT-Change distributions will be
required to validate whether the improved sensitivity produced by
the framework is clinically relevant to a larger population, it would be
sensible to perform a pilot statistical evaluation on this novel technique
in this small population before analyzing more subjects. As we have
demonstrated the improved sensitivity of the proposed technique here,
it can be incorporated into our existing pipeline [18,19], and applied in
future clinical studies similar to those previously described [25,33].
Second, for each patient, the 3D VWT maps at baseline and follow-up
(Fig. 2ci, cii) were rigidly registered about the bifurcation for point-
wise VWT-Change computation (Fig. 2ciii), without considering the
potential non-linear distortion in the carotid artery due to different
head positioning and orientations [34]. The stiffness [35] of the carotid
artery increases and distensibility [36] decreases with age and the
progression of atherosclerosis. As this study involves older subjects
(69.2 ± 9.0 years), mismatch in registration was less of a problem as
shown in Fig. 13 illustrating the registration results for three example
subjects. However, we acknowledge that there is a need for optimizing

point-wise surface matching between the VWT maps obtained at
baseline and follow-up for more accurate point-wise VWT-Change
calculations. Another full analysis would be required to quantify the
difference between biomarkers obtained using rigid registration and
those based on various non-rigid registration techniques. Third, in
contrast with global biomarkers, such as TPV, VWV and mean VWT,
that express the amount of plaque and vessel wall burden in a physical
dimension, WCos, as an index quantifying the spatial distribution
pattern as well as the amount of VWT-Change of a complex map with
5000 VWTΔ measurements, is not expressed in a physically tangible
unit. The concept of the probability of a patient being a responder of a
treatment may be more difficult to be grasped by clinicians compared
to global measurements. Nonetheless, once this concept is accepted,
the proposed framework can be used to analyze results obtained in a
large randomized placebo-controlled trial with multiple treatment
arms. Since WCos is available for each patient, the responsiveness of
any patient from different treatment arms can be directly compared. A
multiple comparison test, such as Tukey's test [37], can be applied to
test whether the difference between each pair of treatment arms is
statistically significant.

Another limitation was related to the use of synthetic templates in
this study in which we piloted the approach instead of generating these
templates based on clinical data. The rationale for using the uniform
template set (Fig. 4) to quantify VWT responsiveness was to provide a
fair comparison with VWTΔ , as detailed in Section 2.3.3. As carotid
atherosclerosis is a focal disease that tends to occur at the bifurcations
and bends, it may be more useful for risk stratification and patient
monitoring to focus on the VWT responsiveness of these regions in

Fig. 12. 2D VWT-Change maps that converge to (a) the progressive carotid bulb template (Fig. 8a), (b) the regressive carotid bulb template (Fig. 8b), (c) the progressive ECA template
(Fig. 8c) and (d) the regressive ECA template (Fig. 8d) with greater than or equal to 50% probability.
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designing a biomarker for VWTΔ quantification, which was the under-
lying reason for performing the experiment using the localized
template set shown in Fig. 8. While the proposed framework has the
advantage that the templates can be adjusted for flexibility to detect
different patterns of focal progression/regression, we acknowledge that
there is an important requirement to standardize the templates in
order for it to be translated to clinical use. To address this limitation,
we are currently performing large scale clinical analyses for patients
undergoing different treatments to develop VWT response atlas based
on the 2D standardized mapping of the carotid arteries. Nonetheless,
the current study has demonstrated the effectiveness of the proposed
random walk framework in quantifying focal VWT response based on
multiple spatially localized progression and regression templates as
shown in Fig. 12. When the VWT response atlas developed from a large
scale clinical study is available, it can be used to develop focal
templates, which can easily replace the synthetic templates used in
this pilot study without any modification in the implementation of the
graph-based random walk framework proposed here.
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