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Hepidnyn

H vrepnyoypopia pe okioypapucég ovsieg [Dynamic Contrast-Enhanced Ultrasound
(DCEUS)] mapéyxet onpovtikés dSuvototTnTeg oV KAMVIKO £pYOAEio Yo TNV avdAvon Kot
TOGOTIKOTOINGN TNG OATOONS TOV 10TOV  KOOMG Kol Yoo TNV KOTOVONOT TNG
ayyeloyévveone madncemv. Xvykeykpuyéva 1 Tpoodoc VOONUATOV OTM¢ Kokonong
Nratikol OyKol, KAPKIVOUOTO GTOLG VEPPOLSG KOl aONP®UATIKEG TAAKES GTNV KOPOTION
umopel va. mapakorovBeitar pe v mocotikomoinon tov DCEUS. Qotdéco 1 a&idomot
nocotikonoinom pe DCEUS éxel mepropiopovg 6mme 1 e£aptnon amd Tig KavOTnTeES TOV
YEWPLOTY, KOPEGUO ONUOTOG, PLUGIOAOYIKN Kivnom kot B6pvPo otiypatoc. Xe oavtn v
dwaxtopikn dTpiPr] mopovcslaletor €vag KovOTopog aAyoplOuog yio TNV avtOUOTN
dpbwon ¢ avamvevotikng kivnong [Automatic Respiratory Gating (ARG)] o omoiog
OVTOMOKPIvETAL OTIC OLOKOMeg otnv ypnon povtédwv indicator dilution yww v
TOCOTIKOTOINONG TNG OMUATOONG GE 10TOVG HE CNUOVTIKN poN aipaTog 0TS MTaTikol
oyKotl. Xe avtifeon ot afnpoUATIKEG TAAKEG GTNV KOp®TIdo £(ovv eAdyIOTN POT| OIATOC
KOTA GUVETEWD OYEIAOTNKE HEHOOOG Yo TNV TOGOTIKOTTOINGN TOL TOGOGTOV EKTACNG TNG
apdTmong g TAdkag dedopévou 0Tt to povtéda indicator dilution dgv 1GyvoLV.

O xowotépoc aryopiOuog ARG Eemepvd opketd peOVEKTAUATO OAYOPOU®V
10pHmOoNG aVaTVELGTIKG Kiviiong mov vadpyovv oty PiAloypaeio emdeikvoovag TV
wKavOTNTA Vo 0potpel TNV Kivnom eviog Kot EKTOG TOL OMEIKOVIGTIKOV ETITEOOV, VYNAN
VTOAOYIGTIKT AtOO00T d10pHdVoVTaS i 2 AETTOV SUPKEWS ATEIKOVIOT GE MYOTEPO OO
10 devtepoOrenta kol evkoAior otV ¥pnon. H avénon oty aélomortio pe v xpnion tov
ARG g 0yKOVLg TOV NTOTOG OMOSEIKVOETAL PE TNV XPNON KMVIK®OV OedopéveV pe pia
ONUOVTIKT o0ENCT GTNV TO10TNTO TPOGOPHOYNS TOL HOVTEAOL oTa dedopéva (p<0.05).

‘Eva povtélo efopoimong tng OvVOmTVELSTIKNG KIVNONG OVOTTUGOETOL YL TNV
dtepedivnon ¢ wKavotntag tov aAydopiBpov ARG oty peiwon Tov TOGOGTINIOL
CQAALOTOG TOV TOPAUETPOV TTOCOTIKOTOINOTG OO TIG TPOYLATIKES TOVG TIHES. To poviého
amodekvoel 0tt m ypnon tov ARG pmopel va peidost 10 pPEYISTO GOPOAUO OTIC
napopétpoug amd 32.3% oe 6.2%. Emiong Jdepguvdviar Ol EMMTIOGES OGNV
TOGOTIKOTOINGN LLE TNV TOPOVGIN TOAAATANGLOGTIKOV Bophfov.

‘Evog odyoptBpoc ovamtdooeTot Yo TOV VTOAOYIGHO TOV TOGOGTOV EKTOGNG TNG
AULETOONS TOV afNPOUATIKOV TAAK®OV 6TV Kopotida pe v ypnon DCEUS. H mototwkn
Babuovounon g apdTOoNng TOV 0ONPOUATIKOV TAOKOV YPNOYOTOLEITE Yot TNV
eMKOpwoN NG mocotikonoinong. H mootikny 6nwg kot 1 mocotikn Pabuovounomn g
OLLATOONG TOV aONPOUATIKOV TAAKOV OTOOEKVOOVY OTL 1] £KTOGT TNG OUATOONG TS
TAOKES OE CULUMTOUOTIKOVG acbeveis eivar onuavIkd pewwpévn o€ oxéom HE TOVG
acvpuntopatikovg (p<0.05). To mocootd €KTAoNS TNG AUATOONG TG TAAKOS TAPEXEL TV
SVVATOHTNTO TNG TOVTOTOINGNG TV YOPAKTNPIOTIKGOV EVAAMTOV TAAK®V OIS €MoNG Kot
OALOYEG OTNV LKPOPOT) LLE TNV YPNON AVTIOONPOUATIKOV BEpOTEDV.
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Abstract

Dynamic contrast enhanced ultrasound (DCEUS) holds great promise as a clinical
tool for the analysis and quantification of tissue perfusion and it can provide valuable
insight into the development of disease neovascularization. Specifically the progress of
diseases such as malignant liver lesions, renal carcinomas and carotid atherosclerotic
plaques can be monitored using quantitative DCEUS. However the reliable implementation
of quantitative DCEUS has several limitations like operator dependence, signal saturation,
physiological motion and speckle noise. In this thesis a novel automatic respiratory gating
(ARG) algorithm is developed to address challenges in the use of indicator dilution models
for the quantification of tissue perfusion that exhibits a high amount of blood flow such as
liver lesions. Contrary carotid plaques exhibit very low blood flows and a method is
formulated to calculate the percent perfusion coverage of the plaque’s area given than
indicator dilution models are not applicable.

The novel ARG developed overcomes many of the limitations of respiratory
compensation methods published in the literature demonstrating efficiency in removing in-
plane as well as out-of-plane motion, high computational speed by processing a 2 minute
DCEUS acquisition in less than 10 seconds and ease of implementation. The increase in
the reliability of liver lesion DCEUS quantification with the use of ARG is demonstrated
using clinical data with a significant increase in the quality-of-fit of perfusion modeling
(p<0.05).

A respiratory motion simulation model (RMSM) is constructed to investigate the
efficiency of ARG in reducing the percentage error of DCEUS quantification parameters
from their true values. The RMSM demonstrates a decrease in the maximum percentage
error of DCEUS quantification parameters from 32.3% to 6.2% with the use of ARG. The
implications of the presence of multiplicative noise in liver lesion DCEUS acquisitions are
also studied and quantified using the RMSM.

An algorithm is developed for the calculation of the percent perfusion coverage of
carotid atherosclerotic plaques from DCEUS acquisitions. Visual scores of carotid plaque
perfusion are used to validate the results from the DCEUS quantification analysis. Both the
percent perfused area with DCEUS quantification analysis and the qualitative scores
demonstrate that the extent of carotid plaque perfusion for symptomatic patients is
significantly less than asymptomatic (p<0.05). Percent perfusion coverage has the potential
to identify the perfusion characteristics of vulnerable carotid plaques and to also assess
changes in the microflow caused by anti-atherosclerotic therapies.
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1-Introduction

Medical imaging harnesses the knowledge of physical phenomena like ultrasound,
X-rays, radioactivity and magnetic resonance to provide clinicians with effective
diagnostic tools. Information can be provided into the function, pathology and structure of
the human body helping with the timely diagnosis of disease. The data provided by any
medical imaging modality needs to be readily accessible and accurate to maximize its
diagnostic potential. Algorithms and tools have been developed to quantify, enhance,
segment and visualize medical imaging data to facilitate reliable, reproducible and accurate
diagnosis. This thesis focuses on providing such algorithms and methods in order to

maximize the diagnostic potential of quantitative functional contrast-enhanced ultrasound.

1.1 Dynamic contrast enhanced ultrasound (DCEUS)

Ultrasound is a non-invasive, relatively inexpensive, portable imaging modality with
no adverse ionizing radiation effects. The publication of The Theory of Sound by Lord
Rayleigh in 1877[1] and the discovery of piezoelectric materials by Pierre Curie in 1880[2]
were crucial in the development of medical and industrial ultrasound. Developments in
methods and materials resulted in the first use of medical diagnostic ultrasound in 1942 by
Karl and Friedrich Dussik in Austria[3] for the detection of brain tumor location.

The use of ultrasound imaging in medicine for the study of anatomical features is
based on the pulse-echo principle. Ultrasound pulses are transmitted using the piezoelectric
elements of an ultrasound probe and the echoes reflected from tissue are detected. The time
delay between transmission-reception of the echoes and the speed of sound in tissue is used
to determine the location from which a specific echo has originated. In addition the
amplitude of the detected echo will determine the grey-scale level of the resulting
ultrasound image. By transmitting multiple pulses along different piezoelectric elements of
the ultrasound probe a B- mode or tissue ultrasound image of the patient’s anatomy can be

constructed (Figure 1-1).
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Piezoelectric Echo

element W

Ultrasound
Probe

Transmitted
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Figure 1-1: a) Demonstration of the pulse-echo principle used in ultrasound imaging. Pulses are transmitted
from the ultrasound probe and echoes are reflected from the patient’s anatomical features. The time delay
between the echoes along with their amplitudes is used to construct an image of the patient’s anatomy. b)
Example of an ultrasound tissue image of the liver.

The medical use of diagnostic ultrasound has been enhanced with the development of
contrast agents that allow for the visualization of tissue perfusion[4]. Ultrasound contrast
agents are microbubbles usually consisting of a phospholipid shell encompassing an inert
gas like sulfur hexafluoride (SFg). Microbubbles have the similar size as red blood cells (1-
10um) and do not leak into the interstitial space making them a pure blood-pool contrast
agent and thus suitable for the study of tissue perfusion. The microbubbles are introduced
into the blood stream intravenously either as a bolus or a constant infusion[5], [6].

Microbubbles produce non-linear echoes when they interact with ultrasound pulses.
These non-linear echoes contain harmonic components of the pulse’s fundamental
frequency (f,). With the use of pulsing schemes like pulse inversion (PI), power
modulation (PM) or their combinations[7], [8] the echoes originating from microbubbles
can be differentiated from the echoes received from tissue (Figure 1-2). The correct
implementation of these pulsing schemes is crucial in ensuring that image intensity

corresponds to the quantity of microbubbles present in the vasculature.
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Figure 1-2: lllustration of non-linear echoes produced by a microbubble oscillating[9] under the pressure
induced by a transmitted ultrasound pulse[10]. The harmonic components of the resulting non-linear echo
(2f,, 3fo, ...) can be differentiated from echoes originating from tissue using Pl or PM pulsing schemes.

The clinical use of microbubbles as an ultrasound contrast agent allows for real-time
imaging of tissue perfusion. Dynamic contrast enhanced ultrasound (DCEUS) has been
used widely in radiology for the study of the response to treatment of liver metastases[11],
the evaluation of focal nodular hyperplasia in the liver[12], the visualization of
atherosclerotic plaque neovascularization[13] and the evaluation of response to treatment
of metastatic renal cell carcinoma[14].

DCEUS enables a clinician to diagnose a medical condition by visual evaluation of a
frame (image) or a loop (series of images) of the flow of microbubbles in tissue and
vessels. Such a diagnosis can be performed by injecting the microbubbles as a single bolus
intravenously and then observe the perfusion patterns in the large vessels and the
microcirculation. The DCEUS images are often displayed side-by-side with tissue
ultrasound images in dual-contrast imaging mode in order to provide for simultaneous
anatomical and functional imaging.

Specifically DCEUS can be used to visualize the different phases of liver perfusion.
Using a bolus injection the microbubbles can be seen entering the liver parenchyma
through the hepatic artery in the first 15-30 seconds (arterial phase) followed by
microbubbles flowing into the liver from the hepatic portal vein in the subsequent 30-120
seconds (portal venous phase). The ultrasound contrast agent is then washed-out from the

normal liver parenchyma via the hepatic vein. Lesions can be differentiated as malignant or
4
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benign by comparing their wash-in and wash-out times compared to the normal liver
parenchyma. For example benign focal nodular hyperplasia (FNH) lesions exhibit early
enhancement during the arterial phase that is sustained through the portal venous phase in
contrast with some malignant lesions that appear as hypoechoic during the portal venous
phase[15] (Figure 1-3) .

Arterial Phase
T=15sec

Portal Venous Phase
T=60 sec

Figure 1-3: A liver lesion is shown both in contrast mode (left) and B-mode (right) at different times (T) from
the arrival time of the microbubbles in the liver. In the early arterial phase (T=15 sec) the lesion (dotted white
line) can be clearly seen in DCEUS mode (white arrow) whereas in the portal venous phase (T=60 sec) the
lesion cannot be seen since it exhibits identical wash-out kinetics as the surrounding normal liver tissue.
Thus, by detecting perfusion in the microcirculation and the overall vascular patterns a suspected lesion can
be diagnosed as a benign FNH.

Quialitative evaluation of DCEUS can be a valuable clinical tool in the hands of a
trained clinician. Nevertheless a quantitative approach to DCEUS can have a number of
advantages. It provides the operator with metrics that can aid with the diagnosis and offers

functional information that would otherwise not be accessible via visual examination.
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Subtle changes in the microvasculature that would be difficult to detect using qualitative
DCEUS can be identified as relative or absolute changes in quantitative DCEUS metrics.
This can be particularly useful in monitoring changes in the perfusion of disease at
different stages of treatment. Mathematical methods and algorithms can be used in
quantitative DCEUS that give metrics relating to physical quantities like blood flow
rate[16] or extend of neovascularization[17].

A widely used method of DCEUS quantification is the segmentation of a structure
using a region of interest (ROI) and extraction of the mean linear DCEUS intensity within
the ROI as a function of time to form a time-intensity curve (TIC) [5], [6], [11], [18]. A
mathematical model can be fitted on the TIC and useful information can be extracted
regarding the hemodynamics within the ROI.

Indicator dilution models in quantitative DCEUS are used in order to extract
quantification parameters that can be a relative measure of flow rate like the rise time (RT),
mean transit time (MTT) and area under the curve (AUC)[16], [19]. The vascular volume
contained in the ROI can also be related to the peak intensity (Pl1) derived for the
mathematical model (Figure 1-4). Empirical quantification parameters like the wash-in
time (WIT) (time it takes for the intensity to go from 5% of the Pl to 95%) have also been
used in the literature[11]. In addition to the physical assumptions[16] made in the clinical
use of indicator dilution models it is also crucial that the time intensity curve is
representative of the hemodynamics of the tissue under investigation. Therefore it is
imperative to remove any artefacts or sources of uncertainty from the time intensity curve

before the indicator dilution model is fitted on the data.
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Figure 1-4: Bolus kinetics curve showing wash-in and washout of the contrast microbubbles. The lognormal
indicator dilution model[16] (solid line) is fitted on DCEUS mean linear intensity data (dots). The DCEUS
quantification parameters of RT, MTT, Pl and AUC are indicated on the curve and can be extracted from the
lognormal model.

1.2 Quantitative DCEUS of liver lesions and respiratory motion

Numerous studies have used quantitative DCEUS in order to assess the response of
malignant liver lesions to treatment[11], [20], [21]. In a study by Averkiou et al.[11]
quantitative DCEUS was used to predict the response of patients undergoing a combination
of antiangiogenic and cytotoxic treatments. By taking the ratio of the WIT of the liver
lesions to the WIT of the normal liver parenchyma four out of five patients that had a
response were identified during the first week of treatment. A 2011 study[21] of 42
patients treated with Bevacizumab (Avastin; F. Hoffmann-La Roche, Basel, Switzerland)
for hepatocellular carcinoma (HCC) found that the lesion’s AUC and WIT correlated with
response to treatment. Zocco et al.[20] also found that AUC and RT to be significantly
associated with longer survival of HCC patients taking Sorafenib (Nexavar; Bayer Pharma
AG, Berlin, Germany).

Even though these studies have shown promise in monitoring treatment response
there are limitations that compromise the sensitivity, reliability and reproducibility of liver
lesion DCEUS. One of the most important limitations is operator dependence. Sufficient

resources must be invested in training competent ultrasound operators so that they can
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acquire consistent and reliable DCEUS loops. Other common issues encountered in liver
lesion DCEUS are acoustic shadowing, signal saturation[22] and stability of ultrasound
probe placement. Tools like surgical-type articulated arms can be used to avoid operator
hand motion during acquisitions[11]. Although care can be taken by a trained operator to
limit factors of uncertainty other problems like non-linear propagation of ultrasound[23]
and beam non-uniformity are inherent to DCEUS acquisitions.

Respiratory motion is another important limitation of liver lesion DCEUS
quantification. As the patient breaths the diaphragm pushes against the liver causing the
anatomy being imaged to change in relation to the fixed imaging plane. The patient’s
respiratory motion can potentially introduce artefacts of a lesion’s time intensity curve and
affect the results of quantitative DCEUS. Various solutions have been proposed in the
literature for correcting the effects of respiratory motion in liver lesion DCEUS.

A method used mainly for qualitative studies is for the patients to hold their breath
but this technique has very limited application to quantitative DCEUS acquisitions that can
last up to three minutes[6]. Liver lesion DCEUS quantification can also be performed by
instructing the patients to breath slowly in order to minimize respiratory motion
artefacts[24]. Although these methods can potentially reduce the effects of respiration on
liver lesion DCEUS acquisitions they rely on the patient’s collaboration and cannot be
used reliably across multiple monitoring sessions. In addition, breath holding may
influence the hemodynamics and alter the physical parameter being measured[25], i.e.,
blood flow in the microcirculation.

Post-processing techniques have also been used on free-breathing liver lesion
DCEUS acquisitions. In a study of dual-contrast acquisitions by Averkiou et al.[11] a
reference position of the diaphragm was identified on the tissue images and frames of the
DCEUS loop in which the diaphragm deviated from the reference position were manually
rejected. Despite this method being able to remove respiratory motion without relying on
the patient’s cooperation it is time consuming and it relies on the operator in identifying
the diaphragm. Grouls et al.[26] implemented a semi-automated approach of the method
introduced by Averkiou et al. and showed that it can improve accuracy of functional and
molecular liver imaging.

Automated respiratory correction techniques have also been published in the
literature[27]-[30]. Renault et al.[28] used independent component analysis (ICA) to
extract the respiratory kinetics curve from liver lesion DCEUS acquisitions. The ICA

method proposed relied on the user to manually select the respiratory kinetics curve from
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the first three principal components derived. A threshold would then been applied on the
peaks and troughs of the respiratory Kinetics curve to extract the end phases of the
respiratory cycle. The method suffered from the varying amplitude of the respiratory
Kinetics curve due to the wash-in and wash-out affecting the intensity of the DCEUS signal
during the acquisition. Mulé et al.[27] expanded on the ICA method proposed by Renault
et al. using principal component analysis (PCA) to automatically select the respiratory
Kinetics curve based on the prior knowledge that the respiratory frequency range is
between 0.1 and 0.5Hz. In addition to the automatic selection of the respiratory kinetics
curve the tissue imaging mode was used in order to avoid changes in the intensity signal of
the respiratory Kinetics curve due to the uptake of contrast agent. The method proposed by
Mulé et al. would allow for 100 frames to be processed between 6-8 seconds on a PC with
a 3GHz CPU and 2GB of RAM. The major drawback of the proposed method is that it
allows for the extraction of only the end phases of the breathing cycle and since the
acquisition is two dimensional there is no certainty what part, if any, of the lesion will be

present on the imaging plane (Figure 1-5).

Figure 1-5: Examples of liver DCEUS images showing a metastatic lesion (white arrow) at two different
breathing cycle phases with a) maximum and b) minimum presence of the lesion on the imaging plane.

Image registration techniques have also been utilized to enable respiratory motion
compensation in quantitative liver lesion DCEUS[29]-[31]. Rognin et al.[29], [31] used
the mutual information criterion to align frames onto a reference frame for parametric
imaging of liver lesion DCEUS acquisitions. The registration process allowed for 2D

translation and rotation in order to maximize the mutual information criterion and align the
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frames. Zhang et al.[30] used the sum of absolute differences criterion to perform rigid
registration with only 2D translation to correct for respiratory motion in liver lesion
DCEUS. Both studies reported a significant mean increase in the quality of fit of
parametric imaging perfusion modeling of 11%[29] and 15%[30]. The image registration
techniques proposed require user intervention in order to delineate one or more ROl on the
image to define the search space for the image registration. Furthermore the image
registration technique proposed by Rognin et al. does not offer a scheme for rejecting
frames with significant out-of-plane motion in contrast with the algorithm proposed by
Zhang et al. However the method proposed by Zhang et al. is time consuming as it can take
up to 30 minutes to process a 2 minute liver lesion DCEUS acquisition at a frame rate of 8

Hz; a computational time that is unacceptable for routine clinical use.

1.3 DCEUS of carotid atherosclerotic plaques

The role of carotid arteries is to supply the head and neck with oxygenated blood.
The carotid arteries themselves get oxygenated through a network of smaller blood vessels
known as the vasa vasorum. Pathological development of the vasa vasorum from the outer
layers into the inner layers of the vessel wall has been a consistent feature of carotid
atherosclerotic plaques[32]. Histological studies have been conducted that showed a
correlation between increased presence of neovascularization within plaques and risk of
rupture. Moreno et al.[33] analyzed 269 plaques and demonstrated a higher density of
microvessels in ruptured plagues compared to non-ruptured. In a comparative study[34]
between plaques from symptomatic patients and asymptomatic patients a significantly
higher number of microvessels were found in the symptomatic group.

B-mode ultrasound is a long established imaging modality in the classification of
carotid plaque wvulnerability. The most widely accepted categories are presented in
increasing order of plaque instability: i) uniformly echolucent, ii) predominantly
echolucent, iii) predominantly echogenic and iv) uniformly echogenic[35], [10]. While the
information provided from B-mode is restricted to anatomical features with the use of
DCEUS it is possible to provide real-time functional imaging of the perfusion of the
microvasculature of carotid plagques by detecting blood flow even at very low velocities (<
1cm/sec). Therefore DCEUS has the potential to be used as a tool to quantify the extent of
perfusion in the plaques and consequently evaluate the risk of carotid plaque patients in
presenting with symptoms. In a qualitative study of 293 atherosclerotic plaques by Staub et

al.[36] significant correlation was found between DCEUS signal enhancement and plaque
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echolucency in tissue imaging mode. Coli et al.[37] showed that a qualitative increase in
DCEUS signal intensity is correlated both with histological density of microvessels and B-
mode plaque echolucency.

The change in the intensity values due to the uptake of microbubbles can be an
additional challenge in the qualitative assessment of DCEUS loops compared to B-mode
imaging. Thus a quantitative approach would be of significant benefit to carotid plaque
DCEUS as it would allow for the extraction of easily accessible and useful clinical
information. In addition the low signal intensity within the plaque compared with the high
signal from the arterial lumen can be difficult to visualize (Figure 1-6). Other sources of
uncertainty like motion artefacts from probe movement, plague movement due to the
pulsating blood pressure and pseudo-enhancement in the far wall of the carotid artery[23]
need to be taken into account in any reliable qualitative DCEUS analysis.

A limited number of studies[17], [38], [39] have proposed gquantitative DCEUS
methods in an attempt to address the limitations of qualitative DCEUS evaluation of
carotid atherosclerotic plaques. In a study by Xiong et al.[39] the gamma variate indicator
dilution model was fitted onto time intensity curves extracted from carotid plaques and the
arterial lumen. The PI of the plaque, and the ratio of the Pl between the plaque and the
lumen were shown to be significantly higher in symptomatic patients than in asymptomatic
patients. Hoogi et al.[17] used image segmentation to detect the percentage of
neovascularization within the carotid plaque. The study found significant correlation
between the percentage area of neovascularization of carotid plaques measured with
histology and DCEUS. Adaptive image thresholding was used by Akkus et al.[38] to detect
neovascularization within carotid atherosclerotic plaques and compared the results of the
quantitative analysis with qualitative visual scores. Significant correlation was

demonstrated between the absolute and percentage areas of plaque perfusion with visual

scores of DCEUS signal enhancement.

Figure 1-6: Example of an image from a DCEUS loop of a carotid atherosclerotic plaque (red ling). With a)
using the default image contrast and brightness the plaque appears to contain no microbubbles while with b)
the upper level of the image contrast is reduced to enhance the visualization of low intensity values showing
the plaque to be perfused proximal to the lumen (white arrow).
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Even though the quantitative DCEUS studies of carotid plaque neovascularization
have demonstrated potential by showing a significant correlation with either
symptoms[39], histology[17] or visual scores[38] there are limitations to the methods
proposed. Although indicator dilution models like the gamma variate model used by Xiong
et al. have been applied effectively in the assessment of myocardial blood flow[40] they
may not be applicable to the slower flow rates within the microvasculature of carotid
plaques. In addition Akkus et al. applied the method proposed by Xiong et al. and found
that the gamma variate model failed to produce a valid fit for 20% of the plaque time
intensity curves examined. Despite that both of the methods proposed by Akkus et al. and
Hoogi et al. quantify the area of neovascularization within the carotid plaque the two
studies report notably different results. Hoogi et al. analyzed plaques from 22 patients and
found the percentage of plaque neovascularization to vary approximately between 0 and
20% whereas Akkus et al. reported significantly higher percentages with a mean of
32.69%. However there are differences in the characteristics of the patient populations
examined by the two studies with 68% of the patients studied by Hoogi et al. being
asymptomatic while Akkus et al. considered only patients with symptomatic stenosis.

1.4 Scope of this thesis

The scope of this thesis is to develop, test and clinically validate methods and
algorithms for the quantification of perfusion in the microcirculation. In particular the
thesis aims in significantly reducing the detrimental effect of respiratory motion on the
accuracy and reliability of liver lesion DCEUS quantification. A novel algorithm for
automatic respiratory gating (ARG) is developed that aims to address the limitations of
other algorithms presented in the literature. The efficiency of the ARG algorithm in
significantly removing respiratory motion artefacts and increasing the accuracy of liver
lesion DCEUS is validated using clinical data and a simulation model. In addition the
differences in the perfusion characteristics of carotid plaques between symptomatic and
asymptomatic patients are investigated. A new method for quantifying the percentage
perfusion coverage of carotid plaques is developed and verified against qualitative visual
scores of clinical acquisitions.

In Chapter 2 a novel ARG algorithm is developed that aims to overcome the
limitations of the methods presented in the literature in terms of computational speed,
efficiency and ease of use. The ARG algorithm is implemented on the tissue side of dual

contrast imaging acquisitions. Moving structures in the loops are detected using frame
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subtraction from the average of all the frames in the loop. Furthermore the nature of the
detected motion is characterized according to its respiratory contents using frequency
domain analysis. The respiratory kinetics curve of the dual contrast imaging acquisition is
extracted by calculating the time intensity curve of the moving structure with the highest
content of respiratory motion. The technical characteristics of the ARG algorithm are
compared with other respiratory motion compensation methods found in the literature.
Also the efficiency of the ARG algorithm in removing respiratory motion is evaluated by
considering the improvement in the quality of fit of the lognormal indicator dilution
model[16] onto liver lesion time intensity curves.

Chapter 3 which presents a clinical validation of the developed ARG algorithm,
explores in depth the clinical impact of the ARG algorithm on the accuracy of liver lesion
DCEUS quantification. The effect of respiration on the time intensity curve of each liver
lesion examined is quantified using the respiration amplitude (RA) metric. The influence of
the ARG algorithm on the quantification parameters of RT, MTT, Pl and AUC is analyzed
for different ranges of RA. Furthermore the correlation between the quality of fit of the
lognormal model on liver lesion time intensity curves (R°.y) and the RA is investigated
with and without the use of ARG.

In Chapter 4 a respiratory motion simulation model (RMSM) is developed to address
the intrinsic limitation of assessing the absolute accuracy of liver lesion DCEUS. The
RMSM is constructed using perfusion models and respiratory Kinetics derived from
clinical acquisitions. Specifically the liver lesion is modeled as a sphere moving under the
effect of respiration inside of a cubic liver parenchyma. Using the RMSM the true liver
lesion quantification parameters can be compared with those calculated under the influence
of respiratory motion. The decrease of the percentage error with the use of ARG is
assessed for the RT, MTT, Pl and AUC. In addition the clinical relevance of the RMSM is
verified by comparing the relationship of the R?.y and RA extracted from the RMSM and
clinical data.

A method for quantifying the percentage area of perfusion in carotid atherosclerotic
plaques is presented in Chapter 5. Statistics, image and signal processing are used to design
an algorithm for the detection of the low intensity DCEUS signal within the plaques. The
ratio of the perfused area within the carotid plaque and the total area of the carotid plaque
is calculated as the percent perfusion coverage of the plague. The use of the plague percent
perfusion coverage as a biomarker of atherosclerosis and plaque vulnerability is

investigated by comparing the differences in the perfusion of plaques between
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symptomatic and asymptomatic patients. In addition to the quantitative analysis the
perfusion of the carotid plaques is graded based on a qualitative scale. The results will be
compared with other studies in the literature. The work presented in Chapter 5 contributes
to the limited number of studies on carotid plaque DCEUS quantification.

Chapter 6 presents a conclusive discussion on the overall impact of this thesis in the
development of quantification methods, algorithms and tools for the improvement of liver
lesion and carotid plaque DCEUS quantification.
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Abstract

Dynamic contrast-enhanced ultrasound (DCEUS) has been used in radiology for many
years for lesion detection and characterization. In the recent years, more emphasis has been
placed on tumor perfusion quantification with DCEUS. To ensure accuracy in both
quantitative and qualitative evaluation of liver tumors with DCEUS, sources of noise in
clinical data must be identified and, if possible, removed. One of the major sources of such
noise is respiratory motion. A new automatic respiratory gating (ARG) algorithm is
presented and evaluated with clinical data. The results of the evaluation demonstrate the
potential of the ARG algorithm for clinical use as a fast and easy to implement method in

removing respiratory motion from DCEUS loops.
2.1 Introduction

Microbubbles have been used in medical ultrasound imaging since the mid-1990s
[1]. Microbubbles have the advantage of being a pure blood-pool contrast agent because
they are similar in size with red blood cells [2], [3], allowing for the imaging of perfusion
in real time. Ultrasound imaging with microbubbles or dynamic contrast-enhanced
ultrasound (DCEUS) has found uses in the evaluation of response to treatment of liver
metastases [4], the analysis of focal nodular hyperplasia in the liver [5], the detection of
coronary disease [6], and the assessment of microvascular damage after a myocardial
infarction [7].

Quantification of DCEUS image loops provides important blood flow information on
tumor microcirculation [8]. One of the biggest challenges in quantitative DCEUS for liver
lesions is motion caused by respiration. Respiratory motion can cause the lesion, as it
appears in the imaging plane, to change in size, shape and location (Figure 2-1). This
causes problems in the qualitative evaluation of the lesion, because the clinician needs to
take into account the movement of the lesion to evaluate its size and perfusion patterns.
This type of motion might also cause significant problems in the quantitative evaluation of
the lesion’s perfusion, because the lesion will be moving in and out of a region-of-interest
(ROI) that samples the DCEUS mean linear intensity and thus introducing noise artifacts.

Various approaches have been used clinically to compensate for the effects of
respiratory motion. One such approach is directing the patient to hold his or her breath at a
specific breathing cycle phase desired by the clinician or sonographer, but this technique
applies only to patients that have the ability to perform a breath hold that can last more

than 40 s; another disadvantage of this technique is that hemodynamics are affected during
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breath holds [9], [10]. Another technique for respiratory motion compensation found in
the literature [4] is to identify the position of the diaphragm at a reference position and
reject frames in which the diaphragm deviates from the reference position. This is also a
post-processing technique (it is implemented after the acquisition of the ultrasound loop)

and it relies on the operator expertise to identify the brightest moving reflector.

Figure 2-1: Example of the changes of the size, location, and shape of a liver lesion, in a dynamic contrast-
enhanced ultrasound (DCEUS) loop, at three different time instances. These changes are mainly attributed to
respiratory motion.

Several computational techniques have been proposed in the literature that would
allow for fully or semi-automated compensation of respiratory motion. Renault et al. [11]
introduced a technique based on independent component analysis (ICA) with which the
respiratory cycle could be extracted manually from the ICA-derived components that
represent motion; a threshold can be used on the final respiratory kinetics curve to derive
the frames that belong to the end phases of the respiratory cycle. Mulé et al. [12] used
principal component analysis (PCA) to extract the respiratory kinetics to perform fully
automatic gating. A drawback of both these techniques is that, because the ultrasound
acquisition is two-dimensional, there is uncertainty on the portion of the lesion, if any, that
will be present at the extreme phases of the respiratory cycle, because of out-of-plane
motion.

Rigid registration is another technique used to compensate for respiratory motion.
Rognin et al. [13], [14] used a rigid registration technique, with 2-D translation and
rotation, to realign frames to a reference frame; a disadvantage of this approach is that out-
of-plane frames might be difficult, if not impossible, to re-align. Zhang et al. [15] also used
rigid registration, with 2-D translation only, and frame selection to perform automatic
gating; the algorithm rejected out-of-plane frames but it required a long computation time

that would not be realistic in a clinical context. Both of these techniques require the user to
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manually draw ROI(s) on frames to denote the search space for the registration to take
place.

In the present work, a new post-processing method is proposed for automatic
respiratory gating (ARG) of dual-contrast imaging (an anatomical B-mode image and a
contrast-specific image displayed side-by-side in the same frame) loops. The only input
needed by the user is to select a trigger frame in which the lesion is clearly seen and can be
delineated. The new ARG algorithm is easy to implement and use, fast, and leads to a

simple workflow for the clinical operator.

2.2 Materials and methods

2.2.1 ARG algorithm

The ARG algorithm applies to the B-mode loop of the dual-contrast imaging loop
acquisition because the anatomical information in the B-mode loop is less sensitive to
intensity variation than the contrast loop. The algorithm is presented as implemented in this
study but modifications can be made to the algorithm to change its speed and/or
performance. The software package Matlab (v. 2007b, The MathWorks Inc., Natick, MA)

was used to implement the ARG algorithm.

2.2.1.1 Quantify amount of motion
Consider a B-mode loop consisting of N frames, {Ii}iN:l. First, the B-mode loop was

downsampled by a factor of 2 (i.e., every other frame is kept) and resized using nearest-

neighbor interpolation by a factor of 0.3. The resulting sequence of frames was stored as a

new Ioop,{fi}N . To detect the motion present, each resulting frame was subtracted from
i=1

the average of all the frames [16] (Figure 2-2). The sequence of frames resulting from the

subtraction is defined by

{Mi}?f{ﬂ—(%z{ﬂ}l]}_N - M
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Figure 2-2: Subtraction of a frame from the average of the {fi}N sequence. Note the relative increase of
i=1

brightness of the diaphragm in the resulting frame with the original frame of the {fi }N sequence.
i=1

N
Next, the frames from {Mi}iﬂ were threshold to binary by the 30% of the maximum value
of each frame. The resulting frames suffered from the presence of noise from single and
— (VAN |
small clusters of bright pixels present in the i=L sequence. This problem was
addressed by first removing single pixels from the thresholded binary images and then
keeping only the n largest groups of clusters of connected pixels, called structures
hereafter. The removal of single pixels was implemented using the morphological
operation clean of the bwmorph function and the extraction of the largest structure using
the Area operation of the regionprops function both, part of Matlab’s Image Processing
Toolbox. The sequential procedures of applying a threshold on the frames and the retention
of the n largest structures will be referred to hereafter as image operator 3. The 3
operator takes two arguments: X that can be a frame or sequence of frames, and n, which

is the number of largest structures that will be extracted by the operator. The = operator

was applied on the {M,}IN:

, sequence and the resulting binary frames were stored in the

sequence {F’i}iN:1 (Figure 2-3), according to

{R}N =S<{Mi}i'il,n>,withn=1. 2)

Figure 2-3: Extraction of the largest moving structure from the {Mi}il sequence: a) threshold image to

binary by the 30% of the maximum pixel value, b) remove single pixels, and c) keep only the first largest
structure.
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i .
Each frame from the {P}_, sequence holds a moving structure extracted from the

corresponding B-mode frame; thus, if all the frames from the {F’i}i1 sequence are added

together, a map of the motion present in the whole B-mode loop can be produced. The
result was a matrix made up of integer-value elements; each element in this matrix was
associated with the amount of motion present at the corresponding pixel coordinate in the
whole of the B-mode loop. This matrix was called the motion information matrix (MIM)

(Figure 2-4) and was calculated using

MIM =Y (P} (3)

Figure 2-4: Example motion information matrix (MIM). Observe the two main areas in which motion occurs.
The dominant structure producing motion is the diaphragm. Note that the values shown have been log-
compressed to make the data easier to visualize.

2.2.1.2 Establish breathing cycle to be extracted

As previously mentioned, the user must define the trigger frame before the ARG
procedure begins. This frame defines the breathing cycle phase that was extracted by the
ARG algorithm. First, the trigger frame was subtracted from the average of the

uncompressed (without the reduction in the resolution)/undownsampled B-mode loop:
1 N
Mtrigger = Itrigger _NZ{Ii}iﬂ ) (4)

The 3 image processing operator was then applied on the M frame according to

trigger
I::"[rigger = S< I\/Itrigger ! 5> ' (5)

The MIM was resized to the original B-mode loop frame size using bicubic

interpolation. The P frame’s structures were overlaid over the MIM, and the mean

trigger
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intensity MIM value was calculated within each structure (Figure 2-5). These values were

stored in the {SM }f:l sequence, where the index i corresponds to each extracted structure.

Figure 2-5: Moving structures extracted from the trigger frame overlaid over the motion information matrix
(MIM). The structures are labeled for reference purposes.

The {S,, }f:l sequence holds values of the amount of motion associated with each

structure. This motion or change in the grayscale values of the B-mode loop frames could
be due to respiration, cardiac motion, contrast agent presence, or any other change in the
gray scale values of the B-mode loop through time.

In the interest of establishing whether the motion associated with each structure can
be attributed to respiration, the mean grayscale intensity values for each frame of the B-
mode loop within a square measuring 30 x 30 pixels was calculated. The size of the square
was selected by considering two competing factors: 1) the standard error of the mean of the
grayscale intensity values decreases with the size of the square; and 2) a very large square
would fail to detect motion from small moving structures. Based on these two factors, a
30x30 square is optimal. The center of the square was placed at the center of mass of each

frame. Each structure on the P

trigger

structure of the P

 gger frame was identified by a specific
index number assigned using the bwlabel function and the center of mass of each structure
was calculated using the Centroid operation of the regionprops function, both part of
Matlab’s Image Processing Toolbox. This operation returned the time-intensity curve
(TIC) associated with each extracted structure from the trigger frame. A square was used to
extract the TIC, rather than using each structure as a binary mask, to reduce calculation
time by approximately a factor of three. The next step was to calculate the Fourier

Transform (FT) of each TIC so its frequency contents could be analyzed (Figure 2-6).
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Figure 2-6: The Fourier Transform of the time-intensity curve (TIC) extracted from structure labeled 4 in
Figure 2-5. The respiration cycle bandwidth is denoted with the dashed vertical lines.

A metric was needed to quantify the presence the respiratory motion associated with

each structure extracted from the trigger frame; these metric values were stored in the

{Se }?:1 sequence. {S; }? values were calculated as the area of the frequency spectrum

=1
between 0.1 and 0.5 Hz divided by the sum of the area from 0 to 0.1 Hz and the area
between 0.5 to 1 Hz:

{SF }i5:1 o1 = 1 (6)
[R(f)df+[R(f)df

0.5

The rationale for (6) is that the area between 0.1 and 0.5Hz represents contributions
to the frequency spectrum by respiration. The 0 to 0.1 Hz range represents contributions
from slow changing events, such as the change of grayscale values caused by the flow of
microbubbles, and the 0.5 to 1 Hz frequency range represents sources of noise or

physiological motion other than respiration present in the TIC curve. Thus, from (6), it can
be observed that the values stored in {SF }?:l increase as respiratory motion presence

increases and undesired change in grayscale values in the B-mode loop decreases.
Another metric that was recorded was whether the maximum value of the amplitude

of the frequency spectrum lay within the respiration frequency range or not. This is a

binary metric, stored in the {SB}; sequence, and it takes the values of either 0 or 1.

5

., sequence, is defined as

s\, —[O.6X{SM—}?15J+[O.4X{SF—}?15J . )

The combined metric, stored in the {S}

max{S,, |, max {Se},
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Eqg. (7) holds unless a structure receives an S, of 0, then the corresponding s metric also

receives a value of 0. If all the values {S}.S were given a zero value, then the {S}f’:l

=1

sequence reverted back to its original values before the consideration of S;. In Table 2-1,
example {S,} . .{S: ), .{Ss} ., and {S}is:l values are shown for the structures in Figure

2-5.

Table 2-1: Example of scores received by various structures shown in Figure 2-5.

Structure Index Sy Sk Sy S
1 2.27 0.89 0 0.00
2 5.68 0.85 0 0.00
3 1.40 1.04 0 0.00
4 24.25 1.65 1 0.90
5 8.61 2.21 1 0.61

The TIC corresponding to the structure that receives the highest {S}is:l score value

was extracted again, this time using the structure as a binary mask applied on the B-mode
loop. This was done in order to ensure maximum quality for the next step of the ARG

procedure.

2.2.1.3 Final step of ARG procedure

The final step of the ARG procedure involves finding the location of the peaks and
troughs of the TIC of the structure that receives the highest s score. Peaks are indicative
of the presence of a structure on the position it occupied on the trigger frame, whereas
troughs indicate the absence of the structure from its position on the trigger frame. To
locate the peaks of the TIC, the approximate time between the peaks of the TIC was

calculated using the frequency spectrum. By locating the frequency at which the maximum

amplitude occurs within the respiratory range (0.1 to 0.5 Hz), f__ , the time between the

max !

peaks was approximated as T, =( fyux )_1. The peaks were then located based on their

separation being no less than ’;‘X ; this allows for flexibility because patient respiration

frequency can fluctuate during examination. The location of the peaks was implemented by
setting the parameter MINPEAKDISTANCE of Matlab’s Signal Processing Toolbox

findpeaks function to Tmi
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Figure 2-7: Gated time-intensity curve (TIC) extracted from structure 4, shown in Figure 2-5.

Once the peaks of the TIC were located, a piecewise cubic Hermite interpolating
polynomial (pchip) was fitted on the peaks. The TIC was inverted and the same procedure
was repeated to locate the troughs and fit a pchip on the troughs; thus, the envelope of the
TIC was calculated. A threshold of 40% was then applied on the envelope of the signal and
only frames that were above this threshold were accepted, the rest were rejected. The 40%
value was established after considering the robustness of the fit of the lognormal model
onto the data and at the same time optimizing the goodness of fit of the model. The frames
that were accepted made up the ARG loop and were, within a threshold, at the same
breathing cycle phase as the trigger frame (Figure 2-7).The whole ARG algorithm is laid

out in a flowchart shown in Figure 2-8.

2.2.2 Imaging protocol

Eighteen (18) patients (7 female, 11 male) with liver metastasis were imaged.
Approval for the scanning was obtained by the ethics review board of our hospital. The
procedure was fully explained to all participating patients and informed consent was
obtained.

All imaging was performed with a Philips iU22 scanner (Philips Medical Systems,
Bothell, WA) using the C5-1 imaging probe. The imaging frequency was 1.7MHz, the
pulsing imaging sequence used was power modulation (PM) with a mechanical index (Ml)

of less than 0.06, and the frame rate varied between 7 and 10 Hz. The acquisition mode
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was dual-contrast imaging and 2-min loops were acquired. During the acquisition, the
focus was set well below the depth of the lesion to ensure uniform pressure field. The time
gain compensation (TGC) gain was adjusted in such a way that it was uniform across depth
and avoided signal saturation. Before the arrival of the contrast agent, there was a hint of
uniform noise in the image as an assurance that the TGC gain was at the threshold of
detection.

A 2.4mL bolus of Sonovue (Bracco s.p.a., Milan, Italy) was injected. The radiologis,
acquiring the loops maintained a constant imaging plane by observing the tissue side of the
acquisition.

Downsample and compress {I;}}, Import B-Mode User defines -
~ N loop frames and . START
Store result as {1;},_, store as {1,}1, trigger frame
L’
Motion Detection

ot = (- (0L

=1
v
Extract Moving Structure
v v Export frames indices
P, =3({M3V 1
(P}, = I({M:},,1) that are above END
v threshold
Calculate MIM T
MIM = Z{pl.}f’:l Apply 40% threshold on TIC signal
envelope
v t
Extract Moving Structures from Compute envelope of TIC signal of
Trigger Frame . structure with largest S score.
Ptrigger = S(]Vltrigger: 5) No ke
5 _ MJi=
7 veo| = (0.6 x —max{sM}%ﬁ)
Overlay MIM with Py;g g, and +(04x {Sr}ia
calculated mean intensity MIM " max{Sg}i_,
values within each structure in
Piri > : : :
triggers calcrlate {Smli=1 Ranking Metric Calculation
5 {Sm)i- {SF}i- 5
Extract B-Mode TIC of each {8Yizn = [(0'6 X max{SM};-r;l) + (0'4 x maX{Sp}t-s=1)] O {Spliza
structure from Py g ger and
perform frequency analysis.
Calculate {Sz}?_, and {Sp}?_,

Figure 2-8: Flowchart of the automatic respiratory gating (ARG) algorithm.
2.2.3 Quantification approach

The patient DICOM loops acquired with the Philips iU22 scanner were transferred to
a workstation running the commercial quantification software QLAB (v. 8.1, Philips

Medical Systems, Bothell, WA). An ROl was manually drawn on the trigger frame of the
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DCEUS loop encompassing the lesion (Figure 2-9). Both the arterial and late portal phases
of the DCEUS loop were used for the accurate drawing of the ROI [4].

Time-intensity curves from linearized image data were extracted using the QLAB
software and saved to a text file. The B-mode loop image data, the trigger frame index, and
the frame rate of the acquisition were also saved. This information was passed on to the
Matlab implementation of the ARG algorithm. After processing by the ARG algorithm, a
new lesion TIC was produced.

Figure 2-9: Region of interest (ROI) drawn encompassing lesion on trigger frame of dynamic contrast-
enhanced ultrasound (DCEUS) loop, shown here in late portal phase. The mean linear intensity DCEUS
values are extracted from within this ROI.

2.2.4 Data analysis

To assess the effectiveness of the ARG algorithm, both the TICs extracted with and
without ARG processing were fitted on a lognormal indicator dilution model [8]. The
goodness of fit of the data to the model was established using the coefficient of
determination (R?) and the root mean square error (RMSE), shown in (8) and (9),

respectively,

(8)

n 2
-~ (y, - f.
RMSE — lel(i:l |)

, (9)

where y; are the linear intensity data points, f; are the corresponding points from the

lognormal model fit, y is the mean value of the y; points and n is the number of data points.

An example of such an analysis is shown in Figure 2-10.
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---------- Fit with no ARG
Linear data with no ARG

—--—- Fit with ARG
O Linear data with ARG

DCEUS Linear Intensity [A.U.]

Time [sec]

Figure 2-10: Mean linear intensity data from a region of interest (ROI) around a lesion with and without
automatic respiratory gating (ARG), including the fits on the lognormal indicator dilution model. In this
example, the R? of the fit with and without ARG are 0.89 and 0.37, respectively.

To arrive at useful conclusions, the data were visualized as boxplots. The limits of
the boxes are the 25% (Q1) and 75% (Q3) quartiles and the middle of the box indicates the
median of the data. The lower limit of the whiskers is F =Q;-[1.5x(Q3-Q1)] and the upper
limit of the whiskers is Fy=Q3+[1.5x(Qs-Q1)]. All data that are outside F_ and Fy are

considered outliers. The boxplots have notches indicating 95% confidence intervals for the

(%-Q)

median, the limits of which are calculated as median+1.57 x~—~——=2 where N is the

JN
number of samples.
Further to the boxplots of the data, one-tail paired t-tests with unequal variances were
performed using the R programming language [17] and the pwr package [18] was used to

calculate the power of the t-tests performed.

2.3 Results

The results of the t-test performed on the R? with and without ARG processing show
a p-value less than 0.05 with a t-test power of 1.00. A p-value of less than 0.05 is also
calculated for the RMSE data with a t-test power of greater than 0.93. The p-values
calculated and the powers of the tests allow for confident conclusions to be drawn from the
analysis.

In Figure 2-11 boxplots of the R? and RMSE values of the lognormal model fits are

plotted with and without ARG. From Figure 2-11a) it can be seen that the R?> 95%
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confidence interval notches on the boxplots of with and without ARG processing are not
overlapping. This is not the case, however ,with the RMSE boxplot 95% confidence
interval notches.

P-value<0.05 P-value<0.05

1 ¥ Power=1.00 ¥ v Power=0.93 v

a ¥ 30t b i
0g =S

; L 20}
~ 0.6 ] ]
0.4} , 1 & 10} —
0.2 ] Q \

No ARG With ARG No ARG With ARG

Figure 2-11: a) Boxplots of the R® values and b) boxplots of the root mean square error (RMSE) for the
model fit of the clinical cases analyzed with and without automatic respiratory gating (ARG). The notches on
the boxplots are the 95% confidence levels of the median. The p-values and the power at 95% confidence
level of t-tests performed are also included.

It should also be noted that the ARG algorithm, as implemented in Matlab 2007b,
had a mean run time of 0.87+0.10 (standard deviation) seconds per 100 frames on an Intel
E8400 (Intel Corp., Santa Clara, CA) at 3GHz with 2GB RAM. These run times are faster
than those previously published in the literature [11], [12], [15].

2.4 Discussion

From Figure 2-11, it is evident both from the notches on the boxplots and the t-test
results that the R? is indeed improved with the use of ARG, within a 95% confidence
interval. However regarding the RMSE, although the t-test arrives at the conclusion that by
using ARG the RMSE is significantly lower than without using ARG, there is an overlap of
1.2 RMSE units in the 95% confidence interval notches of the boxplots.

This mismatch is believed to be caused by the two outlier points seen clearly in
Figure 2-11a) that have an R? value, without the use ARG, of more than 0.8. In Figure
2-12, the boxplots are re-drawn, this time omitting the two outlier cases; note that the
statistical power of the t-test on the RMSE data has increased, although marginally. Also
note that the notches of the boxplots, in this case, do not overlap either for the R* or RMSE
boxplots. It is believed that certain patient’s data do not suffer from respiratory motion as

much as others even though, of course, there is respiratory motion present.
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Figure 2-12: a) Boxplots of the R® values and b) boxplots of the root mean square error (RMSE) for the
model fit of the clinical cases analyzed with and without ARG, not including the outlier cases. The notches
on the boxplots are 95% confidence levels around the median. The p-values and the power at 95% confidence
level of t-tests performed are also included.

Another important assumption underlying this work is that a better fit of the data to
the model suggests more accurate results on the hemodynamics of the lesion. This
assumption considers respiratory motion as noise added to the data which, if removed, will
provide more accurate results. However, it is very difficult to refer to “more accurate
results” when the real perfusion of the lesion is unknown.

In addition to significantly increasing the goodness of fit of the lesion linear intensity
data to the lognormal indicator dilution model, ARG results in effective frame
downsampling by eliminating frames that are not useful for quantitative or qualitative
evaluation. This frame downsampling makes the evaluation of the image loop faster by
reducing the time required to calculate the fit of an indicator dilution model to the data, in
the qualitative evaluation of the loop, and in parametric imaging approaches. The rejection
of frames that are out of phase with the presence of the lesion on the imaging plane can
reduce the processing time for motion-compensation algorithms that use computing-
intensive image processing techniques such as image registration [13]-[15].

For the goals of the current study, only a single phase of the breathing cycle was
extracted by the ARG algorithm. However, there are clinical situations in which multiple
breathing cycle phases must be extracted. An example of such a clinical situation is the
presence of multiple lesions that cannot be captured on a single imaging plane. This
multiphase extraction can be achieved using the ARG algorithm and modifying the gating
of the lesion’s TIC (Figure 2-7) so that the signal envelope of the TIC is segmented into
several parts, each representing a different breathing cycle phase.

This work concentrated on DCEUS of liver lesions but it should be noted that the

ARG algorithm can be implemented in other DCEUS studies, such as the evaluation of
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blood flow in the hepatic artery and portal vein [19], [20]. Moreover, the ARG algorithm
can also be used in conventional B-mode imaging to help with qualitative evaluation of
video loops.

The novel algorithm presented addresses limitations of computational methods for
compensation of respiratory motion found in the literature, such as the ability to select any
breathing cycle phase desired by the clinician instead of extracting the end phases of the
breathing cycle [11], [12]. The only user input required by the ARG algorithm is the
trigger frame, whereas other methods in the literature require the user to draw ROIs on
frames to perform rigid registration [13-15], a requirement that has the potential to
introduce time delays in the clinical workflow.

Finally, it should be noted that the ARG algorithm cannot be applied in cases where
there was an accidental move (by either the operator or the patient) that changed the image
plane, unless the original image plane is recovered later in the loop. In such a case, the
ARG algorithm will eliminate all motion frames acquired after the change of the imaging
plane. Empirically, the minimum number of frames needed to perform a robust fit on the

model lies between 100-150 frames for a 2-min acquisition.

2.5 Conclusion

This study presents an ARG algorithm that can improve both the qualitative and
quantitative analysis of DCEUS loops. The ARG algorithm requires only the selection of
the trigger frame that defines the breathing cycle phase to be extracted and performs all
other tasks automatically. The implementation of such algorithm is possible on any
diagnostic ultrasound system that has a dual-contrast imaging mode. Furthermore, the
patient is not required to alter his/her breathing, allowing for a comfortable examination.
The effectiveness of the ARG algorithm in removing respiratory motion in a clinical
setting has been demonstrated by the results of this study. Finally, this algorithm is very

fast; it may remove respiratory motion from a 1000 frames loop in 8 seconds.
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Abstract

Objectives: To evaluate the efficiency of automatic respiratory gating (ARG) in reducing
respiratory motion-induced artefacts from dynamic contrast-enhanced ultrasound
(DCEUS) acquisitions and to assess the impact of ARG on DCEUS quantification
parameters in patients with liver malignancies.

Methods: Twenty-five patients with liver metastasis were imaged with DCEUS. The
lognormal indicator dilution model was fitted on time-intensity curves extracted from
hepatic lesions with and without the use of ARG and DCEUS quantification parameters
were extracted. The goodness of fit was assessed using the coefficient of determination
(R*wN).

The effect respiration had on the data was assessed using the respiration amplitude (RA)
metric. Pearson's correlation coefficient (r) was used to assess the correlation between R?,y
and RA with and without the use of ARG.

Results: The RA parameter was strongly correlated with Ry (r =-0.96, P=7.412x10™) and
this correlation became weaker with ARG (r =-0.64, P=5.449x10™). ARG significantly
influenced the values of the quantification parameters extracted (P<0.05). The RA was
significantly decreased when ARG was used (P=1.172x10°).

Conclusions: ARG has a significant impact on the quantification parameters extracted and
it has been shown to improve the accuracy of liver lesion DCEUS.

Keywords: Contrast Agents; Respiration; Liver Metastases; Ultrasound Imaging;
Microbubbles

Key Points:

» ARG has a significant impact on DCEUS quantification parameters

« ARG can improve the modelling of liver lesion hemodynamics using DCEUS
quantification

« ARG significantly reduces the respiration amplitude of DCEUS lesion time-intensity

curves

3.1 Introduction

Studies have shown that dynamic contrast-enhanced ultrasound (DCEUS) can be
used for early evaluation of response to anti-angiogenic treatment of patient with liver and
renal cancers [1]-[4]. Indicator dilution theory can be used to model lesion hemodynamics
and extract blood flow parameters [5]. The DCEUS quantification parameters relating to

lesion perfusion may provide for an early detection of patient response to treatment [6],
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[7]. Various factors can affect the image intensity in DCEUS loops such as signal
saturation , acoustic shadowing, nonlinear propagation of ultrasound , beam non-
uniformity, ultrasound probe motion and system settings [8]-[10].

Respiratory motion is a major limitation in the accurate measurement of the time-
intensity curve parameters, especially in liver imaging by it introducing noise in the curves.
Typically, a region-of-interest (ROI) is drawn around the lesion and the average pixel
intensity is measured as a function of time forming the time-intensity curve of the lesion.
Respiration causes the lesion to move in and out of the ROI, thus the image intensity
within the ROl may also have components arising from sampling of normal tissue and/or
vessels (Figure 3-1) that shows as added noise in the data (Figure 3-3a).

Respiratory gating algorithms have been suggested in literature as a possible solution
to limiting the effect of breathing motion [11]-[14]. Here we evaluated an algorithm for
automatic respiratory gating (ARG) in a clinical study for efficiency in reducing the effect
of respiratory motion from DCEUS loops [15]. The impact ARG has on the various

DCEUS quantification parameters that relate to blood flow is also assessed.

Figure 3-1: Demonstration of a lesion moving a) inside and b) outside a region-of-interest (ROI) (indicated
by the arrow) at two different time points of the DCEUS acquisition. In a) the mean intensity value within the
ROI is representative of the lesion perfusion whereas in b) the ROI also includes part of the liver
parenchyma, and thus the mean linear intensity value extracted is not representative of lesion perfusion.

3.2 Materials and methods

3.2.1 Patients

Twenty five patients (11 females, 14 males) presenting with colorectal liver
metastases were imaged. The overall mean age of the patients was 69 years (range, 47-77),
with a male population age mean of 71 (range, 59-77) and a female population mean age of

67 (range, 47-72). The patients imaged received a bi-weekly dose of bevacizumab
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(Avastin; Hoffmann-La Roche, Basel, Switzerland) along with a chemotherapeutic
regiment of oxaliplatin (Eloxatin; Sanofi-Aventis, Paris, France) or irinotecan (Camptosar;
Pfizer, New York, NY, USA) combined with capecitabine (XELODA; Hoffmann-La
Roche, Basel, Switzerland). DCEUS image loops were obtained from each patient for
further analysis.

Ethical approval for this study was provided from the institutional review board of
our hospital. The nature of the procedure was fully explained to all patients and informed

consent was obtained.

3.2.2 Clinical dynamic contrast-enhanced ultrasound (DCEUS) acquisitions

The Philips iU22 scanner (Philips Medical Systems, Bothell, WA, USA) along with
the C5-1 curved array probe was utilized for all imaging. System settings were: imaging
frequency of 1.7 MHz, power modulation pulsing scheme with a mechanical index (Ml) of
0.06, and frame rate between 7 and 10 Hz, depending on the image depth. One-minute
loops of lesions were acquired in dual-contrast imaging acquisition mode. A very low-level
uniform noise in the image before the arrival of the microbubbles was allowed to ensure
that the time-gain-compensation (TGC) was exactly at the threshold of detection. The
focus was set a little below the depth of the lesion for a uniform pressure field. A 2.4-mL
bolus of microbubble contrast agent Sonovue (Bracco s.p.a., Milan, Italy) was injected via
a three-way valve. A constant imaging plane was maintained by the clinician by
monitoring the “tissue” side of the acquisition.

The lesions presented in this study varied in their size, depth, initial vascularity and
location. The diameter of the lesions varied between 7.7 and 62.6 mm with a median
diameter of 16.8mm whilst the median depth of the lesions was 5.1 cm with a minimum of
2.55 cm and a maximum of 8.56 cm. Eleven lesions had a hypervascular perfusion pattern,
13 exhibited hypervascular perfusion with hypovascular cores and one lesion displayed
hypovascular perfusion with hypervascular ring enhancement on its periphery. One-third
of the lesions presented where located in the right lobe of the liver. In addition, seven
patients had more than one lesion present in their acquisitions. In these cases the largest
lesion was chosen for analysis except for one patient in which the largest lesion was
confounded by shadowing artefacts, and so the second largest lesion was chosen.

The patients received no breathing instructions during the DCEUS acquisitions. This
was done in order to evaluate the ARG algorithm under various magnitudes of in-plane and
out-of-plane respiratory motion induced naturally by the variability in the breathing

patterns of the patient population.
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3.2.3 Image data analysis

The commercial quantification software QLAB version 8.1 (Philips Medical
Systems) was used to analyze the image loops. A radiologist with over 20 years of
experience used both the arterial and late portal phases of the DCEUS loop to accurately
draw a ROI around the liver lesion. The specific frame on which the ROl was drawn will
be referred to as the “trigger” frame. Time-intensity curves from linearized [16] image data
were extracted from QLAB without the use of ARG.

Subsequently, the tissue side loop of each acquisition was imported into MATLAB
(2012b, The MathWorks Inc., Natick, MA, USA) in order to implement the ARG
algorithm (Figure 3-2). Analysis of the image data was performed by a Biomedical
Engineering PhD candidate supervised by a professor of bioengineering with more than 20
years of experience in clinical ultrasound research. The frame subtraction technique [17]
was utilized to detect the location and intensity of motion throughout the acquisition.
Bright moving structures were identified on the trigger frame and the motion intensity
corresponding to the position of each structure was recorded. In addition, the content of
respiration for the motion associated with each structure was quantified using frequency
domain analysis. The structure with the highest degree of respiratory motion was used to
construct a ROI on the tissue loop and extract the time-intensity curve. The peaks of the
time-intensity curve correspond to the time instances at which the bright moving structure
is at the same position as on the trigger frame. Frames that were below 40% from the peak
intensity were rejected as being out of phase with the trigger frame. The threshold value of
40% was chosen as a good default value preserving enough data points to perform a
reliable fit of the lognormal model onto the lesion time-intensity curve and reducing
respiratory motion in the DCEUS acquisitions. The intensity data on the lesion time-
intensity curve matching the rejected frames were removed. Thus after the implementation
of the ARG algorithm the lesion time-intensity curve data were in phase with the trigger
frame (Figure 3-3a). Details regarding the implementation of the ARG algorithm can be
found in the literature [15].

The lognormal indicator dilution model [5] was fitted on to time-intensity curves
extracted from lesions with and without the use of ARG. The most common DCEUS
quantification parameters [1], [3], [4], [6] are the area under the curve (AUC), the peak
intensity (PI), the rise time (RT) and the mean transit time (MTT). The coefficient of
determination of the fit of the lognormal model to the data (R?% ) was calculated. The

R% .y was used in order to assess whether the ARG procedure improves the quality of the
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lognormal model fit on to the time-intensity curves, thus improving the reliability of the
quantification parameters extracted. The assumption that the quality of the fit of the model
to the data improves reliability of DCEUS quantification was suggested in the literature
[13], [14].
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Figure 3-2: a) Flowchart of the procedures used for the implementation of the automatic respiratory gating
(ARG) algorithm. b) Examples of moving structures identified by the ARG algorithm on the trigger frame of
the “tissue” side of the dual contrast imaging acquisition (indicated by the arrows).

Another useful parameter that was extracted from the time-intensity curves was the
respiration amplitude (RA). RA quantifies how much respiration affects a time-intensity
curve and it was calculated using the frequency spectrum of the time-intensity curves
extracted with and without the use of ARG. Any significant reduction in the RA with the
use of ARG would demonstrate that there is a decrease on the effect of respiration on the
lesion time-intensity curve. The RA was calculated based on the fact that the perfusion
pattern of the liver lesion changes more slowly compared to components from respiration
that vary within a frequency range between 0.1 and 0.5 Hz [18]. The RA was calculated by
calculating the area under the frequency spectrum between 0.1 and 0.5 Hz and dividing by
the area between 0 to 0.1 Hz (Figure 3-3b).
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Figure 3-3: a) Example of DCEUS time-intensity curve extracted from a region-of-interest (ROI)
encompassing a lesion with and without the use of automatic respiratory gating (ARG). b) Frequency
spectrum of a lesion’s time-intensity curve with and without the use of ARG. The slow changing intensity
signal originates from the perfusion of the lesion and it lies below 0.1 Hz. The respiratory component lies at
0.1-0.5 Hz. By dividing the area under the curve between the respiration range of 0.1-0.5 Hz over the lesion
perfusion range of 0-0.1 Hz the respiration amplitude (RA) was calculated.
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3.2.4 Statistical analysis

For each quantification parameter examined in this study, the distribution before and
after ARG was summarized in boxplots indicating the median, first and third quartiles. An
outlier was considered as a value that was greater than the third quartile plus 1.5 times the
interquartile range (IQR, first — third quartiles) or less than the first quartile minus 1.5
times the IQR. The boxplot bottom whisker was calculated as the minimum value that was
not an outlier and the top whisker as the maximum value not considered an outlier.

In order to assess whether ARG has any effect on DCEUS quantification, Wilcoxon
signed rank tests were performed between quantification parameters extracted with and
without ARG for all the patients participating in the study(N=25). Additionally the
Wilcoxon signed rank tests were repeated on quantification parameters extracted from
lesion time-intensity curves that had an RA of less than 1.5(N=12). This was done in order
to establish the impact of ARG in cases where there was not too much respiration motion
present. P-values calculated from the Wilcoxon signed rank test that were less than 0.05
were considered to indicate a significant difference. Statistical analyses were performed
using MATLAB’s Statistical Toolbox. The power of the Wilcoxon signed rank test
performed was assessed using Monte Carlo simulation. The Monte Carlo simulation was
performed in MATLAB and a description of the procedure can be found in the Appendix.

The reduction in the RA calculated from lesion time-intensity curves extracted
without and with the use of ARG was assessed using a paired t-test. The t-test was chosen
because the difference in the distribution of the RA data with and without ARG allows for
the calculation of power analytically. The significance level for the t-test was set at a p-
value of 0.05. The correlation between the quality-of-fit (R%_x) and the RA was assessed

using the Pearson’s r.

3.3 Results

3.3.1 Relationship between quality of fit and respiration amplitude

Pearson’s r between the effect of respiration (RA) and the quality-of-fit (R?.x) when
ARG was not used had a value of -0.96 (P=7.412x10™"). This strong linear correlation
between the RA and the quality of fit demonstrated the decline of the accuracy in the
modelling of lesion perfusion as the magnitude of respiration increases. When the ARG
algorithm was used Pearson’s r was calculated to be -0.64 (P=5.449x10™). The 33%
decrease in the correlation between RA and R?_y shows the improvement that ARG can

have in the modelling of the haemodynamics of liver lesions using DCEUS quantification
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across the whole range of RA. Furthermore with the use of ARG the R?y (the quality of fit
of the lognormal model onto the lesion time-intensity curves) was almost constant as RA
increased. The slope of the linear regression line had a value of -0.11 with the use of ARG
compared to -0.31 without ARG. More specifically without the use of ARG 17/25 patients
exhibited an R?.y of less than 0.8; this number decreased to 3/25 patients with the use of
ARG (Figure 3-4).
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Figure 3-4: R of DCEUS time-intensity curve data fit on lognormal model vs. respiration amplitude with
and without the use of automatic respiratory gating (ARG). The linear regression lines of the displayed data
are also shown without (dotted) and with (solid) ARG.

3.3.2 Impact of ARG on quantification parameters

Boxplots of the distribution of DCEUS quantification parameters with and without
the use of ARG for the group of all patients (N=25) are presented in Figure 3-5. Significant
differences between RT, AUC and Pl with and without the use of ARG were found
(P<0.05). No significant difference was found between using ARG and not using it for the
MTT (P=0.904). The power of the Wilcoxon singed rank tests was assessed for each
parameter and for a sample size of 25 it was calculated to be 0.75 for the RT (standard
deviation, 0.03), 0.07 for the MTT (standard deviation, 0.01), 0.95 for the AUC (standard
deviation, 0.01) and 0.87 for the PI (standard deviation, 0.02).

Distribution of the values of the quantification parameters with and without the use
of ARG was similar, with the IQR of the boxplots overlapping extensively (Figure 3-5).

For patients with RA < 1.5 ARG did not have a significant impact on any quantification
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parameter (P>0.077). This suggests that the use of ARG in cases where there is not too

much respiration motion does not affect the quantification data in any way.
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Figure 3-5: Boxplots of distributions of a) rise time (RT), b) mean transit time (MTT), c) area under the curve
(AUC) and d) peak intensity (PI) quantification parameters with and without the use of automatic respiratory
gating (ARG) for all the patients (N=25) participating in the study. LI linear intensity. *outliers, *P<0.05.

3.3.3 Reduction of RA with the use of ARG

The RA calculated from lesion time-intensity curves extracted without the use of
ARG was compared to the RA calculated with the use of ARG (Figure 3-6). The RA was
reduced significantly when ARG was used (P<0.05).

3.4 Discussion

From the results of the statistical analysis on the whole patient population it has been
demonstrated that ARG can have a significant impact on the RT, AUC and Pl. No
statistically significant impact on MTT could be shown. In patients that have an RA of less
than 1.5 ARG has no impact on any quantification parameters. Grouls et al. [19] also
investigated the effect of respiratory gating on DCEUS quantification parameters using a
semi-automatic gating implementation of the manual technique introduced by Averkiou et
al. [1]. Grouls et al. [19] showed that gating can have a significant effect on the AUC of
bolus injection DCEUS and on the calculation of the retention of targeted microbubbles for

molecular ultrasound imaging.
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Figure 3-6: Boxplots of the distribution of respiration amplitude (RA) with and without the use of automatic
respiratory gating (ARG). *outliers, *P<0.05, Power>0.9.

A strong correlation has been demonstrated between R?.y and RA, with the increase
in RA explaining to a large extent the decline in Ry of non-ARG processed clinical
DCEUS lesion time-intensity curves. This demonstrates that respiration can have a large
impact on DCEUS quantification parameters. ARG increases the quality of fit of the time-
intensity curve data on to the lognormal model examined in this study across the range of
RA values, and thus increases the accuracy of the extracted quantification parameters.

The mean increase in R?.y across the patient population expressed as a percentage is
37. In the literature 15% and 11% increases in the quality of fit were reported by Rognin et
al. [13] in the application of motion correction on the parametric imaging of DCEUS of
the kidney and liver, respectively. A mean increase between the quality of fit factor before
and after motion correction of 15% was reported by Zhang et al. [14] for the parametric
imaging of ten liver DCEUS loops. The above two studies [13], [14] involve the technique
of parametric imaging and report the quality of fit on a pixel-to-pixel basis. The presence
of noise on data sampled from single pixels or groups of pixels is expected to be greater
than those of the present work. Thus any comparison of the results of the mentioned
studies with the current study needs to take into account the detrimental effect that the
increased noise will have on the quality of fit reported. Furthermore, these studies did not
quantify the presence of respiration in their data thus making any comparisons with the

current study even more complicated.
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In addition to the increase in the Ry with the use of ARG, the RA was also
decreased significantly in time-intensity curves of lesions. This reduction in the RA with
the use of ARG further demonstrates the effectiveness of the ARG algorithm in removing
respiratory motion from lesion time-intensity curves and increasing the accuracy of
DCEUS quantification. By increasing the accuracy of in-vivo DCEUS quantification
parameters the clinician can perform a more accurate diagnosis, e.g. on the response of the
patient to treatment. Accurate tumour microflow measurements may lead to a decision to
be made in regards to continuing with the current treatment or altering the treatment, which
can result in a better clinical outcome or a reduction in expenditure on ineffective
treatments.

Although this study evaluates the use of ARG on DCEUS quantification, qualitative
evaluation of image loops [20] may also benefit from such a motion-correction technique.
By applying ARG on image loops during review, the removal of out-of-plane motion
results in a more accurate depiction of the area. For example, small lesion vessels stay in-
plane and show their feeding patterns.

Other post-processing procedures for treating respiratory motion on DCEUS loops of
liver lesions can be found in the literature. One technique proposed by Averkiou et al. [1]
is for the clinician to manually reject frames in which the diaphragm position deviates from
a reference location. This technique does not require any special precautions to be taken
during the DCEUS acquisition but it is time consuming and operator dependent. The
present ARG algorithm works by detecting bright structures moving with a frequency
within the range of respiration (0.1-0.5Hz). Often such a bright structure is the diaphragm
but others may be encountered also. In 17/25 cases analyzed the diaphragm was
automatically detected. In the rest other bright image structures were detected (Figure
3-2h).

Studies on methods for automatic respiratory motion correction have been published
in the literature [11]-[14], [21]. A technique based on independent component analysis
(ICA) was introduced by Renault et al. [12] where the respiratory Kinetics curve could be
manually extracted from the components derived from the ICA. Frames of the loop that
were part of the end phases of the respiratory cycle could be isolated by using a threshold
on the respiratory Kinetics curve. Furthermore, Mule et al. [11] developed a fully automatic
algorithm that utilizes principal component analysis (PCA) to perform respiratory gating
and extract frames that belong to the end phases of the respiratory cycle. Although the ICA

and PCA algorithms proposed can correct for both in-plane and out-of-plane respiratory
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motion, they are limited in extracting only the end phases of the respiratory cycle. It is
possible that part of the lesion, or even the whole lesion, could be absent on the imaging
plane during the end-respiratory phases.

Image registration has also been used in the literature to correct for respiratory
motion. Zhang et al. [14] used a 2D image registration technique with frame selection in
order to remove both in-plane and out-of-plane motion but a computational time of 3 min
per 100 frames could limit the use of the algorithm in the clinic. Rognin et al. [13], [21]
used a 2D rigid registration technique with translation and rotation to register frames with a
reference frame; however, this technique lacked a scheme for removing out-of-plane
respiratory motion. Both the image registration algorithms discussed required the user to
draw ROI(s) on frames to define the area on the image into which the registration process
would take place.

The ARG algorithm clinically evaluated in the present study is fully automated
requiring the user to only provide a reference frame; it is fast since it can process 100
frames in less than a second, it allows for the extraction of any breathing cycle phase
required by the operator, and it removes both in-plane and out-of-plane respiratory motion
[15], [22].

A limitation of the present work is the use of a fixed gating threshold for all of the
patients. The gating threshold regulates what percentage of frames that are out of
synchronization with the trigger frame are allowed to be part of the ARG processed loop.
By setting the gating threshold too high a large number of frames that are out of phase with
the trigger are quantified leading to uncertainty in the results. If the gating threshold is low
it includes a very small number of frames to be quantified and possibly too few to be able
to perform a robust fit of the model. Since the breathing patterns of patients can differ
significantly, the clinician performing the quantification analysis can easily adjust the
threshold for each patient during quantification of the loops. A 40% threshold was used on
all patients to standardize the procedure as was previously reported in the literature [15].

Moreover it is possible to manually reject frames of the ARG processed loop to
further improve the quantification analysis. This option was not used in this study in order
to ensure reproducibility and objectivity. Some quantification software offer the ability to
perform motion compensation based on image registration algorithms. Since this work
focused on evaluating a specific ARG technique, no further motion compensation was

performed on the extracted data. In clinical practice, conventional motion compensation
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algorithms may be applied to ARG processed loops and further improve the quantification
accuracy.

In conclusion, the ARG algorithm examined had a strong impact on clinical DCEUS
quantification parameters. Furthermore, the use of ARG resulted in an overall increase in
the quality of fit of the lognormal model and a significant decrease in the respiration
amplitude. This study demonstrates the implications that respiration can have on liver
DCEUS; the same technique may also be applied to study the impact of respiration on
DCEUS when studying the perfusion of other organs, but further validation studies are

necessary.
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Appendix: Calculation of the power of the Wilcoxon signed rank tests

Some assumptions must be made in order to calculate the power of the Wilcoxon signed
rank tests performed in this study. The first assumption was that the parameters from
before and after the application of ARG were part of the same distribution. Two-sample
Kolmogorov-Smirnov tests were performed on the quantification parameters before and
after the application of ARG demonstrating that the parameters were part of the same
distribution (P>0.05). The Monte Carlo simulation made use of this by concatenating the
before and after ARG parameters into one population from which the mean and standard
deviation were calculated.

Another assumption made in order to calculate the power was that the concatenated
distributions of the quantification parameters along with the differences between the
parameters before and after the application of ARG were normal. This was demonstrated
using one-sample Kolmogorov-Smirnov tests at a significance level of 0.05. This
assumption was used in the Monte Carlo simulation in order to simulate random samples

from normal distributions.
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The Monte Carlo simulation for a particular pair of quantification parameters extracted
without ARG (A) and with ARG (B) is described in the following steps:

Step 1: Calculate mean (unoars) and standard deviation (cnoars) Of the concatenated
vector of A and B.

Step 2: Calculate mean (ugirr) and standard deviation (ogirr) Of the differences (A minus
B).

Step 3: Set the sample size equal to 25 (n=25).

Step 4: Simulate quantification parameters extracted without ARG by randomly
sampling 25 data points (n=25) from a normal distribution with a mean equal to pnoarc and
a standard deviation equal to cnoarc.

Step 5: Simulate differences between quantification parameters extracted with and
without ARG by randomly sampling (n=25) from a normal distribution with a mean equal
to ugirrand a standard deviation equal to ogisr.

Step 6: Simulate quantification parameters extracted with ARG by subtracting the
random sample of step 4 from that of step 5.

Step 7: Perform a Wilcoxon signed rank test between the simulated parameters
extracted with and without the use of ARG at a significance level of 0.05.

Step 8: Increment counter variable (CV) by one if the test returns a significant
difference between the simulated parameters extracted with and without the use of ARG.

Step 9: Repeat steps 4-8 200 times.

Step 10: Calculate power by dividing CV over 200.

Step 11: Repeat steps 4-10 20 times to calculate the uncertainty of the power

calculation.
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Abstract

Confidence in the accuracy of dynamic contrast enhanced ultrasound (DCEUS)
quantification parameters is imperative for the correct diagnosis of liver lesion perfusion
characteristics. An important source of uncertainty in liver DCEUS acquisitions is artifacts
introduced by respiratory motion. The objective of this study is to construct a respiratory
motion simulation model (RMSM) of dual contrast imaging mode acquisitions of liver
lesions in order to evaluate an algorithm for automatic respiratory gating (ARG). The
respiratory kinetics as well as the perfusion models of the liver lesion and parenchyma
used by the RMSM were solely derived from clinical data. The quality of fit (of the
DCEUS data onto the bolus kinetics model) depends on the respiration amplitude. Similar
trends in terms of quality of fit as a function of respiration amplitude were observed from
RMSM and clinical data. The errors introduced on the DCEUS quantification under the
influence of respiration were evaluated. The RMSM revealed that the error in the liver
lesion DCEUS quantification parameters significantly decreased(p<0.001) from a
maximum of 32.3% to 6.2% when ARG was used. The use of RMSM clearly demonstrates
the capability of the ARG algorithm in significantly reducing errors introduced from both
in-plane and out-of-plane respiratory motion.

Index Terms - Medical simulation, Ultrasonic imaging, Contrast agents, Liver metastases,

Respiratory gating

4.1 Introduction

In their more than fifteen years of use [1] microbubble contrast agents have been
used in many clinical applications. These include the diagnosis of liver lesions [2], the
assessment of microvascular damage after a myocardial infarction [3] and the detection of
coronary disease [4]. Microbubbles are a pure blood pool contrast agent, because their size
is of the same order as red blood cells and thus cannot leave the vascular bed and escape in
the interstitium [5], [6]. Their size along with their unique acoustic properties allow for the
imaging of perfusion in real time using diagnostic ultrasound.

Microbubbles can be used to perform dynamic contrast enhanced ultrasound
(DCEUS) for the characterization of liver lesions[7]. Muhi et al[8] compared the
sensitivity of DCEUS, contrast enhanced computed tomography (CECT) and contrast
enhanced magnetic resonance imaging (CEMRI) in detecting metastatic liver lesions from
patients with primary colorectal cancer. The sensitivity of DCEUS was found to be 73%

which compared favorably with the 63% sensitivity of CECT although it was significantly
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lower than the 95% sensitivity exhibited by CEMRI. Tranquart et al[9] demonstrated a
similar sensitivity of 79.4% for DCEUS in the characterization of 1034 liver lesions as
malignant or benign. Furthermore DCEUS is a safe imaging modality since it does not
make use of ionizing radiation like CECT and it can be used on patients with pacemakers
and ferromagnetic metal implants unlike CEMRI. In addition to its safety and clinical
efficiency liver lesion DCEUS is cost effective and it can provide savings of 19% and 52%
compared with CECT and CEMRI respectively[9].

Studies have been published in the literature [10]-[12] that use microbubbles to
quantify liver lesion perfusion for early evaluation of patient response to treatment. These
studies use modeling of the tumor perfusion to extract quantification parameters in order to
make the evaluation of the response to treatment more objective than visual assessment
and provide an early detection of response [13], [14]. Ideally these quantification
parameters would be affected only by the blood flow and volume which in turn are related
to the concentration of the microbubbles in the lesion under investigation. This is almost
impossible to achieve due to factors that can affect the signal intensity detected by the
imaging system like nonlinear propagation of ultrasound [15], signal saturation [16], and
stability of ultrasound probe placement.

Further to the DCEUS acquisition problems mentioned there is the problem of
physiological motion which can also have a negative impact on the quantification of blood
flow and volume. Respiratory motion has the potential to move and deform the anatomy
being imaged in relation to the imaging plane being acquired. In quantitative DCEUS for
liver lesions the clinician needs to delineate the tumor using a region-of-interest (ROI) in
order to extract the signal from within the lesion. However due to respiratory motion, the
lesion moves in and out of the ROI. Thus the DCEUS linear intensity signal extracted
from within the ROI can also have a component derived from sampling of normal liver
parenchyma and/or vessels. Respiration can also obscure visual details in the qualitative
assessment of liver lesion DCEUS such as the lesion’s feeding vessels since different cross
sections of the lesion appear on the imaging plane due to out-of-plane respiratory motion.

A clinically used approach to compensate for the effects of respiratory motion is to
direct patients to perform breath-holds [17]. However this approach can only by applied to
patients that are able to hold their breath for a substantial period of time. Further to the
practical problems breath-holds can also affect hemodynamics [18].

Post-processing procedures can also be implemented to negate the effect of

respiratory motion for DCEUS quantification of liver lesions. One technique proposed by
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Averkiou et al [10] is for the clinician to manually reject frames in which the diaphragm
position deviates from a reference location. This technique does not require any special
precautions to be taken during the DCEUS acquisition and although it is implemented after
the acquisition it can be very time consuming since all the steps of the procedure are
manual.

Automation of correcting for respiratory motion can also be achieved using
computational methods [19]-[23]. Disadvantages of these methods include the need for
user intervention [20], [21], [23], extraction of only the end-phases of the respiration cycle
[19], [20], and speed of execution [23].

A fully automatic respiratory gating (ARG) algorithm has been presented in the
literature that is capable of significantly increasing the reliability of DCEUS
quantification[24], [25]. The ARG algorithm can typically process 1000 frames in 8
seconds and it can extract any breathing cycle phase required by the user. The only manual
intervention needed by the ARG algorithm is that the user chooses a “trigger” frame thus
selecting the image (tumor) plane to be analyzed. Even though the ARG algorithm has
been shown to increase the quality of fit of the lognormal indicator dilution model[26] onto
liver lesion time intensity curves[24] it is impossible to determine the absolute gain in
accuracy since it is impossible to know the true lesion perfusion in-vivo. The solution to
this obstacle is the use of a simulation of a liver DCEUS acquisition in which the perfusion
of the lesion is calculated using an indicator dilution model.

The objective of this work is to evaluate the efficiency of the ARG algorithm[25] in
increasing the absolute accuracy of liver lesion DCEUS quantification using the controlled
environment of a respiratory motion simulation model (RMSM) of dual contrast imaging

mode liver lesion acquisitions.

4.2 Materials and methods

4.2.1 Respiratory Motion Simulation Model

The RMSM was constructed in order to simulate a dual contrast imaging mode
acquisition of liver lesions. During clinical acquisitions of liver DCEUS both in-plane and
out-of-plane respiratory motion can affect the lesion’s shape, size, and location in the
image. Furthermore the appearance of structures like the diaphragm is also influenced by
respiratory motion and is easily observed on the tissue side of the acquisition (Figure 4-1).
These changes in the appearance of the lesion and bright structures (e.g. the diaphragm)

induced by respiratory motion were incorporated into the RMSM.
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Contrast

Figure 4-1: Example of a clinical dual contrast imaging mode acquisition showing the contrast side (left) and
the tissue side (right) at two time instances from the time of microbubble injection. At 44.1 s from the
microbubble bolus injection a) the lesion (solid outline) can be clearly seen on the imaging plane whereas 0.5
s after b) the lesion appears altered in shape, size, and location. The diaphragm (dashed outline) has changed
in position and dimensions due to both in-plane and out-of-plane motion.

The RMSM was constructed in MATLAB® (2012b, The MathWorks Inc., Natick,
MA) by generating image loops of a spherical lesion imbedded in a liver-like structure in
the presence of cyclic respiratory motion. A dual contrast imaging mode was simulated,
where the left side displayed the contrast image and the left side the tissue. The brightness
of the contrast enhanced signal of the lesion and liver was programmed according to
lognormal indicator dilution models derived from mean values of quantification parameters
extracted from clinical DCEUS acquisitions (see section 4.2.2). Specifically the lognormal
indicator dilution model was fitted onto the clinical lesion time intensity curves and the
mean values of the extracted quantification parameters of RT, MTT and Pl were

calculated.
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The lesion was perfused according to the lognormal model[26] with a rise time (RT)
of 17 seconds, a mean transit time (MTT) of 80 seconds and a peak intensity (PI) of 17
AlU (arbitrary intensity units). The parenchyma was perfused with a RT of 30 seconds, a
MTT of 62 seconds and a Pl of 33 AlU (Figure 4-2). On the tissue side of the acquisition
constant intensity levels were kept between a low intensity background and a 50% higher
intensity moving structure. The total simulation time was 74 seconds, the frame rate was

set to 8Hz and the imaging plane consisted of 300 by 300 pixels (px).
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Figure 4-2: Lognormal indicator dilution model time intensity curves used to calculate the linear DCEUS
intensity on the contrast side of the RMSM. The lognormal models were constructed using clinically derived
(see section 4.2.2) quantification parameters (normal liver and liver lesions) for the RT, MTT, and PI.

The lesion was modeled as a sphere approximating the ellipsoid appearance of
lesions seen in clinical acquisitions (Figure 4-1). The radius of the lesion was set at 20px
(RL) corresponding to the median liver lesion size from the clinical study and the
parenchyma as a cube containing the lesion. In-plane and out-of-plane respiratory motion
was produced by varying the position and radius of the lesion respectively according to a
normalized respiratory Kinetics curve (G(t)) that was extracted from patient data (Figure
4-3). A set of liver lesion radii [r(t)] corresponding to each time instance in the acquisition
were calculated using (1) and the values of the in-plane translation [4r(t)] of the liver

lesion were determined using (2),

r(t) =R ~(OPAXG(®))’ , (1)
Ar(t) = IPAXG(t) (T+]), )
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where G(t) was the patient derived normalized respiratory kinetics curve, R .=20px, t was
the time instance during the acquisition, OPA was a scalar defining the out-of-plane
amplitude attributed to out-of-plane respiratory motion and IPA was a scalar defining the
in-plane amplitude attributed to in-plane respiratory motion (Figure 4-4a). On the tissue
side of the acquisition the bright moving structure was modeled as a triangular prism
captured as a rectangle on the imaging plane as a representation of the oblong appearance
of the diaphragm in clinical studies (Figure 4-1). The width of the rectangle was set to a
constant value of 50 px and the values of the height of the triangle captured on the imaging

plane were calculated using

OPAX|G(t
=1, - A o

where G(t) was the patient derived normalized respiratory kinetics curve, h,=20px, t was
the time instance during the acquisition and OPA was a scalar specifying the out-of-plane
amplitude attributed to out-of-plane respiratory motion (Figure 4-4b). In plane motion was
imposed by varying the center of the rectangle according to (2).
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Figure 4-3: Normalized respiratory kinetics curve extracted from patient data that was used to drive the
respiration motion of the respiratory motion simulation model.

Multiplicative noise was applied to the DCEUS side of the simulation in order to

compare errors caused by respiratory motion to those produced by noise. The gamma
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distribution multiplicative noise model proposed by Barrois et al[27] was used according to
4),

gamma(x; <, ) = XH—ea, (4)

I'(k)a"

where «=3 and a=0.5. The k value of 3 was based on measurements performed by Barrois
et al whereas the alpha value of 0.5 was derived based on the condition that the mode of
the distribution (Mo) must have a value of 1. In order to apply the multiplicative noise
from the gamma distribution each DCEUS frame of the simulation was multiplied by a
random sample of a 300 x 300 matrix derived from the a gamma distribution with «=3 and
0=0.5. The random sample was generated using the “gamrnd” function part of MATLAB’s
Statistics Toolbox.

Three sets of simulations were run to study the effect of lesion size, in-plane and out-
of-plane respiration amplitude. An additional set of simulations was run this time with
multiplicative noise applied on the contrast side of the acquisition to investigate the effect
of noise on the DCEUS quantification parameters extracted from the RMSM. The effect of
lesion size on the DCEUS quantification parameters was studied with a set of simulations
with increasing lesion radius between 10 and 35 px; the IPA was varied between 0 to 36 px
and the OPA was set to 0 px. A set of simulations with a constant OPA of 10 px and a
varying IPA between 0 to 36 px, a set with a constant IPA of 10px and a varying OPA
between 0 to 36 px in order to evaluate the error introduced on the DCEUS quantification
parameters from both in-plane and out-of-plane motion. The maximum amplitude of 36 px
was chosen in order to simulate the clinical scenario in which the lesion is not visible in the
imaging plane at the end phases of respiration. A set of simulations were also run with a
constant OPA of 10 px and a varying IPA between 0 to 36 px with the presence of

multiplicative noise on the DCEUS side of the acquisition.
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a) Contrast Image j

Initial Position !
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Figure 4-4: Zoom-in on a simulated dual contrast imaging acquisition at the time of peak of the parenchyma
(29 seconds). a) Simulated DCEUS side of the acquisition with the initial position of the lesion indicated
(solid black line) encompassing mostly the parenchyma with the lesion moved out of position in-plane by a
vector A4r(t) and a reduction of its radius from the initial radius of R_ (20 px) to r(t) due to out-of-plane
respiratory motion. b) Simulated tissue side of the acquisition with the moving structure out of position in-
plane by a vector Ar(t) and a variation in its height from h, (20 px) to h(t) accounting for out-of-plane
motion.

The mean linear intensity within a ROI corresponding to the initial position of the
lesion on the contrast side of the RMSM (Figure 4-4a) at time zero was extracted across
time. Due to the respiratory motion present in the simulation the lesion time intensity curve
extracted will exhibit similar breathing artefacts as in the clinic. The lognormal indicator
dilution model was fitted onto lesion time intensity curves extracted with and without the
use of ARG. The quantification parameters of RT, MTT, area under the curve (AUC) and
Pl were calculated and compared to the input perfusion parameters of the RMSM. By
comparing the error introduced on the quantification parameters the accuracy of DCEUS

quantification with and without ARG can be assessed.

4.2.2 Clinical DCEUS acquisitions

Twenty-two (22) patients (10 female, 12 male) with liver metastasis were imaged.
The median age of the female patients was 69 (range, 47-72) and the male median age was
74 (range, 59-77). Approval for the scanning was obtained by the ethics review board of
our hospital. Also the procedure was fully explained to all participating patients and
informed consent was obtained.

The Philips iU22 scanner (Philips Medical Systems, Bothell, WA) along with the
C5-1 curve-linear array probe was utilized for all imaging. The imaging frequency was set
at 1.7 MHz and the pulsing scheme used was power modulation with a mechanical index
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(M1) of 0.06. One minute loops were acquired at a frame rate between 7-10 Hz in dual
contrast imaging acquisition mode with an image resolution of 0.39mm/px. The time-gain-
compensation (TGC) was set so that a very low level of uniform noise was present on the
image before the arrival of the microbubbles, ensuring that the TGC was at the threshold of
detection. In an effort to maintain a uniform pressure field the focus was set below the
depth of the lesion. The Sonovue (Bracco s.p.a., Milan, Italy) microbubble contrast agent
was injected as a 2.4mL bolus. The clinician maintained a constant imaging plane by

monitoring the “tissue” side of the acquisition.

4.2.3 Image data analysis

The patient DICOM files were extracted from the Philips iU22 scanner and
transferred to the commercial quantification software QLAB version 8.1 (Philips Medical
Systems, Bothell, WA) for analysis. Both the arterial and late portal phases of the DCEUS
loop were used to accurately draw a ROI encompassing the liver lesion. The frame at
which the lesion was delineated was the reference that defined the breathing cycle phase to
be extracted by the ARG algorithm. In particular this frame served as the “trigger” frame
by which ARG was performed (see section 4.2.4). The lesion time intensity curves from
linearized image data were extracted from QLAB and were analyzed with and without the
implementation of the ARG.

Non-linear regression fits of the lognormal indicator dilution model [26] were
performed on the lesion time intensity curves using MATLAB’s Curve Fitting Toolbox
trust region algorithm. The quantification parameters of AUC, PI, RT, and MTT were
extracted from the lognormal model fit. In addition the quality of fit of the lognormal
model on to the data was assessed by calculating the coefficient of determination (R?.y).
The quality of fit has been used in the literature[21], [23], [25] as a metric of the
improvement in the reliability of DCEUS quantification.

The effect of respiration on the DCEUS acquisitions was quantified by calculating
the respiration amplitude (RA) of the time intensity curves extracted without the use of
ARG. The RA was calculated by first computing the frequency spectrum of the lesion time
intensity curves. The faster varying respiration component of the lesion time intensity
curve was between the respiration range of 0.1-0.5 Hz [28] in contrast to the slower
changing lesion perfusion pattern that was below 0.1Hz (Figure 4-5). The RA was
calculated as the ratio between the area under the frequency spectrum between 0.1-0.5Hz

and the area between 0-0.1Hz.
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Figure 4-5: Example of a clinical lesion time intensity curve extracted from a DCEUS acquisition under the
influence of respiratory motion (left) and its frequency spectrum (right). The separation of the lesion
perfusion and respiration components is clearly shown in the frequency domain.

4.2.4 ARG algorithm

The ARG algorithm was applied on the tissue side of the dual contrast imaging
acquisition. The MATLAB® (2012b, The MathWorks Inc., Natick, MA) scientific
computing software was used to implement the ARG algorithm (Figure 4-6).

The location and intensity of motion produced by bright structures in the loop was
identified by subtracting each frame from the average from all the frames[29] and
summing the result. Bright moving structures were identified on the trigger frame and the
intensity of the motion corresponding to each structure was calculated as the average
motion intensity encompassed by the structure. In addition a frequency domain analysis
was performed to calculate the respiratory contents associated with each moving structure.
A ROI was constructed from the structure with the highest contents of respiratory motion
and applied on the tissue loop to extract the time intensity curve. The troughs and peaks of
the time intensity curve correspond to the time instances at which the acquisition was out-
of-phase and in-phase with the trigger frame respectively. By removing the frames that
were below 40% from the peak intensity the respiratory motion in the loop was reduced.
The threshold value of 40% was a compromise between preserving enough time intensity
curve data to perform a reliable fit of the lognormal indicator dilution model, while at the
same time reducing the amount of respiratory motion in the loop. A more detailed

description of the implementation of the ARG algorithm can be found in the literature[25].
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Figure 4-6: Summary flowchart of the processes used to implement the ARG algorithm in MATLAB.

4.3 Results

From the simulations investigating the effect of lesion size with increasing IPA it
was shown that as the lesion size decreases the percentage error in the parameters increases
for the same IPA (Figure 4-7). However when the IPA was normalized to the lesion radius
of each simulation the percentage error of the quantification parameters was shown to be
constant for the same IPA/R_ ratio (Figure 4-8). The results reported hereafter are in
reference to the IPA/R. and OPA/R,.
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Figure 4-7: RMSM results with increasing in-plane respiratory amplitude and different lesion sizes. The
percentage error for a) RT, b) MTT, ¢) AUC, and d) PI is shown.
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Figure 4-8: RMSM results from Figure 4-7 with the x-axis of the plots displaying the IPA normalized to the
lesion radius (R .=20px).

The results from the RMSM showed that ARG algorithm reduced the error in the
quantification parameters introduced from in-plane respiratory motion (Figure 4-9). The
overall errors where reduced from a mean of 13.0% to a mean of 2.4%. Specifically for the
RT the mean error was decreased from 20.0% to a mean of 3.9%, for the MTT from a
mean of 3.1% to 1.3%, for the AUC from 16.4% to a mean of 2.6% and for the Pl from a

mean of 12.4% to 2.0%. In addition to reducing errors introduced from in-plane respiratory
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motion the ARG algorithm was shown to also reduce the errors from out-of-plane motion.
The mean error introduced with increased OPA was reduced by 16.4%, 1.2%, 14.1% and
9.9% for the RT, MTT, AUC and PI respectively (Figure 4-10).

The reduction in the mean percentage error of quantification parameters with the use
of ARG was tested using the paired t-test at a significance level of 0.001. It was found to
be statistically significant for the RT, AUC and Pl (p<0.001) both for in-plane and out-of-
plane respiratory motion. The reduction of the MTT percentage error was found not to be
significant for the in-plane (p=0.014) and out-of-plane (p=0.044) motion. MTT did not
suffer much from motion as it is a time parameter associated with the overall duration of
the bolus that despite the respiratory noise it still remains unaffected. As an example,
consider adding high frequency noise (respiratory noise) on a low frequency signal (MTT).
The overall effective period of the low frequency signal remains unaffected.
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Figure 4-9: Percent error of the quantification parameters with increasing in-plane respiratory amplitude with
(squares) and without (circles) the use of the ARG algorithm.

The multiplicative noise introduced on the DCEUS simulation had no effect on the
RT and MTT with the results with and without noise being almost identical [compare
Figure 4-9(a)-(b) with Figure 4-11(a)-(b)]. However noise did increase the errors for the
amplitude quantification parameters by a mean value of 50.0% for AUC and 50.0% for PI
[compare Figure 4-9(c)-(d) with Figure 4-11(c)-(d)]. The error increase due to noise for the
amplitude parameters was almost constant across increasing IPA with the calculated
standard deviation of the mean increase in error being less than 0.6%.
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Figure 4-10: Same as Figure 4-9 but with out-of-plane motion. Percent error of the quantification parameters
with increasing out-of-plane respiratory amplitude with (squares) and without (circles) the use of the ARG
algorithm.
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Figure 4-11: Same as Figure 4-9 but with added multiplicative noise. Percent error of the quantification
parameters with the application of multiplicative noise under increasing in-plane respiratory amplitude with
(squares) and without (circles) the use of the ARG algorithm.

The overall RMSM validity was evaluated by comparing the relationship between
the R% y and the respiration amplitude (RA) extracted both from the simulation and patient
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data. Simulation data using the parenchyma perfusion model extended to an RA of 1.1
whereas the clinical data extended to an RA of 2.2. This was attributed to the fact that
clinical data include signal from nearby vessels, like veins, that can contribute to a higher
linear intensity within the lesion ROI compared to the parenchyma. In order to investigate
the effect of vessels to lesion DCEUS quantification parameters a set of simulations were
run with constant OPA and variable IPA. The parenchyma perfusion model was replaced
with a vein model with a RT of 27 seconds, a MTT of 54 seconds and a Pl of 190 AlU
derived from the clinical data. The results from both simulation sets were compared with
the clinical data (Figure 4-12). Both the clinical data and the simulations demonstrate a
negative correlation with the R? y decreasing as the RA increases without the use of ARG.
The slope of the linear regression was -0.33 and -0.40 for the clinical and simulation data
respectively. With the use of ARG the slope was decreased for both the patient (-0.12) and
simulation data (-0.14).
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Figure 4-12: Scatter plots of Ry vs. respiration amplitude with and without the use of automatic respiratory
gating (ARG) for a) clinical patient data and b) simulation results from the RMSM. The linear regression
lines of the displayed data are also shown without (dotted) and with (solid) ARG.

4.4 Discussion

In this study a RMSM was developed that was used to study the effectiveness of an
ARG algorithm in increasing the absolute accuracy of liver lesion DCEUS quantification.
The use of simulation to evaluate respiratory compensation algorithms for liver lesion
DCEUS has been previously suggested by Renault et al[20]. The simulation by Renault et
al examined the effects of respiration for a single in-plane and out-of-plane amplitude with
only the contrast side of the acquisition being simulated. Furthermore the errors that
respiration introduced on lesion time intensity curves were evaluated qualitatively without
looking into specific quantification parameters. That study concluded that image

registration based algorithms for respiratory motion compensation were inadequate in
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removing out-of-plane motion from liver DCEUS acquisitions. The independent
component analysis (ICA) method proposed by Renault et al and the principal component
analysis (PCA) examined by Mule et al[19] have been shown to remove both in-plane and
out-of-plane motion from DCEUS loops. However only the end phases of the respiratory
cycle can be extracted using ICA and PCA analysis, and since the acquisition is two
dimensional there is the uncertainty whether a portion or any part of the lesion will be
present on the extracted frames.

The RMSM used in this study considers a broad range of out-of-plane and in-plane
respiratory motion amplitudes. The application of the ARG algorithm on the dual contrast
imaging mode simulation has been shown to significantly reduce the errors on DCEUS
quantification parameters. Overall the implementation of the ARG algorithm significantly
reduced the errors introduced by respiratory motion (p<0.001) from a maximum of 32.3%
to less than 6.3%. ARG produced significant gains in DCEUS quantification parameter
accuracy for the RT, AUC and PI (p<0.001) whereas the impact of ARG on MTT was not
significant. This was also the case for a clinical study [24] where the MTT was found to be
unaffected by the ARG algorithm.

The increase in the accuracy from the use of the ARG algorithm can improve clinical
outcomes in liver DCEUS quantification. For example in a clinical study on liver lesion
DCEUS quantification by Averkiou et al [10] the response of patients to treatment was
detected as a mean change in the wash-in time ratio quantification parameter of 17% after
the first treatment. Zocco et al [30] found significant changes from the baseline of -20%
and -25% in the AUC and PI respectively for patients that had a response to hepatocellular
carcinoma treatment. Both Averkiou et al and Zocco et al used respiratory gating to
improve the accuracy of their quantitative analysis. These changes in the quantification
parameters would be impossible to detect if there is an error of about 30% already present
due to the respiratory motion. Furthermore in the quantification parameter reproducibility
study performed by Averkiou et al an average deviation of 9% was calculated which is
above the maximum residual error of 6.3% remaining after the use of ARG.

By taking into consideration multiplicative noise on the contrast side of the dual
contrast imaging simulation no change was observed on the time quantification parameters
of RT and MTT. The results were almost identical with the maximum difference being less
than 1.8% for the RT and MTT extracted both with and without ARG. On the other hand
the amplitude parameters of AUC and Pl were severely affected with the value of the AUC

error increasing by a maximum of 51.4% and of the Pl by a maximum of 50.5%.
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Simulations run by Barrois et al [27] found absolute error differences for the AUC of 49.8-
50.3% , the MTT of 15.5-22.0% and 4.3-5.6% for the RT. The simulations applied
multiplicative noise directly onto each data point of the time intensity curve, corresponding
to a mean signal from a 5x5 block of pixels, in contrast with the RMSM that takes the
average within a 20px radius ROI. Thus the sample size used to calculate the values of the
time intensity curve data points for the current study is 1257 compared with 25 from

Barrois et al. The standard error of the mean, SE =j_ [31], is thus expected to be higher
n

for the smaller sample explaining the discrepancy between the results obtained from the
two studies. Therefore the errors reported by Barrois et al are more relevant to parametric
imaging studies rather than the modeling of the average perfusion of a liver lesion.

The errors introduced from the gamma distribution noise model on the amplitude
parameters can be predicted analytically. The mean and standard deviation can be

calculated from the moments of the gamma distribution[32] and are given by x=xxa and

o =+vkxa. Also by differentiating (4) the mode (i.e. maximum of the probability density

function) can be calculated as |\/|0=(K—1)><a. By eliminating « and o the mode can be

2 2
H —c

u

written in respect to p and ¢ as Mo = . The multiplicative model used from the work

of Barrois et al[27] uses the relationship between the standard deviation (o), the mean (u),
and the shape parameter x of the gamma distribution to estimate « from DCEUS
measurements of the standard deviation and mean linear intensity with increasing

concentration of microbubbles. Since the relationship used [27] between ¢ and p is a linear

model o =slopexu and also o=-"_ | derived from the moments of the gamma

Je

distribution, the mean, and the mode can directly related to the shape parameter « by

u :( K Jx Mo . Consequently the mean (u) linear intensity within the ROI will be one and
o

a half times the value of the mean liner intensity before the gamma distribution noise was
applied with parameters k=3 and Mo=1 used in the RMSM. The overall mean error
between the amplitude parameters extracted with and without multiplicative from the
simulation was found to be 50.0% with a standard deviation of less than 0.5% verifying the
analysis made. As already mentioned in the previous paragraph the error obtained from the
simulations by Barrois et al for the AUC was between 49.8-50.3% agreeing with the

prediction of the analysis presented.
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Limitations of the RMSM include simplifications made compared to the complexity
of clinical dual contrast imaging acquisitions. The shape of clinical lesions does not follow
a strict spherical shape as used in the RMSM although an ellipsoidal shape is generally
assumed for demonstration purposes[7]. In addition respiratory motion does not only cause
rigid in-plane and out-of-plane motion but also results in deformation due to the elasticity
of tissue. The deformation of the lesions due to respiratory motion was not accounted for
in the RMSM. Despite of these limitations of the RMSM it offers a controlled platform by
which to study the absolute errors introduced by respiratory motion on DCEUSs
quantification parameters. Furthermore the RMSM has the potential to be used in the
training of clinicians in DCEUS quantification in an effort to increase intra-observer and
inter-observer agreement. This could be especially useful for multi-centre studies since the
training can be performed remotely and data analysis can be centralized. Future studies of
respiratory motion could also simulate 3D DCEUS acquisitions to investigate the effect of
respiratory motion compensation schemes on DCEUS quantification. However 3D DCEUS
is not currently used routinely in the clinic[33] thus there are not enough clinical data
available to construct such a model.

Both the perfusion and respiration kinetics of the RMSM were derived from clinical
dual contrast imaging acquisitions in an effort to maximize the clinical relevance of the
model. The similarities of the relationship between R?.y and RA for the RMSM and the
clinical data give confidence to the clinical suitability of the model (Figure 4-12). This
further reinforces that the results obtained for the error reduction in DCEUS quantification

parameters are expected to occur in the clinic.

45 Conclusion

A RMSM was presented that takes into account in-plane, out-of-plane respiratory
motion, and multiplicative noise. The RMSM was used to investigate the effectiveness of
an ARG algorithm in increasing the accuracy of liver lesion DCEUS quantification by
removing in-plane and out-of-plane motion from dual contrast imaging mode acquisitions.
The use of RMSM clearly revealed that the ARG algorithm significantly reduces errors
introduced from in-plane and out-of-plane respiratory motion. The time quantification
parameters of RT and MTT remained almost unaffected under the presence of
multiplicative speckle noise whereas the amplitude quantification parameters of AUC and
Pl showed a constant error of 50% from their set values. The relationship between the
quality-of-fit (R?.\) and the respiration amplitude (RA) for both clinical and RMSM-
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simulated data was similar thus confirming the clinical relevance of the simulation. Finally,
the RMSM has proven to be a useful tool in studying bolus kinetics and investigating the

impact of ARG on the accuracy of liver lesion DCEUS quantification parameters.
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Abstract

Objectives: To detect differences in the extent of carotid intraplaque microflow between

symptomatic and asymptomatic patients using both qualitative and quantitative dynamic

contrast-enhanced ultrasound (DCEUS) analysis.

Methods Twenty-seven patients were enrolled in the study and underwent DCEUS of the

carotid artery. The extent of the microflow within the carotid plaques was qualitatively

graded as 1 if more of 50% of their area was covered by moving microbubbles otherwise a

score of 0 was given. Quantitative analysis was also performed in which the percent

perfusion coverage of the carotid plagues was calculated. The qualitative and quantitative

analyses were performed by two independent observers. The study was approved by the

UK National Research Ethics Service and informed consent was obtained.

Results: The proportion of asymptomatic patients that received a qualitative score of 1 was

significantly greater than the symptomatic(p<0.05). The quantitative scores of carotid

plaque percent perfusion coverage were significantly higher in asymptomatic patients

compared to symptomatic(p<0.05). Significant inter-observer agreement was

demonstrated(p<0.05).

Conclusions: Qualitative and quantitative analysis demonstrated that carotid plaques from

asymptomatic patients had a greater extent of microflow compared to symptomatic

patients. The increased perfusion in asymptomatic patients is indicative of plaque

vulnerability in some of the plaques examined.

Key Points:

e DCEUS quantification can measure the percent perfusion coverage of carotid plaques

e Carotid plaques from symptomatic patients have reduced perfusion coverage compared
to asymptomatic

e Quantitative DCEUS can monitor the microflow in carotid plaques for risk stratification

Keywords: Contrast Agents; Carotid Artery Plaque; Neovascularization,;Ultrasound

Imaging;Microbubbles

5.1 Introduction

Stroke is a significant cause of death in the western world accounting for more than
5% of deaths in the United States[1] and 650,000 deaths annually in Europe[2]. Up to 20 %
of ischemic strokes can be attributed to stenosis in extra-cranial carotid arteries[3]. The
ability to categorize which carotid atherosclerotic plaques are likely to cause symptoms is a
key challenge in addressing the high morbidity and mortality caused by stroke.
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Histological results by Moreno et al[4] showed that plaques that have ruptured
contained a higher density of microvessels than non-ruptured plaques. Furthermore
McCarthy et al[5] showed that significantly more neovessels are formed in plaques from
symptomatic patients than from asymptomatic patients. The histology studies suggest that
plaques that are vulnerable in causing symptoms are at some point of their evolution
perfused to a greater extent than non-vulnerable plaques.

Non-invasive imaging techniques are an ideal tool for the characterization of
perfusion in carotid atherosclerotic plaques. Dynamic contrast enhanced ultrasound
(DCEUS) utilizes gas filled microbubbles as a pure intravascular contrast agent to detect
very low velocity blood flow (<1 cm/sec) in carotid atherosclerotic plaques. In a qualitative
DCEUS study by Staub et al[6] the perfusion characteristics of 293 atherosclerotic plaques
were evaluated and a correlation was established between the degree of plagque
echogenicity in B-mode and the extent of moving microbubbles within the carotid plaque
using DCEUS. Coli et al[7] demonstrated an association between qualitative scores of
intraplaque microbubble coverage and the histological density of microvessels in carotid
plaques. Xiong et al[8] employed both qualitative and quantitative DCEUS to demonstrate
increased signal enhancement in carotid atherosclerotic plagues from symptomatic patients
compared to asymptomatic. A quantitative analysis of carotid plague DCEUS loops from
22 patients with severe (70-99%) stenosis by Hoogi et al[9] showed a strong correlation
between the percentage coverage of plaque neovascularization measured using histology
and quantitative DCEUS. Furthermore Akkus et al[10] found significant correlation
between the area of intraplaque neovascularization calculated using an adaptive image
threshold technique and visual scores from 45 carotid plaqgue DCEUS loops.

In this study DCEUS was performed on 27 symptomatic and asymptomatic patients
with carotid atherosclerotic plaques. A novel DCEUS quantification technique was
developed specifically to address the challenge of measuring the extent of low intensity
microflow within carotid plaques. The purpose of this study is to detect differences in the
extent of carotid intraplaque microflow between symptomatic and asymptomatic patients

using both qualitative and quantitative DCEUS analysis.

5.2 Materials and methods

5.2.1 Patient population
Ethical approval was obtained prior to commencing the study (Ref 09/H0706/89).

Written informed consent was obtained from all patients. Twenty-seven consecutive
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patients with a discrete 50-99% internal carotid artery stenosis in relation to the normal
distal internal carotid diameter (NASCET equivalent[11]) were recruited from
neurovascular clinics between January 2011 and January 2012. Inclusion criteria were:
male or female patients aged 18 years or over with a 50-99% (NASCET) internal carotid
artery stenosis. Exclusion criteria were: atrial fibrillation, mechanical heart valve,
cardiomyopathy, elevated troponin, contrast contraindication, NYHA I11/1V cardiac failure,
myocardial infarction within 3 months and neurovascular ischemic symptoms >4 weeks
previously. An independent stroke physician assigned the diagnosis of carotid territory
ischemic symptoms after a workup including intracranial computed tomography, 24 hour
electrocardiogram, troponin result, echocardiography and for cases of amaurosis fugax, an
ophthalmic opinion. If no history of stroke, transient ischemic attack or amaurosis were
present, an asymptomatic status was recorded.

5.2.2 DCEUS acquisitions

The Philips iU22 scanner (Philips Medical Systems, Bothell, WA) along with the L9-
3 linear array probe was utilized for all imaging. System settings were: power modulation
(PM) with a mechanical index (MI) of 0.06 and frame rate between 13-16 Hz. One minute
loops of carotid plaques were acquired in dual contrast imaging mode. The 2D gain was
carefully set just above the noise floor for maximum sensitivity. The focus was set below
the depth of the plaque for a uniform pressure field[12]. A 2 mL bolus of microbubble
contrast agent Sonovue (Bracco s.p.a., Milan, Italy) was injected intravenously. A constant
imaging plane was maintained by monitoring the “tissue” side of the acquisition.

The acquired DCEUS loops were evaluated off-line by an independent, blinded
observer, not present at the DCEUS scans. The twenty-seven (27) patients enrolled in the
study were analyzed both quantitatively and qualitatively with the methods developed in

the present work.

5.2.3 Qualitative analysis

The DICOM files of the patient’s scans were exported to QLAB for off-line analysis
by a trained observer. The observer changed zoom, contrast and brightness in low light
ambient conditions to optimize viewing of the DCEUS loop images. Moving
microbubbles within the ROl encompassing the plaque were considered indicators of
plaque perfusion. The trained observer would visually compare the area that had moving
microbubbles to the total area of the plague. A qualitative assessment was then made in

regards to the percentage area of the plaque covered with moving microbubbles. Carotid
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atherosclerotic plaques were graded as having significant perfusion if more than 50% of
their area was considered to be covered by moving microbubbles.

5.2.4 Quantitative analysis

The quantitative analysis was divided into two stages. The first stage of the analysis
was performed in QLAB version 8.1 (Philips Medical Systems, Bothell, WA). The data
derived from the QLAB stage of the analysis were then accessed from MATLAB (2012b,
The MathWorks Inc., Natick, MA) in order to quantify the extent of perfusion in the

carotid plaques.

N
o
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-
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Figure 5-1: a) Contrast side of the dual-contrast imaging carotid plague acquisition with the carotid plaque
delineated using QLAB’s polygon tool to draw the region of interest (ROI), b) tissue side of the dual-contrast
imaging carotid plaque acquisition and ¢) zoom-in on the carotid plaque on the contrast image with the upper
level of the contrast window decreased to enhance the low intensity signal within the plaque. d) Detection of
microbubble arrival in carotid atherosclerotic plaques. The arrival time was defined as the first time instance
at which the mean linear intensity value from within the ROI encompassing the plaque exceeds the maximum
value present in the background noise (dashed line).

For the first stage of the analysis the DICOM files of the acquired DCEUS loops
were transferred to QLAB. A region of interest (ROI) was drawn around the plaque using
the ROI polygon tool of QLAB’s quantification suite (Figure 5-1a-c). Caution was taken
not to include any nearby tissue or arterial lumen in the ROI. Frames in which there was an
excessive amount of out of plane motion were manually removed. In-plane motion was
treated with the motion compensation tool of QLAB. Manual corrections in the position of

the ROI were also performed as a final step in ensuring that the ROl encompassed only the
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plaque. The steps described are crucial in the correct quantification of the loops since the
low intensity microflow signal within the plaque can be contaminated by high intensity
signal from within the lumen and the surrounding tissue, and thus introducing errors in the
quantification results.

The second stage of the quantitative DCEUS analysis was performed in MATLAB.
The DCEUS loop image data were imported into MATLAB. For each loop, the ROI was
reconstructed in MATLAB using the coordinates of the vertices of QLAB’s polygon ROL.
The coordinates of the polygon vertices were imported into MATLAB from the
“parameters.xml” file, as well as the 2D translation values from the motion compensation,

the rejected frame indices and the time intensity curve (TIC) of the ROI.

a) Ultrasound probe

A

Arterial lumen

b) Ultrasound probe

A

Arterial lumen

Figure 5-2: Results of dynamic contrast-enhanced ultrasound (DCEUS) quantification analysis of a near-wall
carotid plaque (delineated with white line) from a symptomatic patient. a) Parametric map of p-values from
the two sample Kolmogorov-Smirnoff test used to detect intraplaque perfusion is shown. b) A threshold of
0.001 is used on the p-value parametric map to differentiate between perfused (p-value<0.001) and non-
perfused pixels (p-value>0.001). In this symptomatic patient the plaque had 32% perfusion coverage.

The first step in the MATLAB quantification analysis was to determine the arrival
time of the contrast agent in the ROI. The arrival time was defined as the first time instance
at which the TIC intensity value exceeds the maximum value of the background noise
recorded (Figure 5-1d). The ROI was then applied as a binary mask on each valid frame of

the DCEUS loop. At each pixel location within the ROI the distribution of image intensity
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values recorded before the arrival of the contrast agent in the ROI were considered to be a
sample from the noise distribution. For each pixel the noise distribution sample was
compared to the distribution of image intensity values after the arrival of the contrast
agent. The comparison of the two samples was performed using the two sample
Kolmogorov-Smirnoff test at a significance level of 0.1%. If the two samples differed
significantly (i.e. p-value<0.001) then that pixel location was considered to be perfused,
since the distribution of image intensity values after the arrival of the contrast agent differs
significantly from that of noise. The number of pixels in the ROI that were perfused was
divided by the total number of pixels in the ROI to evaluate the percent perfusion coverage
of the plaque (Figure 5-2).

5.2.,5 Statistical analysis

The qualitative and quantitative analysis was performed by a vascular surgery
research fellow and repeated by a Professor of Bioengineering with more than 20 years of
experience in clinical ultrasound research. Inter-observer agreement was calculated using
the intraclass correlation coefficient and Cohen’s kappa for the quantitative and qualitative
analysis respectively. The qualitative scores reported were mutually agreed upon following
the inter-observer agreement analysis. From the quantitative analysis the mean of the
percent perfusion coverage calculated by the two observers was reported.

Differences in the qualitative scores between asymptomatic and symptomatic
patients were tested using Fisher’s exact test. The Mann-Whitney U test was used to
calculate differences in the percent perfusion coverage of the carotid atherosclerotic
plaques between symptomatic and asymptomatic patients. Furthermore the results from the
quantitative analysis were placed into two groups based on their qualitative score. The
differences between the two groups were compared using the unpaired two sample t-test.
The significance level for the statistical tests was set at a p-value of 0.05. The data were
analyzed using the R programming language (R Foundation for Statistical Computing,

Vienna, Austria).

5.3 Results

5.3.1 Qualitative analysis

A substantial degree of agreement was found between the two observers with a
calculated Cohen’s kappa of 0.703 (p<0.05). The results of the qualitative analysis show
that 12 (77%) out of thel5 asymptomatic patients exhibited greater than 50% perfusion
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coverage of the carotid atherosclerotic plaques compared with 4 (33%) out of the 12
symptomatic patients (P < 0.05) (Figure 5-3).
12

I >50% qualitative perfusion

10 BN <50% qualitative perfusion |
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Number of patients
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Asymptomatic Symptomatic

Figure 5-3: Bar plot of the results from the qualitative analysis of the carotid plaqgue DCEUS scans.
Symptomatic patients showed significantly higher proportions of plaques graded as having moving
microbubbles in less than 50% of their area. * = P<0.05

5.3.2 Quantitative analysis

Strong inter-observer agreement was demonstrated for the quantification analysis
with a calculated intraclass correlation coefficient of 0.831(95% confidence interval,
0.662-0.919). The values of percent perfusion coverage for symptomatic patients
concentrated in their majority (8/12) below 50% with 4/12 of symptomatic patients
exhibiting percent perfusion coverage of over 80%. The percent perfusion coverage of
plaques in asymptomatic patients was evenly spread between 40-100%, with only one of
the asymptomatic plaques having percent perfusion coverage less than 50% (Figure 5-4).
The results of the quantitative analysis were compared with the qualitative visual scores
(Figure 5-5) and a significant increase of the percent perfusion coverage was demonstrated
for the plaques that received a qualitative score of higher than 50% perfusion coverage
(p<0.05).
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Figure 5-4: Scatter plot of percentage perfusion coverage of plaques between symptomatic and asymptomatic
patients. Plaques in asymptomatic patients have percentage perfusion coverage values covering the range
between 40 to 100% whereas the majority of plaques from symptomatic patients (8/12) have less than 50%
perfusion coverage. * = P<0.05.
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Figure 5-5: Boxplots of the percentage perfusion coverage of carotid plaques grouped according to results of
the qualitative analysis. Carotid atherosclerotic plaques that received a qualitative score of 1 where
considered to be perfused in more than 50% of their area. The percentage perfusion coverage values where
significantly higher in the group with a qualitative score of 1 compared with the values that received a
qualitative score of 0. * = P<0.05, Power=1.0.
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5.4 Discussion

Both the qualitative and quantitative analysis of this study found that carotid
atherosclerotic plaques from symptomatic patients exhibit significantly less perfused area
compared with asymptomatic patients. The results of the qualitative and quantitative
analysis were examined for inter-observer variability with correlation scores demonstrating
substantial and strong agreement respectively. In addition the results of the quantitative
analysis where validated against the qualitative scores.

Akkus et al[10] performed a DCEUS quantitative study of 45 plaques using an
adaptive image threshold technique to detect the perfusion within the plaques. The patients
participating in the study presented with symptomatic stenosis and they exhibited mean
percentage perfusion coverage of 32.7% + 24.7% (mean * standard deviation). In the
current study the mean percentage perfusion coverage for symptomatic patients was 47.4%
+34.9% (N=12) compared with 80.1% +21.2% for the asymptomatic patients (N=15).
Using an unpaired t-test no significant difference can be shown between the symptomatic
patients from Akkus et al and this study (p=0.192). On the contrary when comparing the
results of the asymptomatic patients of the current study and the mean percentage coverage
reported by Akkus et al a significant difference can be demonstrated (p<0.001). The
agreement of the results for the symptomatic patients between our study and the one by
Akkus further amplifies our finding that carotid plaques from symptomatic patients often
have reduced perfusion coverage compared to asymptomatic patients.

In a quantitative DCEUS study by Hoogi et al[9] active contouring image
segmentation[13] was used to detect the microflow within carotid plaques. Regions of
contrast enhancement within a plaque were considered areas of neovascularization. Strong
correlation was demonstrated between the ratio of intraplague area neovascularization
calculated using DCEUS and histology. No differences could be shown between the
symptomatic and asymptomatic patients. Although this contradicts the findings of the
current study there are several differences in the methodology and carotid plaque
characteristics to be considered. The current study uses statistics to detect perfusion in
carotid plaques whereas Hoogi et al utilizes image segmentation. In addition the ratio of
intraplaque area neovascularization reported by Hoogi et al varies approximately between
0 and 20% whereas in the present study the percent perfusion coverage varies between 10
and 100%. The low percentage of the perfused plaque area reported by Hoogi et al also

differs from the mean percent perfused area of 32.69% reported by Akkus et al and could
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indicate that perhaps the plaques analyzed had a high content of intraplaque calcification or
prior hemorrhage and thrombus formation.

Xiong et al[8] used an indicator dilution model to calculate the peak intensity (PI) in
plaques and the ratio of the PI in plaques to the PI in the lumen of arteries. The study found
that plaques from symptomatic patients exhibit more intense contrast agent enhancement
than asymptomatic patients. The quantification method used in this study is different from
the one was used by Xiong et al since we used pixel-by-pixel parametric imaging to
calculate the percent perfusion coverage of the plaque. No relationship can be established
between percent perfusion coverage and Pl since high values of the PI could be originating
from a very large signal in a small area within the plague and do not represent the extent of
perfusion within the whole of the plaque. Although indicator dilution models have been
used in the quantification of liver lesion perfusion[14] and myocardial blood flow[15] the
low flows observed in the plagues of this study does not satisfy the assumptions made by
indicator dilution models[14], [16]-[19] and that is the reason why we have not used it.
Furthermore Akkus et al[10] found very poor correlation between the Pl metric used by
Xiong et al and visual scores of intraplaque neovascularization prompting them to
disregard any further consideration of this parameter.

DCEUS qualitative studies have shown a strong correlation between visual scores of
enhanced plaque perfusion and predictors of plaque vulnerability. Staub et al[6] used a
qualitative grading system to categorize carotid plaques as having no perfusion, moderate
perfusion and extensive appearance of moving microbubbles. A significant correlation
between plaque echolucency in B-mode and the qualitative DCEUS scores was
established. Plaque echolucency in B-mode is a suggested predictor of cerebrovascular
events[20], [21] and therefore of plague vulnerability. In addition, in a study of 52 carotid
plaques by Coli et al[7] a significant correlation was shown between DCEUS enhancement
and microvessel density measured with histology.

Contrary to the qualitative DCEUS studies mentioned, this work does not aim to
identify vulnerable plaques but to detect differences in the perfusion characteristics
between plaques from symptomatic and asymptomatic patients. It is reasonable to expect
that a group of asymptomatic patients will have plagues with a mixed of degree of
vulnerability. This can be clearly seen from the 40-100% range of percentage perfusion
coverage values for the asymptomatic patients in this study (Figure 5-4). Once a patient
exhibits symptoms there is a high probability that a rupture event took place which could

have disrupted the microvessel network which in turn may give rise to a reduced perfusion
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of the plaque. The presence of large necrotic cores, thrombus and hemorrhage could also
contribute to the reduced perfusion of plaques from symptomatic patients [22].

Although the statistical results of this study show that plagques from symptomatic
patients to have significantly less perfusion compared with asymptomatic patients a close
examination of the quantitative data (Figure 5-4) is needed. Whereas the symptomatic
perfusion data are mostly concentrated below 50% (8/12) the remaining four plaques have
perfusion coverage of more than 80%. The authors believe that these four cases are not
necessarily outliers to the low percentage perfusion coverage distribution of symptomatic
patients but could be vulnerable plaques with extensive neovascularization that have
caused symptoms without their microvessel network being yet disrupted. Similarly, close
examination of the perfusion of asymptomatic patients, shows that one had percent area
less than 50%, and four 50-60% and the rest higher. It is possible that some of the
asymptomatic patients with high degree of perfusion might develop symptoms in the future
thus suggesting that they may be the ones with the vulnerable plaques. Similar conclusions
may be drawn from the qualitative analysis in Figure 5-3.

Several limitations can be identified in the present study. Although the results are
statistically significant further studies with a larger number of patients and a stricter
classification of their symptom status will give more confidence in the findings and further
progress the research towards identifying the characteristics of vulnerable plaques.

Furthermore the percent perfusion coverage calculated in the quantitative analysis of
this study is representative of only a 2D slice through the plaque. Future volumetric 3D
studies can provide additional insight into the perfusion patterns of vulnerable plaques and
also increase sensitivity. In addition, in 2D DCEUS the plague might not be perfectly
centered on the elevation plane of the ultrasound probe or might be thin compared to the
elevation plane thickness and signal from nearby lumen might be perceived as originating
from within the plaque.

Inherent limitations to carotid plaque DCEUS include the presence of non-linear
artefact[23], insufficient resolution and limited sensitivity in detecting the perfusion in the
microscopic scale of plaque vasculature, signal saturation due to the large discrepancy in
the image intensity between the lumen and the plaque, and the presence of non-linear
signal cancellation artefacts (from the nonlinear pulsing schemes). These sources of
uncertainty do not just affect the current study but are intrinsically present in all of the
DCEUS studies done in the past too.
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Another limitation is that the findings of the current study have not been verified
against histology. Even though histological results were available for the symptomatic
patients and a limited number of high risk asymptomatic patients there was no ethical
justification for performing surgery on the majority of asymptomatic patients. Thus any
comparison of the results from the DCEUS analysis with histology would be biased.
Furthermore the current study aims to identify differences in the extend of carotid plaque
perfusion based on the appearance of symptoms rather than performing a direct
comparison with histology.

In conclusion, a new metric of plague neovascularization, percent plaque perfused
area, was developed and measured in a group of both symptomatic and asymptomatic
patients. The new metric is more appropriate for plaque perfusion quantification than other
metrics based on bolus wash-in/washout kinetics. The findings of our study show that
plaques in patients that already demonstrated symptoms had reduced perfused area,
possibly due to intraplaque hemorrhage, large necrotic cores and thrombus formation. The
opposite was observed in asymptomatic patients and their plaques had increased perfused
area. The increased perfusion in asymptomatic patients is suggesting that some of these
plaques may be vulnerable. Thus, a more appropriate study in the future would be one in
which plaques are identified in asymptomatic patients and evaluated through a period of

time in order to better understand and monitor plague microvessel flow progression.
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6.1 Summary

Dynamic contrast enhanced ultrasound (DCEUS) can have enormous clinical
potential in analyzing and visualizing the dynamics of tissue perfusion. However the
necessary tools need to be developed to enable clinicians to perform reproducible, reliable
and quantitative analysis of DCEUS in routine clinical practice. The work in this thesis
was motivated by the need for algorithms and methods in order to remove noise and isolate
useful information of quantitative DCEUS. Challenges in quantifying the perfusion in
tissues with a high amount of blood flow using indicator dilution models were addressed in
Chapters 2-4 with the use of an automatic respiratory gating (ARG) algorithm developed
for liver lesion DCEUS quantification. Indicator dilution models cannot be applied in cases
of low amount of blood flow for that reason a method for calculating the percent perfusion
coverage of carotid atherosclerotic plaques was developed in Chapter 5.

In Chapter 2 the technical aspects of the ARG algorithm were presented. In essence
the ARG algorithm fully automates the manual respiratory gating process described by
Averkiou et al. [1]. Instead of relying on an observer to identify the diaphragm or other
moving bright reflectors the ARG algorithm made use of frame subtraction [2] to detect
moving structures in the tissue loop of a dual-contrast imaging acquisition. An observer
would also be able to avoid selecting moving structures that are not related to respiration
like vessel movement due to the pulsating blood pressure. The ARG algorithm analyzes the
motion from each moving structure detected using frequency domain analysis and the prior
knowledge that the frequency of respiration is between 0.1-0.5Hz [3].

Since the ARG algorithm was designed with the aim to be used clinically,
computational speed was an important technical characteristic that needed to be taken into
account. The ARG algorithm developed in this thesis can process 100 frames in less than a
second. For a 2 minute clinical liver lesion dual-contrast imaging acquisition at a frame
rate of 8Hz the ARG algorithm can perform respiratory gating in less than 9 seconds. This
calculation time compares favorably with the current solutions proposed in the literature
and is 6 times faster than the second fastest reported algorithm [4].

The ARG algorithm presented can readily remove out-of-plane as well as in-plane
respiratory motion. Removing out-of-plane motion can be a challenge especially for
motion compensation schemes that make use of image registration since out-of-plane
respiratory motion can cause anatomical landmarks to move completely outside the

imaging plane causing failures in the registration process [5], [6]. Zhang et al. [7]
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implemented a scheme by which image registration was used for the rejection of frames
with excessive out-of-plane motion. However the extra steps implemented by Zhang et al.
in order to remove out-of-plane motion resulted in a clinically unacceptable computational
time of 3 minutes for 100 frames.

Respiratory motion correction algorithms based on independent [8] and principal [4]
component analysis can efficiently remove out-of-plane motion as well as in-plane motion
but allow only for the end-of-respiration breathing cycle phases to be extracted. This can
cause problems in liver lesion DCEUS quantification since a crucial step of the
quantification process requires the operator to choose an optimal frame to delineate the
lesion in order to extract a time intensity curve representative of the lesion’s perfusion. If
this optimal frame is not part of the extracted loop then the DCEUS quantification may not
be as reliable or fail completely if the lesion is not present on the imaging plane due to out-
of-plane motion. The ARG algorithm presented in Chapter 2 allowed for the user to choose
the optimal frame to perform the quantification and used that frame as the “trigger” frame
to extract the ARG-processed loop. This allowed not only for the optimal frame to be
present in the extracted loop but to also be the reference by which respiratory gating was
performed.

Chapter 3 assessed the impact of the ARG algorithm on clinical liver lesion DCEUS
quantification. The main hypothesis tested in Chapter 3 is whether there is a varying
degree by which respiration affects DCEUS quantification. It is likely that the use of ARG
offers marginal, if any benefit at all, to liver lesion DCEUS quantification if respiration
induces minimal movement on a lesion. Respiration amplitude (RA) was developed and
introduced as a metric by which to quantify the effect of respiration on liver lesion
DCEUS. To the author’s knowledge no other study has quantified the effect of respiration
on liver lesion DCEUS quantification.

It is expected that as RA increases the accuracy of liver lesion DCEUS quantification
decreases. This was demonstrated by comparing the RA with the quality of fit of the
lognormal indicator dilution model [9] on liver lesion time intensity curves (R%.). As
expected with the increase in RA the quality of fit decreased with a strong linear correlation
of -0.96, whereas with the use of ARG the correlation was reduced by 33%. Overall the
quality of fit increased significantly with the use of ARG with 88% of the lesion time
intensity curves exhibiting an R?_y of greater than 0.8 compared with only 32% without
ARG. Furthermore the use of ARG had a significant impact on the quantification

parameters of rise time (RT), peak intensity (P1) and area under the curve (AUC). However
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this was not the case for liver lesion time intensity curves with an RA of less than 1.5 with
ARG affecting none of the quantification parameters. This further demonstrated the need
of RA in the analysis of respiratory motion compensation algorithms before any
conclusions can be reached on their clinical impact.

The need of determining the absolute decrease in accuracy of liver lesion DCEUS
quantification in the presence of respiratory motion was addressed in Chapter 4. Although
metrics like the R%y and RA are useful in analyzing the effect of the ARG algorithm on
clinical data, it was impossible to quantify the exact impact of ARG since the true lesion
perfusion was not known. A respiratory motion simulation model (RMSM) was
constructed from clinical data to formulate the perfusion and respiratory kinetics of the
model. The perfusion of a virtual spherical lesion inside of a cubic liver parenchyma was
determined by a lognormal normal indicator dilution model derived from clinical averages
of RT, MTT and PI. The virtual lesion was captured on the imaging frame as a disk with
variable location and radius due to in-plane and out-of-plane respiratory motion
respectively.

The RMSM showed that the ARG algorithm reduced the maximum percentage error
in the quantification parameters caused by out-of-plane motion almost nine-fold from
27.3% to 3.1%. A decrease of the maximum percentage error from 32.2% to 6.2% was
calculated in the case of in-plane respiratory motion. The clinical relevance of the RMSM
was demonstrated by comparing the relationship between the R?_y and RA derived from the
RMSM and clinical liver lesion DCEUS. The slope of the linear regression for the clinical
data increased from -0.33 to -0.12 with the use of ARG compared to a similar increase of -
0.40 to -0.14 for the RMSM.

In addition to investigating the impact of respiration, the RMSM was also used for
the analysis of the effect of multiplicative noise on liver lesion DCEUS quantification. The
gamma distribution multiplicative noise model proposed by Barrois et al. [10] was used to
introduce noise onto the RMSM. It was shown in Chapter 4 that the multiplicative noise
model increased the error introduced from respiratory motion by 50% for the amplitude
parameters of AUC and PI; whereas no increase in error was demonstrated for the RT and
MTT. However the increase in the error of the amplitude quantification parameters was
theoretically predicted using the moments of the gamma distribution to be directly
proportional to the true values of the parameters.

Finally in Chapter 5 a novel method was introduced in quantifying the percent

perfusion coverage of the microflow within carotid atherosclerotic plaques. The DCEUS
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quantitative method was verified using visual qualitative scores of the extent of moving
microbubbles within the plaque. The area of perfusion within carotid plaques was
determined to be significantly less in symptomatic patients compared to asymptomatic
using both qualitative and quantitative DCEUS. Furthermore the results of the study were
tested for inter-observer variability demonstrating strong agreement for the qualitative and
quantitative analysis. The values of percent perfusion coverage of Chapter 5 were in
agreement with results reported by Akkus et al. [11] for patients with symptomatic
stenosis, supporting the validity of the analysis performed in this thesis.

An important conclusion drawn from Chapter 5 was that the comparison of the extent
of plaque perfusion between symptomatic and asymptomatic patients does not provide a
definitive answer to the perfusion characteristics of vulnerable carotid plaques. The results
indicate that as the disease progresses in asymptomatic patients the perfusion coverage of
the plaques will increase until symptoms occur. Symptoms are associated with the
presence of hemorrhage, large necrotic cores and thrombus in the carotid plaques [13] that
explains the reduced perfusion coverage observed in symptomatic patients. Additional
work is needed both in terms of validating tools for carotid plaque microflow
quantification and in the design of new clinical studies. In order to characterize vulnerable
plaques a clinical study would need to monitor the carotid plague microflow in
asymptomatic patients prospectively for a period of time to identify the microflow patterns

that can lead to symptoms.

6.2 Conclusion

In his bestselling book “The Signal and the Noise” Nate Silver says that “The signal
is the truth. The noise is what distracts us from the truth.”[14]. The methods and
algorithms developed in this thesis were aimed to remove noise from liver lesion and
carotid plague DCEUS quantification so that the true perfusion values could be quantified.
In the case of liver lesion DCEUS the ARG algorithm developed has been shown to
significantly reduce the noise imparted by respiration onto lesion time intensity curves.
The reduction in respiration noise resulted in greater accuracy for liver lesion DCEUS
quantification demonstrated using both clinical data and the RMSM. In addition the ARG
algorithm was fast, easy-to-implement and allowed the user to choose the breathing cycle
phase to be extracted. The algorithm for detecting the percent perfusion coverage of the
carotid plagues was able to show distinct perfusion characteristics between symptomatic

and asymptomatic patients. Furthermore the results from the algorithm were validated
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using qualitative visual scores. Although overall the results were inconclusive in answering
the crucial question whether quantitative DCEUS can predict vulnerable carotid plaques
they do provide the tools and insight that is crucial in the design of future studies in

answering this question.

6.3 List of Original Contributions

> In this thesis advanced algorithms and methods were designed that contribute
significantly to the reliability of liver lesion and carotid plaqgue DCEUS quantification.
Specifically a novel ARG algorithm was developed that overcame the limitations of
the algorithms presented in the literature in terms of computational speed, ease of
implementation, and efficiency in removing both in-plane and out-of-plane respiratory

motion.

» The RA was introduced as an important metric for quantifying the amount of
respiratory motion present in liver lesion DCEUS acquisitions. The relationship of the
quality of fit of the lognormal indicator dilution model onto liver lesion time intensity
curves and the RA was used to demonstrate the efficiency of the ARG algorithm in

significantly reducing respiratory motion across the range of RA observed in the clinic.

» A RMSM was constructed to overcome the limitation of establishing the true
perfusion characteristics of liver lesions in the clinic. The RMSM allowed for the
absolute determination of the efficiency of the ARG algorithm in improving the
accuracy of DCEUS quantification parameters in the presence of respiratory motion.
Furthermore the clinical relevance of the RMSM was validated by comparing the

relationship between RA and R?_y extracted from the simulation and clinical data.

» The effect of multiplicative noise on liver lesion DCEUS quantification was also
investigated using the RMSM. It was demonstrated that multiplicative noise had no
impact on the time parameters of RT and MTT. However it was shown that it did
affect the amplitude parameters of PI and AUC through a theoretically derived linear

relationship.

» A novel algorithm was developed for the quantification of the extent of perfusion

within carotid atherosclerotic plaques. The algorithm made use of statistics, image and
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signal processing to remove sources of noise from carotid plaque DCEUS
quantification and calculate the percent perfusion coverage. The results of the
quantification method were verified against visual scores of the extent of plaque

perfusion.

» Carotid plaque percent perfusion coverage scores were able to show a significant
decrease in the extent of microflow in symptomatic patients compared to
asymptomatic. The carotid plaqgue DCEUS quantification algorithm developed
contributes to the limited number of studies in the literature and provides better

understanding for the design of future clinical studies.
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This application claims the Dbenefit of U.S.
provisional application serial no. 61/753,898 filed
January 17, 2013, which 1is incorporated herein by
reference.

This invention relates to ultrasonic diagnostic
imaging systems and, in particular, to the use of
ultrasonic diagnostic imaging systems to assess the
progress of therapeutic treatment of tumors.

International patent publication WO 2006/090309
(Bruce et al.) describes an ultrasonic 1imaging
technique for detecting lesions in the liver by use
of an ultrasonic contrast agent. A bolus of contrast
agent 1s introduced into the body and the time of
arrival of the contrast agent in the 1liver 1is
detected. When a bolus of contrast agent travels
through the blood vessels of the body and begins to
appear at a specific organ or location in the body,
the build-up of contrast in the images is termed the
"wash-in" of the contrast agent. As the infusion of
contrast agent plateaus at the location in the body
and then declines as it 1is carried away from the
location by the flow of blood, the decline is termed
the '"wash-out" of the contrast agent. In the
aforementioned patent publication the inventors take
advantage of the fact that the flow of blood to the
liver comes from two sources, the hepatic artery and
the portal vein. Since the flow of blood during the
first, arterial phase of blood flow will perfuse HCC
and metastatic liver lesions first, the inventors
identify such 1lesions by detecting the times of
arrival of contrast agent in the liver during the
arterial and the later portal phase of blood flow.
An area of early wash-in of contrast agent to the
liver can be symptomatic of a lesion.

Once a lesion or metastasis has been identified
by this and/or other means, a treatment regimen 1is

generally prescribed by a physician. The therapy may
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involve hyper-/hypothermia, cytotoxic chemotherapy,
or anti-angiogenesis agents, for example. The
therapy 1is usually not performed in a single session,
but in several sessions over a period of weeks or
months. At each therapy session it 1is generally
desirable for a physician to assess the progress of
the therapy to determine its effectiveness for the
patient. The lesion or metastasis may be imaged
diagnostically to see whether it 1is shrinking, for
instance. But often the progress of treatment is
slow and only small changes 1in the lesion or
metastasis have occurred since the previous session.
In such instances 1t 1is desirable to assess the
progress of therapy quantitatively by measuring
certain characteristics of the tumor. One such
measure 1s the regression of tumor angiogenesis. As
a lesion or metastasis shrinks with the necrosis of
its cells, the microvasculature which developed to
nourish the lesion will provide a smaller supply of

blood for the lesion and may itself begin to shrink.

One quantitative approach is to assess this
regression of angiogenesis, the decline in
performance of the 1lesion's microvasculature. A

preferred technique for doing this is with a contrast
agent which Dbrightly illuminates the Dblood flow
during the uptake of blood containing the agent, and
the subsequent decline in brightness during the wash-
out phase of the contrast agent. Measurement of the
time-intensity curve of this —reperfusion enables
precise assessment of the success of the treatment
therapy toward lesion necrosis. But the acquisition
of the necessary 1image sequence of contrast agent
wash-in and wash-out requires that the imaging probe
steadily image the lesion in the image plane during
the wash-in and wash-out period of the contrast
agent, which can last for as long as 100 seconds or

more. However, the liver is adjacent to the
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diaphragm in the Dbody, causing the patient’s
respiratory motion to cause some small movement of
the aiming of the probe during the imaging procedure.
This movement can cause the lesion to move into and
out of the image plane during the procedure. As a
result, the brightness of the lesion and its contrast
agent in the image will vary with the lesion movement
rather that solely due to contrast agent wash-in and
wash-out. Consequently it is desirable to eliminate
these unwanted motional effects when acquiring images
used for perfusion assessment.

One technique for eliminating motional effects
is described in U.S. Pat. 8,529,453 (Averkiou et al.)
This technique involves acquiring images of the
target anatomy, in this case the 1liver, which also
show a portion of the diaphragm in the image. The
size and position of the diaphragm in the images is
used as a landmark. Images containing the diaphragm
in the desired size and position are used for
perfusion assessment, while images in which the
diaphragm has changed its size and/or position or is
absent entirely are deleted from subsequent
processing. This in effect retains for processing
only those images in which the lesion is shown in a
consistent image plane. But recognition and deletion
of images from the sequence is a manual process,
requiring individual inspection and assessment of
each image and its view of the diaphragm.
Accordingly it 1s desirable to eliminate motional
effects in an automated process which is both robust
and requires less intensive user analysis of images.

In accordance with the principles of the present
invention, methods are described for ©processing
medical images so that movement due to a certain
physiological function, such as the cyclic movement
due to respiration or cardiac motion, can be

identified and selectively removed from subsequently
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processed images. This 1s preferably done by
processing only those image frames which belong to
the same range of phases of the motion cycle. By
processing only those image frames acquired during
the same phase range of the motion cycle, the image
data is more uniformly affected by the motion and
disparate motional effects are largely eliminated
from the data, allowing for more precise quantitative
assessment of anatomical performance such as
perfusion. Clinical applications of the methods
include liver, kidney, pancreas, breast, and prostate
cancer assessment.

In one implementation, a sequence (loop) of
images 1s acquired during one, and preferably more,
cycles of the motion. The normal breathing rate of
an adult at rest is 8-16 breaths per minutes, so the
acquisition of a one-minute loop will acquire images
over about 8-16 cycles of respiratory motion, for
instance. The acquired images are tagged with their
times of acquisition so that these times can be
related to phases of the motion. Strong reflecting
structures are identified in the images and their
motion followed throughout the loop, which is
identified by their «cyclic wvariation in ©position
and/or brightness throughout the loop. For instance,
a reflector may start at one location in an image,
move to another location over a first series of
images, then back to its original 1location over a
second series of images, the time to acquire the two
series of 1images being the time of one cycle of
motion. As a second example, a reflector may start
with a given brightness in an 1image, increase in
brightness during a first series of 1images, then
decrease in brightness back to its original intensity
during a second series of images. Again, the time
required to acquire the two series of images 1is the

time of a motion cycle. The identified time or times
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of motion cycles may be compared with typical cycle
times of the physiological function in question to
see that they correlate. For example, 1if an
identified motion cycle is outside an expected range
of 5-20 Dbreaths per minute, the cycle measurement
would be discarded as a respiratory cycle and another
cycle measurement made.

Once the motion cycles of the loop have been
identified, those images which were acquired during
desired phases of the motion cycle are accepted for
further processing while the remainder are discarded.
For example, it may be desired to accept for
processing only those 1images which were acquired
during a 25% range of phases of a respiratory cycle.
Images acquired within this range of the respiratory
phase of each cycle are then accepted for processing
for quantified measurement, such as time-intensity
curve and reperfusion measurement.

In the drawings:

FIGURE 1 illustrates in block diagram form an
ultrasonic diagnostic imaging system constructed in
accordance with the principles of the present
invention.

FIGURES 2 and 3 illustrate details of the
operation of the QLab processor of FIGURE 1 when
calculating a time-intensity curve for perfusion
assessment.

FIGURES 4a, 4b, and 4c illustrate the wvariation
of the appearance of a tumor and blood vessels as the
image plane moves due to respiratory motion.

FIGURE 5 illustrates 1in Dblock diagram form a
first method for removing respiratory motion effects
from image characteristic quantification as performed
by the wultrasound system of FIGURE 1 in accordance
with the principles of the present invention.

FIGURE 6 illustrates 1in Dblock diagram form a

second method for removing respiratory motion effects
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from image characteristic quantification as performed
by the wultrasound system of FIGURE 1 in accordance
with the principles of the present invention.

FIGURES 7a, 7b and 7c¢ are ultrasound images
illustrating the formation of a motion information
matrix used to extract a respiratory —curve 1in
accordance with the present invention.

FIGURE 8 illustrates respiratory gating using a
respiratory <curve 1n accordance with the present
invention.

FIGURE 9 illustrates time-intensity curves of a
liver metastasis processed with and without
respiratory gating in accordance with the present
invention.

Referring first to FIGURE 1, an ultrasound
system constructed in accordance with the principles
of the present invention is shown in block diagram
form. This system operates by scanning a two or
three dimensional region of the body being imaged
with ultrasonic transmit beams. As each beam 1is
transmitted along its steered path through the body,
the beam returns echo signals with linear and
nonlinear (fundamental and harmonic frequency)
components corresponding to the transmitted frequency
components. The transmit signals are modulated by
the nonlinear response of contrast agent microbubbles
encountered by the beam, thereby generating echo
signals with harmonic components.

The ultrasound system of FIGURE 1 utilizes a
transmitter 16 which transmits waves or pulses of a
selected modulation characteristic in a desired beam
direction for the return of harmonic echo components
from scatterers within the body. The transmitter is
responsive to a number of control parameters which
determine the characteristics of the transmit beams,
including the frequency components of the transmit

beam, their relative intensities or amplitudes, and
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the phase or polarity of the transmit signals. The
transmitter 1is coupled by a transmit/receive switch
14 to the elements of an array transducer 12 of an
ultrasound probe 10. The array transducer can be a
one dimensional array for planar (two dimensional)
imaging or a two dimensional array for two
dimensional or volumetric (three dimensional)
imaging. A two dimensional matrix array can also be
operated in an xMatrix mode in which a single plane
(xPlane) which can be steered over a volumetric
region is scanned by the matrix array probe.

The transducer array 12 receives echoes from the
body containing fundamental (linear) and harmonic
(nonlinear) frequency components which are within the
transducer passband. These echo signals are coupled
by the switch 14 to a beamformer 18 which
appropriately delays echo signals from the different
transducer elements then combines them to form a
sequence of linear and harmonic signals from along
the Dbeam direction from shallow to deeper depths.
Preferably the beamformer is a digital beamformer
operating on digitized echo signals to produce a
sequence of discrete coherent digital echo signals
from a near field to a far field depth of the image.
The beamformer may be a multiline beamformer which
produces two or more sequences of echo signals along
multiple spatially distinct receive scanlines in
response to a single transmit beam, which is
particularly useful for 3D imaging. The beamformed
echo signals are coupled to an ensemble memory 22.

In the ultrasound system of FIGURE 1, multiple
waves or pulses are transmitted in each Dbeam
direction using different modulation techniques,
resulting in the reception of multiple echoes for
each scanned point in the image field. The echoes
corresponding to a common spatial location are

referred to herein as an ensemble of echoes, and are
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stored in the ensemble memory 22, from which they can
be retrieved and processed together. The echoes of
an ensemble are combined 1in various ways by the
nonlinear signal separator 24 to produce the desired
nonlinear or harmonic signals. For example, two
pulses with different phase or polarity modulation
can be transmitted to each point in the image field.
When the echoes resulting from the two pulses are
received Dby the wultrasound system and additively
combined, the different modulation causes the
fundamental frequency components of the echoes to
cancel and the harmonic components to reinforce each
other. This separates out the harmonic components of
the echo signals. Alternatively, when the two echoes
are subtracted from each other, the fundamental
frequency components are reinforced and the harmonic
components cancel. This separates out fundamental
frequencies for construction of a standard B mode
image. This modulation i1is referred to as '"pulse
inversion," and can be done by phase, polarity or
amplitude modulation as described in US patents
5,706,819 (Hwang et al.), 5,951,478 (Hwang et al.),
and 5,577,505 (Brock Fisher et al.)

The separated signals are filtered by a filter
30 to further remove unwanted frequency components,
then subjected to B mode or Doppler detection by a
detector 32. The detected signals are coupled to a
nonlinear signal combiner 34 to reduce image speckle
content. The signals are then processed for the
formation of two dimensional, three dimensional,
spectral, parametric, or other desired image in image
processor 36, and the image 1is then displayed on a
display 38. Detected fundamental (linear) signals
which do not need speckle reduction processing are
coupled directly to the image processor 36 for image
formation and display.

In the system of FIGURE 1, the ultrasound image
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data is also coupled to a QLab image processor 40 for
the production of time-intensity curves and contrast
agent wash-in and wash-out characteristics. The
time-intensity curves and characteristics produced by
the QLab processor are coupled back to the image
processor where they may be displayed numerically or
graphically on the display 38 along with the
ultrasound images. A standard QLab processor which
is suitable for the production of time-intensity
curves 1s available from Philips Healthcare of
Andover, Massachusetts.

A standard QLab processor produces the well-
known time-intensity curves, also referred to as
perfusion curves or reperfusion curves. See US
patent 5,833,613 (Averkiou et al.), international
patent publication WO 2005/099579 (Rafter), and
international patent publication WO 2005/054898 (Garg
et al.) As these publications illustrate, the build-
up of contrast agent at points in the tissue (points
in the image) 1is monitored during the arrival of the
contrast agent at locations in the body. The amount
of contrast agent at a point 1is indicated Dby the
intensity of echoes returned from contrast agent
microbubbles at each point, and 1is present 1in a
sequence of images acquired by low power (low MI)
transmission as the contrast agent washes into the
tissue. A time-intensity curve can be formed of this
build-up of contrast intensity and its subsequent
decline during wash-out of the contrast agent for
each point in the tissue which returns the time
sequence of echoes frame-by-frame. A qualitative
presentation of the time-intensity curves for the
entire tissue being viewed can be formed by coloring
each pixel in an anatomical image with a color that
represents a parameter of the time-intensity curves
at each point 1in the image. The Garg et al.

application illustrates the formation of a parametric
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image of the myocardium where the color of each pixel
in the image represents the peak level attained by
the time-intensity curve at each point in the
myocardium, for example. Alternatively, the slope of
the time-intensity curve can be used to indicate the
rate of reperfusion instead of the peak. See also US
patent 6,692,438 (Skyba et al.)

In an implementation of the present invention,
contrast agent perfusion echo data is acquired over a
sequence (loop) of 1images as the contrast agent
arrives at the location of a metastasis in the body,
builds up, and then washes out. The intensity values
of the echoes will thus start from a baseline level
of no contrast agent present, then rise, plateau, and
decline as the contrast agent washes out. A curve-
fitting algorithm then fits this data variation to an
error function defined as

1(t)= Alerf {t—t,)/T}+1,]

where I(t) 1is the linear intensity at time t, A
is the maximum intensity over the baseline offset, T
is wash-in time parameter which is linearly
proportional to wash-in time (e.g., from 5%-95%), Iy
is baseline offset, and ty is a time offset. The wash-
in time 1is preferably extracted from the fitted curve
rather than the noisy 1image data. Preferably the
contrast agent echo data does not undergo data
compression prior to this processing so that the data
remains in its acquired linear relationship. Another
approach 1s to fit the whole time-intensity curve
(instead of Jjust the wash-in part) to appropriate
mathematical models as the lognormal distribution for

example defined as
A [in(t-ty)-uf
It)=——" @ 2 +C
VZﬂJﬁ—tJ
where w4 and o are the mean and standard
deviation of the normal distribution from which the

logarithmic transformation was obtained. The curve
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can be scaled horizontally by varying u and changed
in terms of skewness by varying o. The area under
the curve is A, 1;is the time offset, and C 1is the
baseline intensity offset. The lognormal fitted curve
is used to extract the wash-in time.

The ultrasound system of FIGURE 1 can compute a
quantitative measure of the perfusion of a
metastasis, a parameter referred to as the wash-in
time ratio (WITR). The WITR is computed as shown by
the Dblock diagram of FIGURE 2. From a temporal
sequence of images of a metastasis or lesion during
contrast agent wash-in and wash-out, contrast agent
intensity values are computed for the ROIw: o0f the
metastasis 50, a region of interest in the
metastasis, as indicated by box 72. As explained
above, these values can be computed by combining the
pixel values of the metastasis ROI for each image of
the sequence acquired during wash-in. In box 74
intensity wvalues are computed for an ROIpsr of normal
parenchyma of the tissue. This may be done by
tracing a region of normal tissue in an image of the
liver metastasis and using the normal tissue
perfusion pixel values within this second tracing.
These values are therefore perfusion values of normal
tissue. In box 76 a time-intensity curve is fitted
to the perfusion wvalues of ROIwr, and in box 78 a
time-intensity «curve 1s fitted to the ©perfusion
values of ROIpar. The fit is not always necessary but
it gives a better estimation of WITR. While WITR can
be measured directly from the data, noise in the data
can interfere with the accuracy of the measurement,
hence the preference for curve-fitting. A wash-in
time parameter WIT 1s found for each curve, for
example by use of the error function or lognormal
distribution described above. This determines a
wash-in time parameter for both the metastasis and

normal parenchyma, WITwygr and WITpar, respectively. A
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wash-in time ratio WITR is then computed from the two
wash-in parameters by dividing WITwer by WITpsr as
shown by box 70. The effect of normalizing WITwe: by
the wash-in time parameter of normal tissue 1is to
reduce or eliminate the effects of wvariables in the
procedure such as bolus size, cardiac output, and
ultrasound system settings, which may differ from one
therapy session to another. Thus, comparable
quantitative measures of the growth or shrinkage of
the metastasis as 1indicated by its angiogenesis can
be produced for each therapy session over the period
of weeks or months that the patient is being treated.
Another quantified measure of metastasis
angiogenesis which reduces or removes the effects of
bolus injection rate, cardiac output of the patient,
or variation in machine settings is illustrated in
FIGURE 3. A time-intensity curve is fitted for each

of the ROIs of the metastasis and the parenchyma as

shown in boxes 76 and 78. In boxes 82 and 84, the
range of each time-intensity curve is normalized. A
convenient normalization scale 1is zero to one. In

box 80 a difference curve AT-I Curve 1is computed as
the difference between the two normalized curves T-1I
Curvemgr and T-I Curvepar. Further details of this
production of a time-intensity curve may be found in
U.S. Pat. 8,529,453 (Averkiou et al.) which 1is
incorporated herein by reference.

As mentioned above, a typical period of contrast
agent wash-in and wash-out can last for as long as
100 seconds or more. This means that a clinician
acquiring the image data must maintain the same image
of the lesion steadily for 100 seconds so that each
intensity value is of the same region of the lesion.
If the probe moves during the acquisition, for
instance, the lesion can move out of the image plane
and the data acquired cannot be used. Even 1if the

probe is held steady against the body of the patient,
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the lesion can still move relative to the probe field
of view due to the respiratory motion of the patient.
This 1s illustrated Dby the wultrasound images of
FIGURES 4a, 4b, and 4c. These are images of a liver
lesion indicated by the white pointer over the images
with the hepatic artery visible in the images beneath
the lesion and above the circle 2. These images were
acquired while the sonographer was trying to hold the
probe steady against the abdomen of the patient so
that the same anatomy was continuously shown in the
images from one image to the next. But the images
are affected by the breathing of the patient and the
respiratory motion causes the lesion and the desired
image to move in and out of the image plane of the
probe. This 1is best illustrated in these images by
the variation seen of the hepatic artery. In FIGURE
4a it 1is seen that the image cut plane through the
hepatic artery is through the central region of the
artery and the artery appears large in the image.
But that central portion of the artery has moved out
of the image plane 1in FIGURE 4b and the artery
appears much thinner as a different cut plane through
the artery has moved into the image plane. In FIGURE
4c the artery is barely visible as it has move almost
completely out of the probe’s image plane.
Corresponding, the size and position of the 1lesion
indicated by the white pointer also changes from one
image to another. One way to overcome the
deleterious effect of respiratory motion is to gate
the 1image acquisition to the respiratory cycle. A
respiratory signal can Dbe acquired Dby known means
such as an elastic band with strain or pressure
sensors around the chest of the patient. Another
technique 1is to transmit small signals Dbetween
sensors across the chest of the patient and measure
the patient's chest impedance variations. These and

other techniques can produce cyclical signals of the
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respiratory cycle and can be used to gate the
acquisition of 1images to the same phase of the
respiratory cycle.

In accordance with the principles of the present
invention, respiratory gating 1s performed by image
processing as shown by the block diagram of FIGURE 5,
which illustrates one implementation of the present
invention. In step 50 a sequence of successive
images 1is acquired during one or more motion cycles.
This 1image loop could be a sequence of 1images
acquired during the 100+ seconds of contrast agent
wash-in and wash-out mentioned above, and could
comprise hundreds or even thousands of 1images.
Obviously, manually processing this many images would
be a painstaking task. An image loop this long would
cover over 20 respiratory cycles at a nominal
breathing rate of thirteen breaths per minute. A
loop this long would cover about 100 heartbeat cycles
at a nominal heart rate of one beat per second. This
loop would therefore be contaminated by many cycles
of motion of either physiological phenomenon.

In step 52 the cyclical motion is identified.
One way to do this may be understood with reference
to the images of FIGURE 4. It is seen 1in these
images that the hepatic artery above the circle 2,
filled as it is with contrast agent, is a very bright
reflector in the images, indeed it 1is the largest
bright structure in the images. The artery is seen
to be at its largest and brightest when the cut plane
of the image passes through the center of the artery
as it is 1in FIGURE 4a, and less so 1in the other
images. Thresholding or decimation of the pixel
values of these 1images Dbelow the hepatic artery
brightness will extract the pixels of the hepatic
artery from the center of the images and the pixel
values summed or integrated to indicate the

brightness of this structure in each image. The
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recurrence of the peak Dbrightness of the hepatic
artery each time it moves fully into the cut plane of
the probe image plane indicates the periodicity of
the respiratory motion moving the image plane, and
the duration of the motional cycle 1is the time
between the acquisition of two such images as shown
by their time-tagging. With the motion cycle thus
identified, the images acquired during a desired
phase or phase range of the motion are identified in
step 54. For instance, it may be decided to use each
image of peak brightness (FIGURE 4a) and the five
images preceding and succeeding the peak brightness
image 1n every respiratory cycle. These eleven
images of each respiratory cycle are then selected
for perfusion assessment processing as shown in step
56. The images which were acquired during less
desirable phases of the respiratory cycle are omitted
from processing. As a result the perfusion
measurement should be relatively unaffected by the
effects of respiratory motion.

FIGURE 6 illustrates a preferred implementation
of the present invention 1in Dblock diagram form.
Using the acquired image sequence from step 50 in
this drawing, the motion information contained in the
image sequence 1is extracted in what is referred to
herein as a “motion information matrix.” FIGURES 7a-
7d illustrate one way to form a motion information
matrix (MIM). FIGURE 7a 1illustrates an ultrasound
image of the liver and FIGURE 7b illustrates an image
which is an average of all of the image frames in the
loop containing the image of FIGURE 7a. Each frame
of the loop such as that of FIGURE 7a 1is subtracted
from the average of the frames (FIGURE 7b) and pixel
intensities above a certain threshold are assigned a
value of 1 with all others assigned a value of zero.
This produces a binary image of bright structures in

each image such as the one shown in FIGURE 7c. The
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resulting binary images are added together to form an
MIM as shown in FIGURE 7d, an 1image of structures
which can be readily identified in the image loop and
which are potentially affected by motion.

The next step 62 1s the selection of a trigger
frame from the loop. A trigger frame 1s one which
will be included among the finally processed images.
It may be one, for instance, in which the lesion is
clearly defined as by a high intensity or large size
in the image. Or it may be an image which appears
virtually identical to previously and/or successively
acquired images in the loop and thus exhibits little
or no motion contamination. The trigger frame may be
designated by the wuser by inspection, or may Dbe
selected by an automated method such as by
subtracting each pair of successive frames and using
using one of the frames which produced the most
minimal difference image. Candidate structure for
motion identification are then extracted from the
trigger frame for motion curve formation as shown by
step 64. This extraction may comprise a binary image
produced from the trigger frame as discussed above.
The structures extracted from the trigger image are
compared with the structures of the MIM to choose one
which is significantly affected by motion. A
structure of the MIM which wvaries over a wide
intensity range or positional range could be
selected, for instance. The frequency of the
variation can be compared with the frequency of the
physiological phenomenon to ascertain that its
variation corresponds to that of the physiological
function. If it does not, the structure 1is
disregarded and another structure of the MIM selected
for motion identification. To aid in the selection,
the structures of the MIM can be ranked in accordance
with their 1likelihood of exhibiting effects of

motion. The structure which 1is found to be the
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region of greatest interest for motion extraction is
then used as a binary mask that is used to extract a
curve of the respiratory or other bodily motion. The
mask of the structure is applied to the corresponding
location in each image in the loop and a series of
intensity wvalues extracted from the 1image frames
which exhibit intensity wvariation during the loop
that is representative of the cyclical motion. These
intensity values are plotted as a function of time
(or, equivalently, frame number in the sequence) to
yield an approximate respiratory curve. The initial
plot may be fitted to an average curve to produce a
smoothly wvarying respiratory curve as shown by
respiratory curve 100 in FIGURE 8. Known curve
fitting techniques may be used to produce a smoothly
varying curve, such as a piecewise cubic Hermite
interpolating polynomial fitted to the peaks and
troughs of the approximate curve, for instance.

FIGURE 8 illustrates a respiratory curve 100
formed from respiratory motion intensity variation of
a structure over a loop of 600 image frames. It is
seen that the curve 100 indicates 21 respiratory
cycles occurring during acquisition of the 600 image
frames. The small circles 110 at the top of the plot
indicate some of the discrete frames of the loop.
The circles are shown on the respiratory curve in
correspondence to the points 1in the respiratory
cycles. A threshold 102 is applied to the curve 100
to delineate the phase range of each respiratory
cycle during which image frames will be accepted for
perfusion processing. For instance, suppose that the
lower peaks of the respiratory curve are points where
the patient has fully inhaled, and the upper peaks of
the curve are points where the patient has fully
exhaled. The c¢linician may decide to use image
frames that all were acquired around the time of full

exhalation, for example, Jjust before and just after
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the patient has fully exhaled. The system then
applies a threshold 102 as shown in the drawing which
delineates, in this example, this phase range of each
respiratory cycle, which is seen in this example to
comprise about 30% of each cycle. The image frames
acquired during this respiratory phase range, the
frames represented Dby the circles 110, are then
selected for processing as shown in step 66 of FIGURE
6. The processed image frames of step 68 are thus a
set of frames which all were acquired during the same
phase range of respiratory motion and should thus
generally correspond spatially to each other, with
the structures and lesions of the images appearing
generally the same in size and position in each of
the processed images. This will vyield accurate
quantification of physiological measures and
functions such as time-intensity curve production and
perfusion assessment. The data for such
quantification may be selected from the accepted
images using the trigger frame. The lesion 1is
identified in the trigger frame as a region of
interest (ROI), and data extracted from the location
of the ROI in each of the accepted image frames.
This data is then processed to produce time-intensity
curves as described above and in European patent EP 2
234 544 B1l, the contents of which are incorporated
herein.

The foregoing technique was applied to
clinically acquired image loops from a number of
liver cancer patients. FIGURE 9 illustrates time-
intensity curves produced in one of these cases, both
with and without respiratory phase gating. The
intensity data of a region of interest in the images
was fitted to a lognormal function to produce time-
intensity curves of reperfusion. The goodness of fit
was quantified using the R-squared value and the root

mean squared error technique. The time-intensity
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curve 120 was produced from data of all of the image
frames without gating, and is seen to be affected by
the highly oscillatory characteristic of the
intensity values 140 sampled at the ROI of the
images, which contains large spikes due to sampling
of images outside the lesion caused by respiratory
motion of the anatomy. When gating is applied in
accordance with the present invention and only the
image frames 110 acquired around the lower phase
range of motion are used, the oscillatory effects of
the 1intensity data are greatly diminished because
sampling more uniformly occurs within the lesion
since the size and position of the 1lesion ROI are
more uniform over the image frames 110 accepted for
processing.

The mathematical formulae used in an
implementation of the present invention 1is detailed
in Appendix A, and their use 1in a method of the

present invention explained.
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Appendix A

1 Step . 1 Mathematical Formulae and Description
Index | Description
I Lor=1(x,¥,2)
1 x is the frame’s rows
N1 1 Import the video 1y is the frame’s columns
1 z is the number of frames
I Ior{=|(:x; Y, 2)
I
12 1 Decimate the video's frames by 2 for |z = {Z'n + Linis an integer;and0 = n =
faster processing l‘z%l}
I
I Icmnpzl(f; v, 2)
I
Pixel intensity val ding t
. 1 Compress the video frames for faster ] nle' menst y‘v.? '\ ComesPgcing to .
013 ) . %, ¥ pixel coordinates calculated via piecewise
processing constant interpolation (nearest-neighbour
interpolation)
max(z) P4
4 [ Calculated average frame from the I Iave:w
! compressed video Iy e
I Imov=Icomp(f:fyzn) - Iuve(jr?) vV Z
N5 [ Subtract each frame for the average I
l6 1 Set pixel intensities below a certain 1 Lero(Inoy = threshold) = 0
threshold to zero in I,,,,,, and pixels
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above that threshold to 1

I Ithre(‘rzera * 0) =1
I

1 Remove pixels from frames that are

I Itean={Itnre 2 NON zero intensity pixels

17 surrounded by zeros 1 surrounded by zero values)
 Extract n" largest group of connected | frarg=Uciean = n® largest group of connected
18 . g g P i 1 pixels)
pixels from each frame
] Ic!ose=("mr'g® S) 9 S
I
1 Perform the morphological operation of :1 111
. 1111
19 close on each frame of [j;,; with a4- 1S= 1111
pixel wide square structuring element 111 1
I
I _ max(z"]I o o s
110 1 Add all frames of I, together | lsum=24y " Letose (£,9,0)
1 Resize the I, frames to the original .
MIM = resize(l
111 resolution of I,,; using bicubic ] (Usum)
interpolation to acquire the MIM
. T i)
112 I P.r;)duce average frame of the original Ji’m,g_ﬂ,,l-:TizJ
video
113 | Subtract the T-frame chosen by the user || Inov_ori=lor (x, Y Ztrigge-r) — Tave_ori
from the Ipe o
I ;=
114 | Repeat steps 6-7 on Ly ori ™" % clean_ori
Liara..-=(1 5 k™ largest groups of
. th | largori clean gy
15 [ Extract the k" largest groups of connected pixels)

connected pixels from I;.qn ors
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dimension (i.e. across the frames) of

I gravity ofeach C — ROI

Iclose_o‘r[=(Im1‘g_oﬂ® S) e S
I Perform the morphological operation of :1 :1 :l 1
. 1111
] 16 close on each frame of L5, g or; with a 4- S:l 111
pixel wide square structuring element 11 1 1
Xppelil=median(x[i], (i) € w)
] Extract the x,y coordinates of the contour || ¥peljl=median(y[j1, (/) € w)
117 of each structure in I 5. oy and pass
them through a median filter w is the median filter window size
18 | Reconstruct the C-ROIs from the xz: and | Xput, ¥rur = Ic—ror
Yrur vectors and store them in Ir_go,
I Acquire the total pixel intensity Va(i) = X Iy (Xsquares Ysquares 1)
119 contained in a M x M pixel square with
its centre around the centre of gravity of | Xsquares Vsquare € the coordinates assigned
each C-ROlin I¢_gg;, across the z- I to the M X M square around the centre of

Lo (X, ¥, 2). I
1 i: frame index
1 g:C — ROI index
1 Smooth the data contained in
120 V(i) using robust locally weighted 1 V() = VUi)smootn
scatterplot smoothing (RLOESS) and a 2"
degree polynomial model
] Perform a Fast Fourier Transform (FFT) | FA(k) = XX, VD) smootn wg_l)[-k_l)
121 on each V(i) and retrieve the maximum |
frequency (Figqjor) contained in each | Fajor = max(|FI(k)[)
v
| Compare the Fpgjor of each structure
and check if it lies within the range of the 1 le—ror= Irrea it
122 motion the user desires to remove. frea ti

Remove structures from
I-_gop that do not fulfil criterion.
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1 Element-by-element multiplication of the

| lintersece = MIM © ‘rfreqjiit

percentage of the peaks, troughs or any
other portion of the IC in-between

] 23 MIM matrix with I‘r-;-gq_ﬂ;t
=y Elintersect (1)
I M(@) = N(i)
I
.  Calculate mean value of the matrix | i- identifies each ROI
124 elements contained within each ROl in | N(i): number of pixels within each ROI
Lintersect 1 Y Lintersect (1) : sum of the matrix elements
| contained in each ROI (i) of Tintersect
1 Choose the ROl with the highest M (i) 11
125 and stare the resulting ROI as a binary E-Rol
image in Ig_gor
I
| Iror-mrersect=lori (X, ¥,2) © Ig—gor(x,¥) V z
I
[ Extract the mean intensity contained in 1 IC(z) = LlRoi-intersect(5:2) v,
26 I _ror, across the frames of the original N
video. The resulting vector is stored as an
IC 1 %, ¥:row and column coordinates of
| the intersection between I,,; and Ig_go;
| N:number of pixels of the E — ROI
] Gate the IC by finding the peaks and 1 L (x,v,2) — Ifguted (x,v,2)
troughs of the IC and keep the frames I
127 that are within a user-defined | Z: Index of frames kept after gating

| I: Index of cyclic motion phase
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Appendix 1-Eliminating motion effects caused by physiological function

WHAT IS CLAIMED IS:

1. A method for reducing the effect of
physiological motion in image data acgquired from a
sequence of medical images of a subject comprising:

acquiring a sequence of medical images
containing image data of a target region of a subject
during the occurrence of «cyclical ©physiological
motion affecting the target region;

using 1image data of the 1images to identify
cycles of the physiological motion;

identifying 1images acquired during a certain
range of phases of the identified motion cycles; and

processing image data of the identified images

to assess a property of the target region.

2. The method of Claim 1, wherein the
acquiring step further comprises acquiring a loop of
medical images which are affected by respiratory

motion or cardiac motion.

3. The method of Claim 1, wherein using image
data further comprises using image data of the same
corresponding location in each of the images to

identify cycles of the physiological motion.

4. The method of Claim 3, wherein using image

data further comprises using intensity image data.

5. The method of Claim 1, wherein processing
further comprises processing image data of the target

region from each of the identified images.

6. The method of Claim 1, wherein acquiring
further comprises acquiring a sequence of two
dimensional medical images of an image plane during

the occurrence of physiological motion affecting the
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Appendix 1-Eliminating motion effects caused by physiological function

target region by moving the target region in and out

of the image plane.

7. The method of Claim 1, wherein acquiring
further comprises acquiring a sequence of two
dimensional medical images of an image plane during
the occurrence of physiological motion affecting the
target region by varying its intensity or location in

an image during the acquisition.

8. The method of Claim 1, wherein using image
data further comprises extracting a motion

information matrix from the image data.

9. The method of Claim 8, wherein using image
data further comprises selecting a trigger frame
acquired during the range of phases of one of the

cycles.

10. The method of Claim 9, wherein using image
data further comprises using 1image data of the
trigger frame and data of the motion information
matrix to select a structure in the images whose
image data is to be used for motion curve

identification.

11. The method of Claim 10, wherein using image
data further comprises identifying a motion curve
using the variation in brightness or position of the

selected structure over the sequence of images.

12. The method of Claim 1, wherein using image
data of the 1images to identify cycles of motion
further comprises comparing the frequency of cycles
of motion to an expected frequency of a cyclical

physiological phenomenon.
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13. The method of Claim 1, wherein processing
image data further comprises processing image data
from the target region 1in identified images to

produce a time-intensity curve of perfusion.

14. The method of Claim 13, wherein processing
image data further comprises ©processing contrast
agent 1image data from an image region containing a
tumor or 1lesion 1in identified images to produce a

time-intensity curve of contrast reperfusion.

15. A method for reducing the effect of
respiratory motion in image data of a time sequence
of ultrasound images which is to be used to produce a
time-intensity curve comprising:

acquiring a sequence of ultrasound images
containing image data of a target region for which a
time-intensity curve is to be produced, the sequence
being acquired during the occurrence of respiratory
motion affecting the target region;

using 1image data of the 1images to identify
cycles of the respiratory motion;

selecting a range of phases of the identified
respiratory motion cycles; and

processing image data of images of the sequence
which were acquired at one of the phases of the
selected range of phases of the respiratory motion

cycles.
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ELIMINATING MOTION EFFECTS IN MEDICAL IMAGES
CAUSED BY PHYSIOLOGICAL FUNCTION

Abstract of the disclosure:

Ultrasonic imaging methods are described for
eliminating the effects of physiological motion such
as respiratory motion from image data of a sequence
of images which is to be used for quantified analysis
such as time-intensity curve computation. A Dbright
reflector in the images of the loop which exhibits
motional effects such as «c¢cyclical wvariation 1in
brightness or position from 1image to image 1is
identified and its variation used to identify cycles
of motion. A phase or range of phases of the cycles
is identified. Images acquired during the identified
phase or phase range of the motion cycles during the

loop are then used for quantified processing.
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Appendix 2

Evaluation of carotid plaque using
contrast enhanced ultrasonic
imaging
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Appendix 2-Evaluation of carotid plaque using contrast ultrasonic imaging

This invention relates to ultrasonic diagnostic
imaging systems and, in particular, to the use of
contrast enhanced ultrasonic imaging to evaluate the
risk of stroke.

The development of plaque in the wvascular
system, particularly atherosclerosis in the carotid
artery, 1s a common occurrence 1in many patients.
Plagque can build up to a degree where partial and
even total occlusion of Dblood vessels can occur.
FIGURE 1 illustrates a blood vessel 110 with the
vessel wall 18 partially cut away to show the lumen
16 inside, where a plaque build-up 24 is seen. Since
the plaque 24 has filled most of the lumen at its
thickest point it has partially occluded the flow of
blood through the wvessel. Not only does the plaque
restrict the delivery of fresh blood to tissue and
organs downstream of the occlusion, but it can also
trap blood clots in the narrowed lumen, blocking all
blood flow. An additional, equally serious
occurrence can arise from carotid plaque. Since the
carotid arteries provide the supply of blood to the
brain, particulate matter in the carotid blood flow
can pose a risk of <cranial vessel occlusion and
potentially stroke. Bits of plagque can break loose
from the endothelial 1lining of the carotid arteries
and flow to the brain, where they can occlude cranial
blood vessels of different dimensions and
functionality, depending on the size of the plaque
particulates and their path of flow. It would be
desirable to be able to identify plagues with this
potential so that intervention can be taken to
minimize or prevent the potential for stroke.

In accordance with the principles of the present
invention, an ultrasonic diagnostic 1imaging system
and method are described which enable the assessment
of the risk of stroke from plaque build-up in the

carotid artery. Carotid atherosclerotic plaques have
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Appendix 2-Evaluation of carotid plaque using contrast ultrasonic imaging

areas of plaque neovascularization and perfusion. A
study using images from twenty-four patients was
conducted to differentiate between symptomatic and
asymptomatic patients based on plaque perfusion
patterns. In this study the perfusion of carotid
plagques was evaluated both qualitatively and
quantitatively in order to investigate differences in
the perfusion between symptomatic and asymptomatic
patients. The patients were injected with 2ml of
Sonovue (Bracco s.p.a., Milan, Italy), an ultrasonic
microbubble contrast agent, and one minute ultrasound
loops were acquired and saved as the contrast agent
flowed through the carotid artery and perfused the
plague microvasculature with microbubbles. The
ultrasound images can be acquired by B mode imaging
which shows the increasing signal intensity from
microbubbles which perfuse the plaque. Preferably,
the images are acquired by colorflow imaging so that
motion of the microbubbles can simultaneously be
detected along with signal intensity. Signals
exhibiting a high intensity harmonic return together
with Doppler-detected motion at the same location are
indicative of moving microbubbles at that location.
This correlation can be used to distinguish over and
reject signal returns from static bright reflectors
which are often artifacts. The result 1s the
detection of dynamic contrast agent microflow in the
plaque vasculature.

Since the wultrasound image sequence 1is to be
used to calculate contrast time-intensity curves (T-I
curves) at each point in the plaque, it 1is important
to hold the imaging probe as stationary as possible
during image acquisition so that the plagque in the
images will spatially correlate over the image
sequence. The spatial correlation can be improved by
the use of image stabilization, for instance, and/or

by detecting and compensating for global motion in
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Appendix 2-Evaluation of carotid plaque using contrast ultrasonic imaging

the images as might occur due to probe motion or
anatomical motion from pulsatility or patient
movement.

For the assessment of contrast perfusion of the
plaque a region-of-interest (ROI) is drawn around the
plaque in the images. This delineates the plaque
without including any portion of the lumen signal so
that the potentially large amplitude signals
returning from contrast agent flowing in the carotid
lumen 1is excluded from the analysis. The mean
intensity contrast agent signal from within the ROI
containing the plaque is sampled across time from
image to image to generate time intensity curves of
the carotid plaque. The mean intensity signal from
individual points in the plaque (pixels) can be used,
or groups of pixels can be aggregated and the mean
intensity of signals from the aggregated groups of
pixels used. The signal intensity data 1is assessed
by comparing the signal levels against a threshold
noise level and by assessing the distribution of
values of intensity Dbefore and after contrast
arrival. If there is a significant difference and
distribution of wvalues characteristic of contrast
build-up, the pixel 1s identified as indicating
perfusion. The mean T-I curve signal amplitude after
the arrival of the microbubbles into the plagque ROI
is calculated for each pixel. A qualitative image of
the mean intensity signal amplitudes of the pixels
can be displayed as colors or intensities of a range
of values to indicate qualitatively the
vascularization of the plaque.

In accordance with a further aspect of the
present invention, quantitative perfusion assessment
is performed on the pixel data. The overall number
of pixels that have perfusion are divided by the
total number of pixels in the delineated image of the

plaque. A Dbinary grading system is then applied to
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this result. Zero represents less than 50% of
carotid plagque area contained moving microbubbles and
1 represents more than 50% of the carotid plaque area
contained moving microbubbles. It was found that for
the patients of the study the mean contrast agent
intensity signal from the plaques was significantly
higher for asymptomatic patients (patients with no
history of plaque particulate breakup) than
symptomatic patients (patients with a history of
plaque particulates in the Dblood flow). The
qualitative analysis results of the study showed that
only 25% (3/12) of asymptomatic patients had a score
of 0 in comparison to 67% (8/12) of symptomatic
patients.

In the drawings:

FIGURE 1 1is an illustration of a blood vessel
containing plaque.

FIGURE 2 illustrates 1in block diagram form an
ultrasound system constructed in accordance with the
principles of the present invention.

FIGURE 3 illustrates a contrast time-intensity
curve.

FIGURES 4a and 5a are ultrasound images in which
plaques in carotid arteries have been outlined.

FIGURES 4b and b5b illustrate the change in
signal intensity 1in the plaque areas of FIGURES 4a
and 5a with the arrival of contrast agent flows in
the plaques.

FIGURE 6 1is a flowchart illustrating the steps
of a method of the present invention.

FIGURE 7 illustrates four qualitative images of
atherosclerotic plaque areas with different
percentages of perfusion.

Referring now to FIGURE 2, an ultrasound system
constructed in accordance with the principles of the
present invention is shown in block diagram form. An

ultrasonic probe 12 includes an array 14 of
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ultrasonic transducer elements that transmits and
receives ultrasonic signals. The array 14 may be a
one dimensional linear or curved array for two
dimensional imaging, or may be a two dimensional (2D)
matrix of transducer elements for electronic beam
steering in three dimensions. The array 14 may also
be a one dimensional array that is mechanically swept
back and forth by the ultrasonic probe 12 to scan a
three dimensional wvolume of the body. The ultrasonic
transducers in the array 14 +transmit wultrasonic
energy and receive echoes returned in response to
this transmission. A transmit/receive (“T/R”) switch
22 1s coupled to the wultrasonic transducers 1in the
array 14 to selectively couple echo signals from the
transducer elements to A/D converters 30 during the
receive phase of operation. The times at which the
array 14 1is activated to transmit signals may be
synchronized to an internal system clock, or may be
synchronized to a bodily function such as the heart
cycle, for which a heart cycle waveform is provided
by an electrocardiography (ECG) device 26. When the
heartbeat 1s at the desired phase of its cycle as
determined by the waveform provided by the ECG device
26, the ultrasonic probe 12 1is commanded to acquire
an ultrasonic image. In the conduct of the method of
the present invention, a continuous sequence of real
time image frames of a carotid artery is acquired as
blood containing contrast agent begins to perfuse the
vasculature of plaques in the carotid.

Echoes from the transmitted wultrasonic energy
are received by the transducer elements of the array
14, which generate echo signals that are coupled
through the T/R switch 22 and digitized by analog to
digital (“A/D”) converters 30 when the system uses a
digital beamformer. Analog beamformers may
alternatively be used. The A/D converters 30 sample

the received echo signals at a sampling frequency
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controlled by a signal fs generated by a central
controller 28. The desired sampling rate dictated by
sampling theory 1s at least twice the highest
frequency of the received passband, and might be on
the order of 30-40 MHz. Sampling rates higher than
the minimum requirement are also desirable. Control
of the ultrasound system and the setting of wvarious
parameters for imaging, such as probe selection, are
affected by user manipulation of the controls of the
user interface of a control panel 20 which is coupled
to and applies its control through the central
controller 28.

The echo signal samples from the individual
transducer elements of the array 14 are delayed and
summed by a beamformer 32 to form digital coherent
echo signals. For 3D imaging with a two dimensional
array, it is preferable to partition the beamformer
32 between a microbeamformer located in the
ultrasonic probe 12 and the main beamformer in the
system mainframe as described in US Pat. 6,013,032
(Savord) and US Pat. 6,375,617 (Fraser). The digital
coherent echo signals are then filtered by a digital
filter 34. In this embodiment, the probe transmit
frequency and the receiver frequency are individually
controlled so that the beamformer 32 is free to
receive a band of frequencies which is different from
that of the transmitted band such as a harmonic
frequency band for detection of harmonic contrast
agents. The digital filter 34 bandpass filters the
signals, and can also shift the frequency band to a
lower or Dbaseband frequency range. The digital
filter 34 could be a filter of the type disclosed in
U.S. Patent No. 5,833,013 (Averkiou et al.), for
example. Filtered echo signals from scans of
successive image frames are stored in a frame memory
42. Since it 1is important for the calculation of

precise time intensity curves that pixels of
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successive image frames be spatially aligned,
registration of the successive frames is performed by
an image stabilizer 44. This spatial correlation is
preferably performed by use of an image stabilizer as
described in US Pat. 6,589,176 (Jago et al.)

The spatially aligned image frames are coupled
from the frame memory 42 to a B mode processor 36 for
conventional B mode processing and the production of
2D B mode images. The image frames, and particularly
their harmonic contrast agent signal content returned
from microbubbles, are coupled to a contrast signal
processor 38. The contrast signal processor 38
preferably separates echoes returned from harmonic
contrast agents by the pulse inversion technique, in
which echoes resulting from the transmission of
multiple pulses to an image location are combined to
cancel fundamental signal components and enhance
harmonic components. A preferred pulse inversion
technique is described in U.S. patent 6,186,950
(Averkiou et al.)

The filtered echo signals from the frame memory
42 are also coupled to a Doppler processor 40 for
conventional Doppler processing to produce velocity
and/or power Doppler images. The output signals from
these three ©processors 36, 38, 40 may be scan
converted and displayed as planar 2D images, for
which their outputs are coupled to an image processor
50 for a display 52. Their output images, when 3D
scanning is performed, may also be rendered as three
dimensional (3D) images, which may also be processed
for display on display 52.

After a sequence of image frames has been
acquired during contrast agent delivery and stored in
the frame memory 42, the user may review the images
in the B mode, examples of which are shown in FIGURES
4a and 4b. These are 1images of carotid arteries

containing plaque. The large bright areas 62 in the
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images are regions of blood flow containing contrast
agent, which return particularly strong (and hence
brightly displayed) echo signals. The vessel wall 18
is distinctly shown in FIGURE 4a with its wvasculature
perfused with contrast. A discerning user can also
spot plaques in the images. Unlike the lumen of the
vessel, the microvasculature of plaques will contain
much less contrast and hence appear as darker areas
in the images. The user can trace or outline these
plaques when they are spotted, and these outlined
plaque areas are processed as described Dbelow.
FIGURES 4a and 4b each contain a plaque 60 which the
user has outlined using a control on the control
panel 20 such as a trackball or mouse.

The identification of the plaque outline area 60
is coupled to a T-I curve calculator 46 as shown in
FIGURE 2. The T-I curve calculator then processes
the pixels of the plaques in the sequence of image
frames to form a time intensity curve for each point
in the plaque. When contrast agent is flowing at a
particular point in the plague during contrast
delivery, the contrast agent will build up following
its initial arrival time as shown in FIGURES 4b and
5b, which correspond to points in FIGURES 4a and b5a,
respectively. The T-1I curve calculator processes
this build-up in contrast signal intensity to produce
a time intensity curve as described in US pat. pub.
no. US2012/0253190 (Gauthier et al.) and US Pat.
8,460,194 (Averkiou et al.) An idealized time
intensity curve 60 is shown in FIGURE 3. It is seen
that this curve begins to increase following the
initial arrival of contrast agent at time t0, builds
up to a maximum amplitude A at the time of maximum
contrast perfusion, then gradually declines as the
contrast agent flows out of that region of the body.

A comparator 48 performs several checks on the

time intensity curve data to wverify that contrast
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agent 1s indeed present at each point for which a
time intensity curve has been produced. (If there is
no flow of contrast at a point, there will be no time
intensity curve for that point.) One check 1is to
compare the amplitude of the time intensity curve
against a noise threshold. Amplitude spikes from
artifacts in the image data are thereby eliminated
from consideration as contrast. Another test 1is to
compare the maximal amplitude region of the curve 60
against a contrast threshold. This threshold is a
level which a contrast agent response should exceed
for a sustained period of time. When the time
intensity curve from a point in the plague region
passes both of these tests, it is confirmed that a
flow of contrast agent was present at the point.

A qualitative 1image of perfusion may now be
formed for the plaque region. The maximum intensity
amplitudes A or the mean signal intensity of the time
intensity curves at the points where contrast was
present may be mapped to corresponding colors of a
color map, and the color map may be displayed as a
parametric overlay over a B mode image of the plaque
region as described in US Pat. 6,692,438 (Skyba et
al.) For instance, region of contrast perfusion may
be displayed in varying shades of red and areas with
no perfusion may be displayed as black. The user can
thus observe the degree of perfusion of the plaque,
the degree to which it contains wvascularization.
FIGURE 7 illustrates four regions of plagque 70 with
varying degrees of perfusion, each shown against a
black background. Within each plagque region, points

which are perfused are shown in white and points with

no perfusion are shown in black. In FIGURE 7a the
plaque area 70 1is 100% perfused. In FIGURE 7b the
plaque area 70 1is 76% perfused. In FIGURE 7c the

plaque area 70 is 38% perfused and in FIGURE 7d the

plagque area 70 is only 26% perfused.
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In accordance with a further aspect of the
present invention, the overall perfusion of a plaque
is quantified by a perfusion quantifier 54. The
overall number of pixels in a plaque area 70 that
have perfusion are divided Dby the total number of
pixels in the image of the plaque. A binary grading
system is then applied to this result. Zero
represents less than 50% of a carotid plaque area 70
contained moving microbubbles and 1 represents more
than 50% of the carotid plaque area contained moving
microbubbles. To enhance the reliability of these
results, the perfusion quantifier receives the
Doppler flow map of the plaque. Fach point where a
valid time intensity curve of contrast was found
should also be found to exhibit motion at the
corresponding point in the Doppler flow map, since
the contrast agent must be flowing at the point. The
presence of Doppler-identified motion at a point
where contrast and a time intensity curve were found
confirms the point as having contrast present. A
highly reliable quantification of perfusion is
thereby produced and displayed on the display 52. It
has been found that the mean contrast agent intensity
signal from a plaque 1s significantly higher for
asymptomatic patients (patients with no history of
plaque particulate breakup) than symptomatic
patients, patients with a history of plaque
particulates in the blood flow.

FIGURE 6 1is a flowchart of a method of the
present invention. In step 100 an image sequence of
a carotid artery is acquired, typically lasting at
least a minute following infusion of contrast. This
captures 1images of any plaque microflow containing
the contrast agent. In step 102 frame-to-frame
motion 1s compensated using motion compensation
techniques so that the plaque is in registration with

the same pixels over the image sequence. In step 104
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the plaque region is delineated in the images as by
tracing. In step 106 a time-intensity curve 1is
formed for each pixel 1in the plaque region. The
contrast arrival time may be estimated based on a
given increase intensity above the noise level. In
step 108 the intensity wvalues at each point where
contrast 1is present 1is compared before and after
contrast arrival and, if there 1s a significant
difference, the pixel 1is identified as having
perfusion. This identification of perfusion is done
for every pixel or group of pixels (step 110). In
step 112 the percentage of the total pixels in the
plaque exhibiting perfusion is quantified. This 1is
done by dividing the overall number of pixels that
have perfusion by the total number of pixels in the
image of the plaque. In step 114 a qualitative
result 1is presented by forming an anatomical map of
the percentage of the plague that 1s perfused as
shown in FIGURE 7.
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WHAT IS CLAIMED IS:

1. An ultrasonic diagnostic imaging system for
the evaluation of ©plaque Dby contrast enhanced
ultrasound comprising:

an ultrasound imaging probe having an array
transducer which acquires a sequence of ultrasound
images of a plaque during contrast agent delivery;

a time intensity curve calculator which forms a
time intensity curve for each point in a plaque image
where contrast is present;

a comparator which identifies pixels 1in the
plaque image where perfusion is present; and

a display which displays the degree of perfusion
in the plaque.

2. The ultrasonic diagnostic imaging system of
Claim 1, further comprising an image processor which
produces an anatomical map of the plagque showing

where perfusion is present.

3. The ultrasonic diagnostic imaging system of
Claim 1, further comprising a perfusion quantifier
which quantifies the percentage of pixels in the

plaque image exhibiting perfusion.

4. The ultrasonic diagnostic imaging system of
Claim 1, further comprising a frame memory which

stores the acquired sequence of ultrasound images.

5. The ultrasonic diagnostic imaging system of
Claim 4, further comprising an image stabilizer,
responsive to images stored in the frame memory,

which compensates for frame-to-frame motion.

6. The ultrasonic diagnostic imaging system of

Claim 1, further comprising a plaque tracer which
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outlines a plaque in a carotid image.

7. The ultrasonic diagnostic imaging system of
Claim 6, wherein the plaque tracer further comprises

a user control of an ultrasound system control panel.

8. The ultrasonic diagnostic imaging system of
Claim , wherein the comparator is further operable to
compare pixel intensity values before and after

contrast arrival in the plaque.

9. A method of evaluating plaque with contrast
enhanced ultrasound comprising:

acquiring a sequence of ultrasound images during
contrast agent delivery of a carotid artery having
plaque;

identifying a plague in an ultrasound image;

comparing intensity wvalues at locations in the
plaque before and after the arrival of contrast;

identifying points in the image having
perfusion; and

displaying the degree of ©perfusion in the
plaque.

10. The method of Claim 9, wherein identifying
a plaque further comprises outlining a plagque in one

of the ultrasound images.

11. The method of Claim 10, further comprising
forming a time intensity curve at each point in the
plague where contrast is present.

12. The method of Claim 9, further comprising
forming an anatomical map of the plague which shows

points where perfusion has been identified.

13. The method of Claim 9, further comprising
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quantifying the percentage of points in an image of

the plagque which exhibit perfusion.

14. The method of Claim 9, further comprising
compensating for frame-to-frame motion in the

sequence of ultrasound images.

15. The method of Claim 9, further comprising
correlating points in the image of the plaque where
perfusion has been identified with points 1in the

image of the plaque where motion is present.
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EVALUATION OF CAROTID PLAQUE USING
CONTRAST ENHANCED ULTRASONIC IMAGING

Abstract of the disclosure:

An ultrasound system and method are described
for acquiring a sequence of ultrasound images of the
carotid artery during the delivery of a contrast
agent. Plaque 1in the 1images 1is identified and a
time-intensity curve is calculated for pixels in the
images. The intensity values before and after the
arrival of contrast are compared to identify pixels
or groups of pixels having perfusion. An anatomical
image may be formed showing areas in an image of the
plaque where perfusion is present, or the perfusion
may be quantified by determining the percentage of
pixels in the plaque image which exhibit perfusion.
The degree of perfusion is an indicator of the risk
of plagque particulates in the blood stream which may

lead to stroke
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