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ABSTRACT

Coronary atherosclerosis is by far the most frequent cause of ischemic heart dis-
ease. Intravascular ultrasound (IVUS) along with virtual histology (VH) is a useful
tool for quantification of coronary plaque buildup and provides new insights into the
diagnosis of coronary disease. Rupture of vulnerable plaque causing acute coronary
syndromes, coronary remodeling maintaining lumen size and plaque phenotype reveal-
ing pathological severity are among the most important topics related to atheroscle-
rosis. In this thesis, variations of IVUS-VH-derived thin-cap fibroatheroma (TCFA)
definitions are proposed to evaluate the plaque rupture, which is further analyzed in a
layered manner; statins effects on coronary remodeling are comprehensively assessed
with the implementation of automated IVUS segmentation and registration of IVUS
pullbacks based on baseline and 1-year followup datasets; plaque phenotypes are de-
termined and analyzed morphologically and compositionally on segmental basis using
the same serial datasets.

In addition, our research involves another important coronary disease — coro-
nary allograft vasculopathy (CAV) which is a frequent complication of heart trans-
plantation (HTx). Another intra-coronary imaging modality — intravascular optical
coherence tomography (IVOCT) for quantifying CAV is involved. We present an
optimal and automated 3-D graph search approach for the simultaneous IVOCT
multi-layer segmentation by transforming the 3-D segmentation problem into finding
a minimum-cost closed set in a weighted graph. Furthermore, a computer-aided just-
enough-interaction refinement method is proposed to help achieve fully satisfactory
3-D segmentation of IVOCT images. We believe this is the first work that provides a
fast, efficient and accurate solution for IVOCT multi-layer assessment in the context
of CAV.

The major contributions of this thesis are: (1) Proving that IVUS-VH-derived

TCFA prevalence may be overestimated, and elucidating the potential loss of plaque

v



material during rupture, (2) providing a comprehensive understanding of remodeling
in the context of both changing the remodeling direction and changing the remodeling
extent, and demonstrating the statin therapy effects on remodeling across patients,
based on automated segmentation of IVUS images and registration of serial data (3)
showing that the pathological intimal thickening is the most active plaque phenotype
in terms of plaque composition changes and plaque vulnerability progression, and
(4) developing and validating a method for multi-layer 3-D segmentation of IVOCT

images within a novel interactive environment.



PUBLIC ABSTRACT

Coronary atherosclerosis is the most frequent cause of ischemic heart disease. In-
travascular ultrasound (IVUS) along with virtual histology (VH) is a useful imaging
modality for quantification of atherosclerosis buildup. In this thesis, variations of
IVUS-VH-derived thin-cap fibroatheroma (TCFA) definitions are proposed to evalu-
ate plaque rupture causing acute coronary syndromes. It is proved that IVUS-VH-
derived TCFA prevalence may be overestimated, and the potential loss of plaque
material during rupture is elucidated as well in a layered analysis. With the imple-
mentation of automated segmentation of IVUS images and automated registration of
baseline and 1-year followup datasets, statins therapy effects on coronary remodel-
ing, a compensatory process in response to plaque progression, are comprehensively
assessed in the context of both remodeling direction and remodeling extent. Addi-
tionally, plaque phenotypes revealing pathological severity of atherosclerosis are an-
alyzed morphologically and compositionally on segmental basis using the same serial
datasets, showing that pathological intimal thickening is the most active phenotype
in terms of plaque composition changes and plaque vulnerability progression. Our
research also involves another important coronary disease, coronary allograft vascu-
lopathy (CAV), which is a frequent complication of heart transplantation. High-
resolution imaging modality — intravascular optical coherence tomography (IVOCT)
for quantifying CAV is utilized. We present and validate an optimal and automated
3-D graph search approach for simultaneous multi-layer segmentation of IVOCT im-
ages. Furthermore, a computer-aided just-enough-interaction refinement method is

proposed to help achieve fully satisfactory results.
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CHAPTER 1
INTRODUCTION

1.1 Atherosclerosis and coronary artery disease

Coronary atherosclerosis (Figure 1.1) is by far the most frequent cause of ischemic
heart disease, and rupture of vulnerable plaque or occlusive coronary disease causes
the acute coronary syndromes of unstable angina, myocardial infarction, and sudden
death [13,54]. Some people have a genetic propensity for developing atherosclerosis
but the disease could happen in almost everyone. Most people have atherosclero-
sis throughout their bodies and have no symptoms of heart ischemia at early stage
but gradually develop some serious medical symptoms over decades. Although a
broad spectrum of clinical heart diseases are atherosclerosis related, rupture of the
atherosclerosic plaque accounts for the majority of acute events. While it is now well
known that the risk of thrombosis, which develops during plaque rupture, depends
on plaque composition, understanding of relationships between vessel morphology,
plaque composition and atherosclerosic plaque progression and rupture remains in-
complete. The intriguing complexity of the pathogenesis of human atherosclerosis

and fatal complication of plaque rupture provides a rationale for this study.

1.2 Intravascular ultrasound (IVUS)

During past decades, coronary angiography is commonly performed to visualize
the silhouette of coronary arteries. While angiography is limited in resolution and
not able to visualize plaque, intravascular ultrasound (IVUS) is a valuable adjunct to
angiography, ushering in the era of quantification of coronary plaque buildup and pro-
viding new insights into the diagnosis of coronary disease. IVUS allows tomographic
cross-sectional visualization of the full luminal wall not just a 2D silhouette of the
lumen and enables in vivo assessment of plaque morphology. A catheter is placed
into distal coronary artery and pulled back to the aorta-ostial junction usually under

motorized control at a constant speed of 0.5 mm/s. Gray scale images (Figure 1.2)



Figure 1.1: Atherosclerosis. In atherosclerosis, fatty streaks appear be-
low the surface of artery and cells are accumulating in bulges along artery
walls.  The bulges are called plaques.  Rather than uniformly thickening,
plaques may be unevenly distributed sometimes. (Source: NHLBI, 2011a
http://www.nhlbi.nih.gov /health /health-topics/topics/cad/)




Figure 1.2: Intravascular ultrasound. Intravascular ultrasound cross-sectional
image of left anterior descending artery is shown on the left with border delineation
on the right. The atherosclerosic plaque is the area between the lumen (yellow) and
adventitia (red).

are recorded during pullback. High ultrasound frequencies are used, typically at 20

to 40 MHz range and providing excellent theoretical resolution [42].

1.3 Virtual histology (VH)

One limitation of detection of vulnerable plaques using grayscale IVUS imaging
is the inability to accurately characterize plaque components. In IVUS, dense plaque
formations such as calcified and dense fibrous plaque are highly echoreflective, caus-
ing false imaging like shadowing. Meanwhile, the low echoreflective formations may
include a broad range of tissues and are not easy to differentiate. A more detailed
quantitative assessment on different plaque types — fibrous, fibro-fatty, necrotic core,
and dense calcium are achieved by virtual histology IVUS (VH-IVUS). It’s imple-
mented through classification trees based on spectral analysis of IVUS radiofrequency
backscattered data. Results from 51 LAD arteries showed that the classification of

the four tissue types has high predictive accuracies of 89.5%-92.8% for the training



Figure 1.3: Virtual histology. The same IVUS image from Figure 1.2 is shown on
the left with plaque components on the right, color-coded as white (dense calcium
[DC]), red (necrotic core [NC]), light green (fibrofatty [FF]), and dark green (fibrous
tissue [F])

data and 79.7%-92.8% for the test data [40]. The color-coded scheme used by VH is

shown in Figure 1.3.

1.4 Coronary allograft vasculopathy (CAV)

Coronary allograft vasculopathy (CAV) is a frequent complication of heart trans-
plantation (HTx), occurring in more than 50% of patients in the first post-transplant
years. According to the Registry of the International Society for Heart and Lung
Transplantation [20], CAV is the leading cause of death between 1 and 3 years after
heart transplantation surgery. Unlike focal and eccentric conventional atheroscle-
rosis, allograft vasculopathy is an accelerated coronary artery disease of concentric
progressive intima thickening and diffuse luminal narrowing along the entire length of
coronary vessels as shown in Figure 1.4. Treatment of CAV is limited for the lack of
early clinical symptoms. Cardiac sympathetic denervation during transplantation not

only reduces the heart control from nervous system but also prevents patients from



experiencing chest pain, which indicates an underlying heart problem. Patients with
CAV usually do not seek medical attention at early stage and present late with silent
myocardial infarction, heart failure or sudden death [23]. Therefore, this challenging
complexity and silent fatality of coronary allograft vaculopathy proves the importance
of early determination of layer-specific coronary wall thickening using intravascular

imaging modality.

Lipid

Focal
lesions

Intimal
hickening

Figure 1.4: Conventional atherosclerosis and coronary allograft vasculopa-
thy [2]. In contrast to focal and eccentric conventional atherosclerosis with formation
of lipid core, CAV involves diffuse and concentric thickening of arterial intima.



12-month
Follow-up

Baseline

Figure 1.5: Intravascular optical coherence tomograph. Baseline and matched
12-month followup cross-sectional images obtained by IVOCT are displayed on left
and right panel respectively. Artery wall shows a 3-layered structure, comprising high
backscattering intima and low backscattering media and heterogeneous adventitia.

1.5 Intravascular optical coherence tomography (IVOCT)

CAV is a disease of progressive intima, which can be observed as early as 6 months
after transplantation. Angiography and IVUS as the standard method for detecting
focal plaques, lack sensitivity and resolution in detecting CAV through multi-layer
analysis. Intravascular optical coherence tomography (IVOCT) is a new catheter-
based intra-coronary imaging modality using near infrared light [25,58]. By measuring
the delay time of optical echoes reflected or backscattered from biological tissues,
IVOCT can obtain tissue structural information and provide cross-sectional images
with a high resolution of 1020 pum (10 times greater than IVUS), making it feasible
to visualize vessel wall layer structure in vivo at an unprecedented level of detail (see
Figure 5.1). It has been proved that precise measurement of intimal thickness could
be evaluated by IVOCT and correlated well with histological examination [32]. Thus,

IVOCT is supremely qualified for quantitative assessment of early CAV.



1.6 Project history
1.6.1 Multi-modality fusion of angiography and IVUS

Andreas Wahle et al. have developed a comprehensive system that generates ge-
ometrically correct 3-D and/or 4-D (i.e. 3-D plus time) reconstructions of coronary
arteries and computes quantitative indices of coronary morphology [70-72]. In gen-
eral, vessel curvature and torsion are derived from a pair of single-plane or biplane
angiograms and the cross-sectional information is obtained from IVUS. An example
of reconstructed 3-D pullback path with lumen outline from a pair of single-plane
angiograms with the mapping of IVUS data is shown in Figure 1.6. Once both an-
giograms and IVUS data are segmented, the fusion results in geometrically correct
mapping of the IVUS borders to the true 3-D space allowing the calculation of associ-
ated quantitative indices [35-37,68]. A database system for data and analysis-result
handling, control and maintenance was developed to allow comprehensive tracking of

all acquired and computed data.

Figure 1.6: Example of angiography-intravascular ultrasound fusion [69].



1.7 Specific aims

In particular, the specific aims for this thesis are as follows:

e Aim 1: Develop and assess performance of variations of IVUS-VH-derived

TCFA definitions for assessment of coronary plaque rupture.

e Aim 2: Develop novel IVUS-VH-based quantitative description approaches
assessing location-specific serial changes of plaque morphology characteristics
along the course of the vessel; perform a baseline/follow-up study of coronary

plaque development in a patient population.
— Aim 2.1: Use this approach to evaluate effects of lipid-lowering therapy
on vascular remodeling.
— Aim 2.2: Use this approach to evaluate morphological and compositional

development of different plaque phenotypes.

e Aim 3: Develop a framework for multi-layer segmentation of coronary IVOCT

using 3D graph search with just-enough-interaction editing.

1.8 Thesis overview

This thesis consists of five chapters as follows:

e Chapter 2 — Intravascular ultrasound based assessment of coronary plaque mor-

phology.

e Chapter 3 — Comprehensive serial study of statin effects on coronary location-

specific remodeling over general atherosclerotic artery.

e Chapter 4 — Novel quantitative approaches assessing plaque phenotype serial

progression based on intravascular ultrasound.

e Chapter 5 — Multi-layer segmentation of coronary intravascular optical coher-

ence tomography images.



e Chapter 6 — Conclusion and future directions.
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CHAPTER 2
INTRAVASCULAR ULTRASOUND BASED ASSESSMENT OF
CORONARY PLAQUE MORPHOLOGY

In this chapter, we review prior approaches and concepts assessing coronary plaque
vulnerability and present a more comprehensive method (published at [21]) to evalu-

ate coronary culprit sites based on IVUS-VH modalities.

2.1 Review of prior approaches assessing coronary plaque

Talking about coronary plaque morphology, the most important feature will be
thin-cap fibroatheroma (TCFA). Recall that TCFA is a descriptive term used to imply
vessel lesions that are at risk for rupture. According to American Heart Association,
fibroatheroma is termed as advanced lesion where the fibrous “rim” keeping necrotic
core from lumen is shrinking as disease progresses. If fibrous cap ruptures, fatty
plaque full of necrotic core is exposed to blood flow causing blood clot around the
rupture. Based on the actual cap thickness of autopsy specimens, TCFA (Fig. 2.1) is
identified when a fibrous cap is < 65 um thick and increased macrophages infiltration
is involved. The value of 65 um is chosen because in rupture, the mean cap thickness
is 23 + 19 um; 95% of ruptured caps measure less than 64 pym [4].

However, due to the limited axial resolution (100-150 pm) of intravascular ultra-
sound (IVUS), it is impossible to visualize TCFA in cross-sectional IVUS images. To
deal with this limitation, several studies proposed some indirect methods to identify
TCFA based on its compositional and morphological characteristics by utilizing vir-
tual histology (VH) to assess plaque components. Virmani et al. reported that nearly
75% of TCFA lesions have >10% area of the plaque occupied by necrotic core, and
the mean cross-sectional area narrowing of the TCFA is 71% and most have 10-25%
of the cross-sectional area occupied by necrotic core. [64]. Rodriguez-Granillo et al.
defined a IVUS-derived TCFA as a lesion fulfilling the following criteria in at least 3

consecutive frames: necrotic core >10% without overlying fibrous tissue and plaque
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Figure 2.1: This is a cross-sectional photomicrograph of the epicardial coronary artery,
showing a thin fibrous cap (arrows) overlying a lipid-rich or necrotic core [4].

burden > 40% [50]. Maehara et al. expand the IVUS-derived TCFA definition by
adding one more criterion: >30°0f necrotic core abutting to the lumen in 3 consecu-
tive frames [34]. All those observations attempted to mimic histopathologic findings

and together formed the most widely used definition of IVUS-derived TCFA.

2.1.1 Limitations

This commonly used definition of IVUS-derived TCFA is mainly based on cut off
for connected necrotic core (>10%) contacting lumen and extent of core-abutting-
lumen proximity (>30°) as described above. But no compelling proof is provided for
these cut off values and the determination has been proved to have a markedly higher
interobserver variability [15,56]. That is because spatial connectivity of confluent
necrotic core and the criterion about how necrotic core touches the lumen in consec-
utive frames are not defined explicitly. Furthermore, in advanced lesion with heavy
calcium coverage, the impact of calcium-associated acoustic shadowing may diminish
the visibility of necrotic core behind areas of calcification due to echo loss. Last but

not least, many studies rely on observer’s personal experience to assess TCFA exis-
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tence for lack of accurate quantitative tool. Therefore, this chapter focuses on the
development of a comprehensive definition of IVUS-VH-derived TCFA by systemati-
cally varying features of standard definition and involving additional factors such as
calcium impact. In addition, relationship between plaque rupture and other IVUS-
VH-derived morphological features are also explored to better understand coronary

plaque vulnerability.

2.2 Variations of thin-cap fibroatheroma (TCFA) definitions
A widely used standard IVUS-VH-derived definition of TCFA lesion is following

two criteria in 3 consecutive frames:
e connected necrotic core (NC) in contact with lumen is >10% of plaque area.

e plaque burden (PB, plaque area divided by the adventitia cross-sectional area)

is > 40%

Note that IVUS-derived TCFA definition is based on environmental characteristics
rather than features of cap itself. The motive behind it is that the axial resolution
of IVUS (100-150 pm) is not good enough to detect TCFA (cap thickness < 65 pum)
directly. However, no persuasive evidence has been shown that this kind of definition
is accurate. Therefore, we provide a total of 105 variations of current TCFA definition

by giving more flexible arguments (Fig. 2.2):
e TCFA Definition A (n=5):

— NC in contact with lumen is > 5/10/15/20/25% of plaque area. Note that
“connected” limitation has been removed from original definition to allow
a more general definition by involving all necrotic cores in plaque. Besides,

cut off value is also varied by 5% interval to adopt more flexibilities.

— PB is > 40%, which represents the high-risk plaque and keeps unchanged.



Figure 2.2: Variations of TCFA definitions
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e TCFA Definition B (n=5):

— First 2 conditions are the same as Def. A.

— NC lesions behind calcified region are excluded. It is known that heavy
calcification would attenuate echo signal and influence the follow-up spec-
tral analysis of backscattered radio frequency. There is a possibility that

some areas identified as NC are artifacts behind calcium.
e TCFA Definition C (n=5):

— Re-define “connected NC”: only largest 8-connective NC area in 2D space
are counted. In original definition, judgment of NC confluence counts on

the human eyes only.

— Other conditions are the same as Def. A.
e TCFA Definition D (n=5):

— Re-define “connected NC”: only largest 10-connective NC area in 3D space

are counted.

— Other conditions are the same as Def. A.
e TCFA Definition E/F/G/H (n=40):

— Constraint “in contact with lumen” is removed. Instead, only NCs within
a constant ring — 0.5/1 mm from lumen border are counted. From Def. E
to Def. L, only necrotic cores close to lumen are included considering lu-
minal necrotic material are highly thrombogenic contents leading to blood
clot formation. Additionally, removing lumen contact also provides more

tolerance of lumen border tracing error.

— Other conditions of E/F/G/H are corresponding to Def. A/B/C/D.
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e TCFA Definition I/J/K/L (n=40)

— “in contact with lumen” constraint is removed. Instead, only NCs within

an adaptive ring — 50/75% of luminal plaque are counted.

— Other conditions of I/J/K/L are corresponding to Def. A/B/C/D.
e TCFA Definition ARC (n=5):

— First 2 conditions are the same as Def. A.

— NC arc abutting to the lumen is >30°. In contrast to Def. E to Def. L, this
condition imposes a more strict requirement on definition of “touching”

lumen by specifying at least 30°contact range as compulsory.

2.3 Patient population

To evaluate those 105 variations of TCFA definitions, 80 patients with stable
angina (n = 37), unstable angina (n = 20), and myocardial infarction (n = 23) were
selected for inclusion in this study based on the performance of preprocedure IVUS-
VH imaging before culprit lesion modification and determination of high quality IVUS
data with consistent and reliable automated pullback at least 30 mm in length, as
described in [21]. For each patient, grayscale IVUS along with radio frequency based
virtual histology was performed using IVUS phased array probe (Eagle Eye 20 MHz
2.9 F monorail; Volcano Corporation, Rancho Cordova, California), IVUS console,
In-Vision Gold software, and automatic pullback at 0.5 mm/s (research pullback,
model R-100). A more detailed quantitative assessment on different plaque types
— fibrous (F), fibro-fatty (FF), necrotic core (NC), and dense calcium (DC) was
achieved using VH spectral analysis. Intraobserver variability of manual segmentation
was assessed by randomly selecting 10 patients and measuring lumen (inner) and
adventitia (outer) twice on 2 separate sessions. Intraobserver correlation coefficients

for lumen and adventitia area are 0.98 and 0.96 respectively. Minimal lumen area has
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0.08 mm? (£0.14 mm?) difference while adventitia area has 0.25 mm? (£0.42 mm?).
Subsequently, grayscale IVUS, with manual segmentation of luminal and adventitia
vessel wall, as well as corresponding color-coded IVUS-VH images were loaded and

analyzed in our automated system.

2.4 Culprit and rupture

Total of 80 patients were divided into those with plaque rupture (n=15) and those
without (n=65). When trying to evaluate the severity of coronary plaque, only the
culprit lesion instead of whole vessel was analyzed. For patients without rupture,
culprit frame was identified as frame with minimal lumen area. And for those ex-
periencing rupture, culprit frame is of the largest rupture cavity, as shown in Fig.
2.3. Plaque rupture cavity was defined as residual area caused by the loss of plaque
tissue after fibroatheroma cap tearing. As seen, this structural defect “expands” the
original lumen area. To separate rupture cavity area from lumen area, the delineation
was drawn by expert by connecting 2 lumen shoulder points representing the initial
fibroatheroma cap locations before rupture, as demonstrated in Fig. 2.4. Based on
rupture cavity concept, cavity angle is measured as well to indicate the angular extent
of rupture. Furthermore, to better understand the relationship between axial plaque
depth and development of plaque rupture, a circumferential analysis is proposed in
this study in order to reveal the difference between the adluminal (near lumen) plaque
and abluminal (away from lumen) plaque. One potential implementation difficulty
is that the plaque is unevenly distributed rather than uniformly thickening. In other
words, the plaque may have different accumulation rates on different axial angles.
Thus, to compensate for such a circumferential unevenness, layers adaptive to plaque
thickness (Fig. 2.4) are performed. In addition to axial direction, longitudinal envi-
ronment of plaque rupture is also examined by defining proximal and distal reference

frames as the closest non-ruptured frames (Fig. 2.5).
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Figure 2.3: Cross-sectional IVUS-VH images of rupture plaque. Straight split lines
specify the potential delineation between original lumen area and newly formed rup-
ture cavity.

2.5 Results

The clinical demographic characteristics of all 80 patients are presented in Ta-
ble. 2.1. There are no significant difference between rupture and non-rupture pa-
tients for demographics, clinical risk factors and medical treatment. As noted and
expected, compared to non-rupture patients, more rupture patients experienced non-
ST-elevation myocardial infarction (NSTEMI), which represents the ST segments on
the electrocardiogram become elevated. NSTEMI is known as “full” heart attack and
usually occurs by developing a partial or even complete occlusive coronary artery due
to atherosclerosis.

For further comparison between rupture and non-rupture patients, morphological
and compositional characteristics of coronary plaque are listed in Table. 2.2. Note
that plaque burden here is defined as the ratio of plaque area to whole vessel cross-

sectional area while eccentricity is defined as the ratio of minimal plaque thickness to



18

30% adaptive ring C

Figure 2.4: (A) Original IVUS image with plaque rupture with segmentation of lumen
(red) and adventitia (yellow) borders. (B) Same image with lumen center and cavity
delineation (green). Cavity angle is defined as the lumen-centered span between two
shoulder points of delineation. (C) Schema of rings adaptive to plaque thickness.
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Figure 2.5: Proximal and distal reference frame without plaque rupture. (A) Longi-
tudinal view of IVUS-VH pullback. Blue frame represents rupture culprit frame while
left and right green frame represents the closest adjacent distal and proximal reference
frames respectively. (B) Gray IVUS cross-sectional images. (C) Corresponding VH
tissue classification results.



Table 2.1: Clinical demographic characteristics
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Total) Rupture Non-rupture | p-value
(n=80) (n=15) (n=65)

Age 62+ 10 63+ 9 62+ 11 0.57
Male 57 (T2%) | 9(60%) | 48 (TA%) | 0.35
White 46 (48%) | 11 (73%) |35 (54%) | 0.13
Clinical symptoms

Stable angina 37 (47%) 5 (34%) 32 (49%) 0.39
Unstable angina 20 (25%) 2 (13%) 18 (28%) 0.24
NSTEMI 20 (24%) | 7 (46%) | 13 (20%) | 0.03
STEMI 3 (4%) 1 (7%) 2 (3%) 0.50
Risk factors

Hypertension 62/76 (82%) | 12 (80%) 50/61 (82%) | 0.86
Diabetes mellitus 30/76 (40%) | 5/14 (36%) | 25/62 (40%) | 0.75
Hyperlipidemis 59/77 (T7%) | 11 (73%) | 48/62 (77%) | 0.73
End stage renal disease 6/76 (8%) 0 (0%) 6/61 (10%) | 0.59
Chronic renal failure (Cre>1.5) | 10/77 (13%) | 2 (13%) 8/62 (13%) | 1.00
Prior coronary artery disease 40 (50%) 8 (53%) 32 (49%) 0.14
Previous revascularization 30 (38%) 5 (33%) 25(39%) 0.18
Medications

Ace mhibitor 15 (56%) | 10 (67%) |35 (54%) | 0.40
Aspirin 60 (75%) | 11 (73%) | 49 (75%) | 1.00
Beta-blocker 44 (55%) 11 (73%) 33 (51%) 0.15
Thienopyridine 35 (44%) 8 (53%) 27 (42%) 0.57
Statins 54 (68%) | 10 (67%) | 44 (68%) | 0.40

*NSTEMI stands for Non-ST-elevation myocardial infarction.

*STEMI stands for ST-elevation myocardial infarction.




21

maximal thickness for each frame. Similarly, no significant differences in lumen area

and plaque components are found based on IVUS-VH cross-sectional findings.

Table 2.2: Morphological and compositional comparison of coronary plaque for culprit
lesions based on IVUS-VH cross-sectional images.

Rupture Non-rupture | p-value

(n=15) (n=65)
Lumen area (mm?) | 5.60 +3.30 | 5.20 +2.68 | 0.67
Plaque area (mm?) | 11.27 £3.83 | 10.79 £ 4.03 | 0.67
Plaque burden (%) | 0.75+0.13 | 0.78 £ 0.15 | 0.48
Eccentricity 0.69+0.13 | 0.69+0.16 | 0.95
Fibro-fatty 11% + 7% 10% + 10% | 0.62
Fibrous 59% + 14% | 54% £ 24% | 0.32
Necrotic core 22% + 11% | 18% +12% | 0.22
Dense calcium 8% + 9% 9% + 11% 0.68

3-frame IVUS-VH computational analyses of 105 TCFA definitions are performed.
As shown in Table. 2.3, the traditional criterion (Def. A with 10% NC threshold)
used to define TCFA fails to differentiate plaque rupture lesions from non-rupture
lesions: 87% of rupture culprit frames are identified as TCFA in comparison to 63%
of non-rupture culprit frames (Fisher-exact test p = -0.125). Only 5 out of 105
variations are proved to have a different distribution between rupture and non-rupture
patients based on Fisher-exact test. And only 2 of them (Def. A with 15% NC
threshold and Def. L with 5% NC threshold and within 50% plaque ring) have
a higher discriminating power for plaque rupture suggested by odds ratio analysis.
Note that odds ratio is not applicable to Def. T (5% NC & 75% ring).

The association between plaque rupture area (cavity size) and layered plaque
components (NC% and F%) are compared using each of 10 adaptive rings from 10% to

100% of plaque area as described in Fig. 2.5. The significant correlation coefficients (r

value) for all rings are displayed in Fig. 2.6. As shown, NC% close to lumen especially
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Table 2.3: IVUS-VH-derived thin-cap fibroatheroma comparison as predictors of
plaque rupture based on variations of standard definition

Rupture Non-rupture | Fisher-exact | Odds ratio
(n=15) (n=65) p-value p-value

Standard Def. A (10% NC) | 13 (87%) | 41 (63%) 0.125 0.09

Def. A (15% NC) 13 (87%) | 36 (55%) 0.037 0.04

Def. D (10% NC) 14 (93%) | 42 (68%) 0.031 0.06

Def. T (5% NC & 50% ring) | 14 (93%) | 42 (68%) 0.031 0.06

Def. T (5% NC & 75% ring) | 15 (100%) | 47 (72%) 0.018 NA

Def. L (5% NC & 50% ring) | 14 (93%) | 41 (63%) 0.029 0.03

from 20% to 40% rings is found to have the most positive correlation with rupture
cavity area. No correlation is detected for NC% after 70% of plaque thickness from
lumen border. Meanwhile, negative correlation between F% and rupture cavity area
is found over the whole plaque area from 10% to 100% rings. 30% adaptive ring is
chosen as representative for both cases and is displayed in detail in Fig. 2.6.
Further analysis of 30% ring by comparing rupture culprit frame of the largest
cavity area with nearby intact reference frames is presented in Fig. 2.7. Rupture
culprit frames show significantly less NC area (p=0.013) and F area (p=0.009) com-
pared to proximal and distal reference frames, indicating that NC and F tissues tend

to break out of plaque during rupture process.

2.6 Discussion and conclusion
Clinical investigation have shown that thin-cap fibroatheroma (TCFA) is recog-
nized as a precursor for rapid plaque progression resulting in rupture and future acute
coronary syndromes (ACS) and sudden cardiac death [9,56]. Intravascular ultrasound
(IVUS) along with virtual histology (VH) using spectral analysis of radiofrequency
is the gold standard for evaluation of coronary plaque morphology including TCFA
for past decade. Due to IVUS incapability of visualizing TCFA of < 65um under its

the limited axial resolution (100-150 pm), several studies [34,50,64] used the necrotic
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Figure 2.6: Significant correlation coefficients between plaque rupture area and plaque
components (NC% and F%) for each adaptive ring are plotted on the top, while
specific details in 30% adaptive ring indicating the greatest correlation are displayed
on the bottom.
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Figure 2.7: Necrotic core (NC) area and fibrous (F) area comparison between culprit
frame with plaque rupture (PR) and reference frames without plaque rupture.

core tissues contacting the lumen to define IVUS-VH-derived TCFA and evaluate
subsequent correlation with clinical outcomes. Nevertheless, less than 10% of IVUS-
VH-derived TCFAs are associated with clinical event in most studies [5,9,56]. We
provide 105 variations of IVUS-VH-derived TCFA definitions in an effort to improve
event attribution and determine the best TCFA definition associated with plaque
rupture process. In result, only 2 of them (Def. A with 15% NC threshold and Def.
L with 5% NC threshold and within 50% plaque ring) have a better discriminating
power to plaque rupture than widely used original definition, which fails to distinguish
rupture from non-rupture at all. According to these 2 definitions, both rupture and
non-rupture plaque frames have more than 60% presence of TCFA, which far exceeds
TCFA frequency observed in similar autopsy study [10]. All these together suggests
that IVUS-VH-derived TCFA prevalence may be overestimated and in return its as-
sociation with plaque rupture is diluted owning to coarse axial resolution of IVUS
and questionable ability of VH to differentiate lipid pool and necrotic core [63]. By
contrast, new technique such as optical coherence tomography (OCT) with a resolu-

tion of 15 to 20 um is far superior to identify thin caps of TCFA and assess plaque
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vulnerability index.

Additionally, to evaluate the relationship between rupture cavity size and IVUS-
VH-derived plaque morphology and components, quantitative analyses along both
axial and longitudinal vessel direction are performed. By restricting analysis into a
layered fashion adaptive to axial plaque thickness, increasing cavity size is revealed to
be significantly correlated with more necrotic core and less fibrous tissue within near
lumen range. Our observation provides a potential explanation to the well known
association between higher incidence of acute coronary syndromes and larger necrotic
core area [26,56]. Ohsima et al. has also proved that cavity volume of ruptured plaque
is closely associated with higher incidence of post-infarction complications in patients
with STEMI [44]. Our evaluation of cavity size of IVUS-VH may provide useful
information for the prediction of such complications. As for the longitudinal analysis
along the vessel, it is demonstrated that plaque rupture frames have less necrotic core
and fibrous tissue compared with adjacent proximal and distal reference frames. It
strongly implies that NC and F tissues tend to break out of plaque during rupture
process. To our knowledge, this is first in vivo study that elucidated the potential

loss of plaque material during rupture.
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CHAPTER 3
COMPREHENSIVE SERIAL STUDY OF STATIN EFFECTS ON
CORONARY LOCATION-SPECIFIC REMODELING

In this chapter, lipid-lowering medication effects on coronary remodeling has been
evaluated comprehensively based on baseline and 1-year followup serial study using

computer aided intravascular ultrasound imaging analysis (presented at SPIE 2016

8])-

3.1 Introduction

Human coronary remodeling was originally described by Glagov et al. as a com-
pensatory process to maintain vascular lumen patency in response to atherosclerotic
plaque development based on necropsy material and histopathologic techniques [17].
And it is further supported and verified by in vivo, close-chested investigation using in-
travascular ultrasound [19]. Positive remodeling (PR) has since been defined as artery
enlargement in response to plaque accumulation and is proved to have a paradoxical
effect, both maintaining lumen size and promoting plaque vulnerability [62]. Intu-
itively, the remodeling concept has evolved to include artery shrinkage which is called
negative remodeling (NR). NR has been related to luminal narrowing [48] and are
associated with plaque stabilization processes and more stable phenotypes [51,53,62].

While coronary remodeling itself is a dynamic process pertaining to the develop-
ment of atherosclerosis, earlier intravascular ultrasound (IVUS) studies [17,19,48,51,
62], owing to the lack of serial measurements over the different time, were forced to
use an indirect index, which describes the magnitude and direction of remodeling as
a ratio of identified cross-sectional vascular area to local reference area coming from
the same vessel. This static index fails to avoid arterial tapering influence and causes
problems if the reference area experiences notable changes due to the temporal de-
velopment of coronary disease. Even when serial studies are available [53], the static

remodeling index obtained at a single time point is still invariably used due to diffi-
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culties of matching/registering individual lesions over time. Other serial studies [66]
lack generalization and fail to assess the remodeling process over the entire length
of the imaged vessel because only one single lesion frame from one vessel is matched
manually and subsequently analyzed.

In autopsy studies, Pasterkamp et al. [46] found that arterial remodeling may
vary among different individuals. Furthermore, Zarins et al. [76] proved that differ-
ent segments of the same artery may respond differently to increasing atherosclerotic
plaque. They mainly focus on the natural history of atherosclerotic arterial remodel-
ing. Statin has be proved to be the most effective class of lipid-lowering medications,
which improves survival in patients with coronary heart disease [18,61]. In this pa-
per, we try to resolve above-mentioned limitations and present an in vivo study to
comprehensively examine statin effect on coronary dynamic remodeling at different
segments of long vessels based on serial measurements at initial and 12-month follow-
up time. Multiple imaging modalities, i.e., angiography, intravascular ultrasound
(IVUS) and virtual histology (VH), are applied and analyzed by our computer-aided,

semi-automatic system.

3.2 Method
3.2.1 Patient population

IVUS-VH image pullbacks from 61 patients were taken from the database of serial
IVUS studies of patients with stable coronary artery disease enrolled at the Charles
University Hospital, Prague, and were selected according to the inclusion criteria [30]:
(1) native artery with 20~50% stenosis on angiography had no indication for ei-
ther percutaneous coronary intervention (PCI) or coronary artery bypass grafting
(CABG); (2) segment length with plaque burden > 20% was greater than 20 mm on
IVUS; (3) coronary artery with the longest plaque during angiography was selected.
All patients agreed to routine elective follow-up examinations of one coronary artery

per patient at 12.3 months (11.9 ~ 12.9 months) after the initial enrollment and
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baseline imaging. In other words, a repeat IVUS-VH examination of the same vessel
segment is performed after 1-year statins treatment. 25 mm long mutual overlap
between baseline and followup pullbacks are prerequisite. 48 out of 61 patients re-
ceived statin lipid-lowering therapy before enrollment and all of them received statin
treatment after enrollment (45 of them received aggressive treatment — atorvastatin
80 mg, ezetimibe 10 mg ). Demographic characteristics of patients are shown in Ta-

ble 3.1. The 61 imaged vessel segments have a median length of 38.0 mm (30.3 ~

48.4 mm).

Table 3.1: Demographic characteristics
Characteristics Total (n=61)
Age, mean+sd 62.1 £ 9.9
Sex, male, n (%) 47 (77.0%)
Current smokers, n (%) 42 (68.9%)
Previous smokers, n (%) 37 (60.7%)
Family history of coronary disease, n (%) 33 (54.1%)
Arterial hypertension, n (%) 56 (91.8%)
Diabetes mellitus, n (%) 17 (27.9%)
Myocardial infarction in past, n (%) 36 (59.0%)
Prior statins treatment, n (%) 48 (78.7%)
Aggressive lipid lowering therapy, n(%) 45 (73.8%)
Artery

Right coronary, n (%) 27 (44.3%)

Left anterior descending, n (%) 23 (33.7%)

Left circumflex, n (%) 11 (18.0%)
Baseline total cholesterol (mmol/1), meantsd 4.29 £ 1.08
Followup total cholesterol (mmol/l), mean+sd 3.48 + 1.00
Atotal cholesterol (%), p-value -18.9%, p < 0.001
Baseline LDL cholesterol (mmol/l), mean=sd 2.44 £ 0.91
Followup LDL cholesterol (mmol/1), mean4sd 1.90 £ 0.75
ALDL cholesterol (%), p-value -22.5%, p < 0.001

Baseline HDL cholesterol (mmol/1), mean4sd 1.20 £ 0.36
Followup HDL cholesterol (mmol/1), mean+sd 1.19 £ 0.31
AHDL cholesterol (%), p-value -0.01%, p = 0.99
*LDL indicates low-density lipoprotein

HDL indicates high-density lipoprotein
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3.2.2  Acquisition and segmentation of intravascular ultrasound images

Grayscale B-mode IVUS images were acquired using 20MHz Eagle Eye probe and
motorized research R-100 pullback made by Volcano Corporation (Rancho Cordova,
CA, USA). Histological plaque components (necrotic core, dense calcium, fibrous and
fibrofatty) were identified and color-coded by spectral analysis of IVUS radiofrequency
signal [40]. To quantitatively assess morphological characteristics of the atheroscle-
rotic plaque, luminal and external adventitial surfaces were automatically segmented
in each frame of all IVUS pullbacks using our fully three-dimensional LOGISMOS
graph-based approach [33,74]. In brief, two surfaces were simultaneously segmented
as the minimum-cost closed set in a weighted graph. Automatically determined sur-
faces were then reviewed and algorithmically refined by an expert cardiologist using
an operator-guided computer-aided just-enough-interaction approach to generate high
quality segmentation results [7,57]. Figure 3.1 displayed the graphical user interface
for IVUS segmentation and Figure 3.2 displayed some final segmentation results. This
new automated segmentation method delivered significantly better results compared
to the previous work in [12] (p-value < 0.02), and more importantly, it allowed the
user to generate high quality segmentation results with the average operation time
reduced from several hours to several minutes, making it feasible to involve more

frames and more patients for a more comprehensive assessment in a limited resource.

Employing our previously-reported approach [71] to obtain accurate cross-sectional
morphology, not depending on a perpendicular catheter orientation, geometrically
correct 3D representation of the vascular wall surfaces was obtained via fusion of
two-plane angiography and IVUS. Additionally, a database system for data and anal-
ysis handling, control, and maintenance was developed as well to allow comprehensive
tracking of acquired and computed data. Our semi-automatic system has reduced the

average time for tracing IVUS images from several hours to minutes while demon-
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Figure 3.1: Interface for IVUS segmentation. The right panel is cross-sectional view
while the left panel is longitudinal view on horizontal plane along the vessel. Lumen
and adventitia border are displayed as red and yellow delineation respectively. The
just-enough-interaction editing can be done efficiently on both cross-sectional and
longitudinal view with inherent 3-D implementation.

strating excellent accuracy [7,57].

3.2.3 Registration of serial IVUS data

Ideally, baseline and follow-up IVUS imaging would be performed under identi-
cal conditions with identical vessel segment coverage, catheter orientation, heart rate
and pullback speed. However, this cannot be ensured in reality and both pullbacks
need to be matched to provide accurate temporal changes of plaque. Using our re-
cently reported 3D graph optimization approach [77], pairs of serial IVUS pullbacks
of the same vessel were registered by implementing a cost function that jointly reflects
similarity of vessel /plaque morphology and perivascular image appearance, which in-
cluded shadow after calcified plaque, coronary branches, passing micro vessels etc.
Consequently, global optimality of the resulting registration was achieved due to the
employed cost function. The registration results were evaluated on well-identifiable

landmarks determined by experts and were proved to be comparable to inter-observer
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variability with mean distance errors ranging from 0.72 mm to 0.79 mm and mean
rotational angle errors ranging from 7.3° to 9.3°. The IVUS images beyond the over-
lapping range were discarded. After registration as shown in Figure 3.2, dynamic
serial coronary remodeling over the entire pullback length can be assessed and moni-

tored.

3.2.4 DBaseline predictive regression

This study is part of an ongoing predictive investigation of serial development of
human coronary atherosclerosis. Thus, demographic data, clinical risk factors and
baseline atherosclerotic plaque morphology and composition for each patient were
obtained and defined here as baseline predictors, which represent the potential rea-
sons for followup remodeling development. Arterial remodeling consists mainly of
two types of tissue transformation — plaque accumulation and adventitia deformation,
which together have been identified as the determinant of lumen size and may equally
contribute to the luminal narrowing [47]. Therefore, relations between plaque/adven-
titia serial changes and baseline predictors were investigated by regression analysis in

this study.

3.2.5 Statistical analysis

Discrete variables are presented as n (%) and continuous variables are denoted as
mean (£ standard deviation) or median (and interquartile range) as appropriate. All
IVUS frames from the same vessel were analyzed, which could contribute to analysis
bias due to clustered data. To correct for systematic errors introduced by clustering,
generalized linear mixed model with patient as random effect was used to investigate
the relationship between continuous response variables (e.g., change of plaque area)
and categorical /continuous predictors. Moreover, mixed-effect logistic regression is
used to investigate the association of binary response variables (e.g., direction of

plaque area change) and baseline predictors. p < 0.05 was used to determine statis-
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(b)

Figure 3.2: IVUS segmentation and registration. Longitudinal view of registered
baseline and followup pullbacks are displayed on the upper and lower panels as shown
in (a). Cross-sectional view presents the results of IVUS segmentation of lumen
(yellow) and adventitia (red) as shown in (b). Dark blue horizontal bar in (a) and
light blue mesh grid in (b) show the range and shape of branches, which are used as
part of evaluation ground truth for assessing registration accuracy.
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tical significance. All statistical tests were conducted in R (Version 3.1.1, Core Team

2014).

3.3 Results
Total of 5215 cross-sectional IVUS-VH frames from 61 pullbacks were matched

and analyzed from baseline to followup.

3.3.1 Direction of plaque development
Frame-level analysis: Most frames (about 58.6%) experienced decreased plaque
cross-sectional area (CSA) from baseline to followup while 41.4% of frames experi-
enced the opposite during statins treatment. According to the frequency distribution
of plaque CSA changes shown in Table 3.2, plaque regression (baseline plaque CSA

> followup plaque CSA) is more likely to happen during lipid lowering therapy.

Table 3.2: Frequency distribution of plaque cross-sectional area changes (total frames
n = 5215)

Decreased Plaque CSA (mm?) <0 <-1 <-2 <-3 <-4 <-b

n (%) 3058 (58.6%) 1129 (21.6%) 407 (7.8%) 181 (3.5%) 92 (1.8%) 43 (0.8%)
Increased Plaque CSA (mm?) >0 > 1 > 2 >3 >4 >5

n (%) 2157 (41.4%) 579 (11.1%) 136 (2.6%) 39 (0.7%) 14 (0.3%) 3 (0.1%)

The relationship between binary plaque CSA response (progression or regression)
from baseline to followup and baseline predictors (plaque burden, plaque CSA, adven-
titia CSA, etc.) was presented in Table 3.3 through mixed-effect logistic regression.
As shown, plaque CSA developing direction is negatively associated with baseline
plaque burden, plaque CSA and fibrous CSA. In other words, statin treatment would
lead to plaque regression at vessel sites of greater plaque burden, greater plaque CSA
and greater fibrous CSA. Further analysis specified that compared to vessel frames

undergoing plaque progression at followup, frames undergoing plaque regression ini-
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tially had 3.47% =4 0.34% greater plaque burden, 0.82 4= 0.07 mm? greater plaque
CSA and 0.40 & 0.03 mm? greater fibrous area. All p-values were < 0.001. In
fact, risk ratio of plaque regression occurring for frames with baseline plaque burden
> 50%, plaque CSA > 8mm? or fibrous area > 2.5mm? were 1.29 (CI: 1.24 to 1.35,
p < 0.001), 1.29 (CI: 1.24 to 1.35, p < 0.001) and 1.40 (CI: 1.34 to 1.46, p < 0.001)

respectively.

Table 3.3: Mixed-effect logistic regression between binary plaque/adventitia CSA
followup response direction and baseline predictors

Plaque CSA Adventitia CSA
Response direction Response direction
3 95% CI p-value B 95% CI p-value

Baseline predictors:
Plaque burden (%) -0.03 -0.036 to -0.024 < 0.001 | -0.02 -0.024 to -0.011 < 0.001
Eccentricity 0.20 -0.276 to 0.672 0.41 0.62 0.122 to 1.126 0.01
TCFA 0.08 -0.130 to 0.297 0.44 0.12  -0.095 to 0.344 0.26
Adventitia CSA (mm?) 0.01 -0.013 to 0.031 0.44 -0.01  -0.030 to 0.016 0.55
Plaque CSA (mm?) -0.18 -0.215 to -0.144 < 0.001 | -0.12 -0.162 to -0.088 < 0.001
Fibrofatty CSA (mm?) 0.18 -0.022 to 0.378 0.08 0.18 -0.032 to 0.391 0.10
Fibrous CSA (mm?) -0.37 -0.464 to -0.276 < 0.001 | -0.37 -0.464 to -0.267 < 0.001
Dense calcium CSA (mm?) | 0.15  -0.060 to 0.355 0.16 0.01 -0.196 to 0.219 0.91
Necrotic core (mm?) -0.15  -0.314 to 0.021 0.09 0.10  -0.061 to 0.269 0.22

*TCFA indicates thin-cap fibroatheroma.
*For binary response direction, “0” means regression while “1” means progression.

Patient-level analysis: Plaque regression percentage for each patient was de-
fined as number of frames experiencing plaque CSA decrease at followup divided by
the length of whole pullback. Thus, plaque progression % per patient simply equaled
to (100% - plaque regression %). In result, plaque regression % for all 61 patients
had a mean value of 58.2% (£ 25.1%). Based on multivariate regression related
to patients biomarkers, plaque regression % per patient was negatively associated
with patient smoking history and diabetes mellitus status. More specifically, patients

smoking in past had significantly less plaque regression % than patients not smoking
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in past (52.5% + 26.0% vs. 67.0% + 21.1%, p = 0.02); similarly, diabetes patients
had significantly less plaque regression % than non-diabetes patients (40.4% + 27.2%
vs. 65.1% £ 20.7%, p < 0.01). On the contrary, plaque regression % per patient
was further proved to be positively associated with baseline high density lipoprotein
(HDL) level (R = 0.31, p = 0.01) and baseline apolipoprotein A1 (ApoAl) level (R
—0.31, p = 0.02).

3.3.2 Magnitude of plaque development

Frame-level analysis: According to plaque regression % per patient, different
segments of the same artery had different plaque CSA developing directions during
statin treatment. To better analyze plaque CSA magnitude changes, we divided all
frames (n=>5215) into two groups — plaque regression (n=2157) and plaque progression
(n=3058) based on plaque CSA developing direction.

The relative magnitude changes were used and defined as (baseline CSA - followup
CSA) / baseline CSA. Relative Aplaque CSA in plaque progression group was 14.4%
+ 18.2% from baseline to followup while relative Aplaque CSA in plaque regression
group was -13.4% =+ 11.4 %. Mixed-effect model presented that the unsigned changes
of plaque CSA were significantly different between these two groups (p < 0.01).

The relationship between unsigned Aplaque CSA and baseline predictors includ-
ing frame morphology and plaque composition was investigated through mixed-effect
linear regression. Table 3.4 presented the results for plaque progression group. As
shown, if plaque progression happened, plaque CSA increasing magnitude was neg-
atively associated with baseline plaque burden, plaque CSA and fibrous area, and
was positively associated with baseline eccentricity, adventitia CSA. That was to say
that if progression happened, statin treatment would slow down the plaque CSA in-
creasing rate at vessel sites of greater plaque burden, plaque CSA and fibrous area,
but accelerate the increasing rate at vessel sites of more eccentric plaque distribu-

tion and greater adventitia CSA. Table 3.5 presented the results for plaque regression
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group. Conversely, if plaque regression happened, unsigned plaque CSA decreasing
magnitude was positively associated with baseline plaque burden, plaque CSA, and
fibrous.

From baseline to followup, plaque progression group experienced averaged 0.35
mm? Afibrous, 0.18 mm? Afibrofatty, -0.01 mm? Anecrotic core and -0.02 mm?
Adense calcium. Meanwhile, plaque regression group experienced averaged -0.34 mm?
Afibrous, -0.08 mm? Afibrofatty, -0.23 mm? Anecrotic core and -0.05 mm? Adense
calcium. As observed, fibrous changed dramatically at the same direction of plaque
development on both cases; necrotic core didn’t contribute to plaque progression at

all but underwent second most changes in plaque regression group.

Table 3.4: Mixed-effect linear regression between Aplaque/Aadventitia progression
CSA (%) and baseline predictors

Plaque CSA Adventitia CSA

Progression magnitude Progression magnitude

(%) (%)

B 95% CI p-value B 95% CI p-value

Baseline predictors:
Plaque burden (%) -0.23  -0.294 to -0.169 < 0.001 | 0.04 0.012 to 0.072 0.01
Eccentricity 18.63 13.750 to 23.502 < 0.001 | -1.11 -3.556 to 1.331 0.37
Adventitia CSA (mm2) 0.24 0.011 to 0.474 0.04 -0.36  -0.475 to -0.253 < 0.001
Plaque CSA (mm?) -1.35  -1.729 t0 -0.978 < 0.001 | 0.12 -0.065 to 0.299 0.21
Fibrofatty CSA (mm?) 0.30  -1.938 to 2.542 0.79 2.86 1.832 t0 3.893 < 0.001
Fibrous CSA (mm2) -2.32 -3.406 to -1.242 < 0.001 | -0.98 -1.466 to -0.497 < 0.001
Dense calcium CSA (mm?) | -0.57 -2.816 to 1.669 0.62 0.51 -0.448 to 1.461 0.30
Necrotic core CSA (mm?) 0.07 -1.964 to 2.106 0.95 -0.09  -0.909 to 0.730 0.83

Patient-level analysis: Plaque progression magnitude for each patient was de-
fined as the average of frame-based plaque progression magnitude per patient. Plaque
regression magnitude for each patient was defined similarly. In result, plaque progres-
sion magnitude for 61 patients was 11.4% =+ 7.8% while unsigned plaque regression

magnitude was 11.4% + 7.1%. Based on multivariate regression analysis related to
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Table 3.5: Mixed-effect linear regression between unsigned Aplaque/Aadventitia re-
gression CSA (%) and baseline predictors

Plaque CSA Adventitia CSA

Regression magnitude Regression magnitude

(%) (%)

B 95% CI p-value I6] 95% CI p-value

Baseline predictors:
Plaque burden (%) 0.05 0.017 to 0.074  0.002 | 0.05 0.041 to 0.066 < 0.001
Eccentricity -1.71 -4.034 to 0.610 0.15 -0.18 -1.191 to 0.831 0.73
Adventitia CSA (mm?) -0.01 -0.117 to 0.094 0.84 -0.17 -0.220 to -0.121 < 0.001
Plaque CSA (mm?) 0.39 0.227 to 0.559 < 0.001 | 0.30 0.231 t0 0.375 < 0.001
Fibrofatty CSA (mm?) 0.35 -0.559 to 1.260 0.45 1.11  0.686 to 1.531 < 0.001
Fibrous CSA (mm?) 0.87 0.487 to 1.257 < 0.001 | -0.00 -0.177 to 0.175 0.99
Dense calcium CSA (mm?) | -0.08 -1.026 to 0.875 0.88 -0.03  -0.489 to 0.439 0.92
Necrotic core CSA (mm?) | -0.08 -0.754 to 0.597 0.82 0.33  -0.001 to 0.655 0.05

patients biomarkers, patient-based plaque progression magnitude was positively cor-
related with beta blockers usage (12.7% + 8.3% vs. 8.0% %+ 5.2%, p = 0.01) and
apolopoprotein B (ApoB) level (R = 0.60, p < 0.001) and negatively correlated with
total cholesterol level (R = -0.32, p = 0.01). Unsigned plaque regression magnitude
was positively correlated with ApoAl level (R = 0.28, p = 0.038) and negatively
correlated with diabetes status (7.8% =+ 5.0% vs. 12.8% =+ 7.4%, p = 0.004).

3.3.3 Direction of adventitia development

Frame-level analysis: 61.1% of all frames underwent decreasing adventitia CSA
from baseline to followup while 38.9% underwent increasing. A closer inspection
about relationship between adventitia and plaque CSA development was shown in
Table 3.6. It appeared that majority of frames (48.2% and 28.5%) experienced ad-
ventitia CSA changes in the “same” direction of plaque CSA changes (p < 0.001).
As shown in Table 3.3, adventitia and plaque CSA response direction shared the same
negative baseline predictors — plaque burden, plaque area and fibrous area. Besides,
adventitia CSA response direction had a positive predictors — eccentricity. Therefore,

frames with more eccentric plaque distribution was more likely to get adventitia CSA
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progression at followup.

Patient-level analysis: Adventitia regression percentage for each patient was
defined as number of frames experiencing adventitia CSA decrease at followup di-
vided by the length of whole pullback. Adventitia regression percentage and plaque
regression percentage (defined previously) for all patients were positively correlated
(R=0.76, p < 0.001) as displayed in Figure 3.3. Mixed-effect regression related to
patients biomarkers proved that diabetes patients had less adventitia regression per-

centage than non-diabetes patients (44.0% 4 27.6% vs. 67.1% =+ 25.9%, p = 0.006).

Table 3.6: Directional relationship between baseline-to-followup Aadventitia area and
Aplaque area

Adventitia regression n (%) Adventitia progression n (%)
Plaque regression 2515 (48.2%) 543 (10.4%)
Plaque progression 670 (12.8%) 1487 (28.5%)
Chi-squared Test p < 0.001

3.3.4 Magnitude of adventitia development
Frame-level analysis: Besides the development direction, the magnitude of
Aadventitia CSA is important to quantitatively assess the remodeling process. Rela-
tive magnitude over baseline value was used here. Magnitude development relation-
ship between adventitia and plaque CSA was investigated by linear mixed regression.

If plaque and adventitia CSA developed at the same direction:

e Unsigned adventitia CSA regression magnitude (8.1% =+ 8.6%) was positively
associated with unsigned plaque CSA regression magnitude (6 = 0.21,p <
0.001).

e Adventitia CSA progression magnitude (9.6% =+ 12.0%) was positively associ-
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Figure 3.3: Correlation between patient-based adventitia regression % and plaque
regression %. Just as its name implies, adventitia regression % per patient is defined
as the percentage of frames experiencing adventitia CSA decrease at followup along
whole pullback. Plaque regression % is defined in a similar pattern.

ated with plaque CSA progression magnitude (5 = 0.29,p < 0.001).
If plaque and adventitia CSA developed at the opposite direction:

e Unsigned Adventitia CSA regression magnitude (3.9% + 3.5%) was slightly

associated with plaque CSA progression magnitude (5 = 0.02,p = 0.01).

e Adventitia CSA progression magnitude (5.1% + 7.4%) was not associated with

plaque CSA regression magnitude (p = 0.17).

Table 3.4 and Table 3.5 displayed baseline predictors associated with adventitia
progression CSA and regression CSA respectively. Note that baseline plaque burden
and adventitia CSA had different influence on plaque and adventitia progression:
statin treatment would slow down Aplaque progression and speed up Aadventitia

progression for frames with greater baseline plaque burden and less baseline adventitia

CSA.
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Patient-level analysis: Adventitia progression magnitude for each patient was
defined as the average of frame-based adventitia progression magnitude per patient.
Adventitia regression magnitude was calculated as well. Adventitia and plaque devel-
opment magnitude for all patients were positively correlated as displayed in Figure 3.4.
Based on multivariate regression related to patients biomarkers, patient-based adven-
titia progression magnitude was positively correlated with ApoB level (R = 0.35, p =
0.01). Meanwhile, unsigned adventitia regression magnitude was positively correlated

with LDL level (R = 0.32, p = 0.01).
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Figure 3.4: Correlation between patient-based adventitia development magnitude and
plaque development magnitude. Relative magnitude (%) is used here and defined as
ACSA from baseline to followup over baseline CSA.

3.4 Discussion
Previous serial VH-IVUS analysis [22,41,43] showed that statin treatments were
associated with plaque volume changes and plaque components development at non-
culprit/culprit lesions. However, lesions may not represent the distinguishing mor-
phological characteristics of whole vessel. Prevalence and morphological presentation

of arterial remodeling may differ depending on vessel location [47,76]. Pasterkamp

20



41

et al. [47] stated that The mechanisms that underlie the direction of arterial remod-
eling was still unclear. In this randomised study, we are trying to provide reliable
assessment of statin effects on direction and magnitude of arterial remodeling. And
the predictive analysis further proved relationship between followup remodeling pro-
cess and initial baseline morphological and biomedical characteristics. We aimed to
minimized system errors due to subjective selection of target sites and reference sites.
Therefore, instead of applying traditional remodeling index, we analyzed the overall
development of plaque area and corresponding response of adventitia area over the
whole pullback.

Observations shown in Table 3.1 help to demonstrate the expected statin effects on
relative reductions of total and LDL cholesterol (18.9% and 22.5% respectively). As
illustrated in Table 3.2, plaque-stabilizing therapy with statin lead to plaque regres-
sion at 58.6% of included vessel frames. It is further proved by multivariate regression
that the response direction of followup plaque area is associated with baseline plaque
burden, plaque CSA and fibrous CSA. More specifically, plaque regression risk ratio
during statin treatment for frames with baseline plaque burden > 50%, plaque CSA
> 8mm? or fibrous area > 2.5mm? are 1.29, 1.29 and 1.40 respectively. It is shown
in [29] and Chapter 4 that pathologic intima thickening plaque phenotypes which con-
tain the most fibrous area exhibited the most significant followup changes of plaque
morphology. Following from this premise, our results indicate that statin treatment
mainly works on advanced vessel of large plaque volume and flexible vessel of large
fibrous area. In addition, plaque development magnitude analysis provides consistent
observations: such advanced and flexible vessels would have less plaque increasing
area if plaque progression happened and more decreasing area if regression happened.

As for plaque composition, fibrous changed dramatically in the same direction
of plaque development in both regression and progression groups, which have con-

firmed flexibility of fibrous tissue during lipid-lowering treatment. Meanwhile, statin
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treatment suspended necrotic core advancement in plaque progression group and ac-
tivated necrotic core shrinkage in plaque regression group. In comparison to previous
lesion studies, Hong et al. reported significant decrease in necrotic core volume un-
der statin treatment [22] while Nasu et al. reported unchanged necrotic core volume
during followup period [41]. Beside diversity of patient population and variations of
statin usage, our findings about different responses of necrotic core to statin medica-
tion regarding different plaque development may be another explanation for previous
paradoxical results.

Several biomarkers including smoking history, diabetes mellitus and baseline HDL
level are found as predictors for plaque response direction. Patients smoking in past or
with diabetes have significantly less plaque regression % over the whole pullback while
plaque regression % is proved to be positively associated with baseline HDL level (R
= 0.31, p = 0.01) and baseline ApoA1l level (R = 0.31, p = 0.02). This result is in
a good agreement with previous studies [1,38, 52] suggesting that cigarette smoking
and diabetes mellitus continues to be a health hazard during lipid-lowering therapy
and would slightly offset statin effect of plaque stabilization. On the other hand, the
result also implies that initially high level of HDL and ApoA1 would promote statin
effect on plaque regression and contribute to cardiovascular benefits as demonstrated
in Tani et al. study [59]. Similar correlations are observed in plaque magnitude de-
velopment analysis. Unsigned plaque regression magnitude was positively correlated
with ApoAl level (R = 0.28, p = 0.038) and negatively correlated with diabetes sta-
tus (7.8% =+ 5.0% vs. 12.8% =+ 7.4%, p = 0.004). On the contrary, ApoB level were
positively associated with plaque progression magnitude. Beta blocker usage which
indirectly indicates the advanced severity of coronary disease [14] was also proved
to be positively associated with plaque progression. This may reflect inevitability of
plaque progression process once the disease has developed into a critical stage.

The essence of coronary remodeling is adventitia area corresponding response
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to atherosclerotic plaque development. In our case, 76.7% of 5215 cross-sectional
IVUS-VH frames (48.2% regression and 28.5% progression) experienced adventitia
CSA changes in the same direction of plaque CSA changes. Multivariate regression
analysis further confirm that adventitia followup response direction shares with plaque
followup response the same negative baseline predictors — plaque burden, plaque area
and fibrous area. Frame-based changing magnitude analysis also presents significant
association between adventitia and plaque CSA if they develop in the same direction.
Moreover, adventitia regression % for each patient is significantly correlated with
plaque regression % (R = 0.76, p < 0.001); adventitia regression magnitude for each
patient is also significantly correlated with plaque regression magnitude (R = 0.85,
p < 0.001). Our results provide a potential implication that coronary remodeling is
more of a plaque-intrigued, adventitia-followed process. Because plaque development
is the leading cause here, ApoB level is not only positively correlated with plaque
progression (R = 0.60, p < 0.001) but also with adventitia progression (R = 0.35, p
= 0.01). In like manner, this explains why diabetes patients have not only less plaque
regression % but also less adventitia regression % over the whole pullback for each
patient.

There are still dissociation between plaque and adventitia development. Beside
shared predictors and plaque area development itself, adventitia CSA response direc-
tion has a unique baseline predictors — eccentricity. In other words, vessel expansion
tends to appear at sites of more eccentric plaque distribution, which is in line with
previous studies [62,67]. Furthermore, as shown in Table 3.4, baseline plaque burden
along with initial adventitia CSA status has opposite influence on plaque and adven-
titia progression magnitude: statin treatment would slow down Aplaque progression
and speed up Aadventitia progression for frames with less baseline adventitia CSA
and greater baseline plaque burden. To be more specific, even though plaque and ad-

ventitia tend to develop at the same direction, they don’t progress at the same pace:
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adventitia progression magnitude is promoted while plaque progression magnitude is
repressed at relatively small but advanced atherosclerotic vessel sites. And we can
speculate that this process would efficiently prevent luminal narrowing in such vessel
sites. However, it is also postulated that there is a higher risk of rupture in vessel
of eccentric plaque distribution and greater plaque burden. There findings support
the association between positive remodeling and plaque vulnerability and justify why
plaque rupture frequently occurs with mild arterial stenosis.

Patient-based analysis shows that there are mixed plaque progression and re-
gression frames with the same patient. Adventitia corresponding response to plaque
growth or shrinkage shows a great deal of varieties as well for each patient. Both
together clearly demonstrate that statin effect on plaque and adventitia development
is location specific and determined by initial vessel morphology and composition in
conjunction with patient biomedical conditions and clinical characteristics. This ob-
servation of heterogeneity of coronary remodeling among individuals patterns itself

upon previous studies [39, 76].

3.5 Study limitations
Present study includes patients in a relatively early stage. Thus, the relationship
between statin medication and prevention of major adverse cardiac events are not
investigated due to lack of clinical events. Our findings related to lipid-lowering

treatment may not reflect the natural history of atherosclerosis disease.

3.6 Conclusion
In summary, our comprehensive serial study indicates that statin treatment leads
to plaque regression at most vessel sites but its effect varies among individual patients
and is associated with vessel location-specific characteristics and patient clinical sta-
tus. We also find that lipid-lowering treatment primarily works on advanced vessel

of large plaque volume and flexible vessel of large fibrous area by promoting plaque
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regression and shrinking necrotic core area. Moreover, arterial remodeling is proved
to be a plaque-intrigued adventitia-followed process. While adventitia development
is destined to follow the plaque developing direction, positive remodeling with less
plaque changing magnitude and greater adventitia changing magnitude can be ex-
pected at small and advanced vessel sites. As far as we know, this is the first in vivo
serial study that investigates coronary remodeling on both segmental and patient
levels in terms of both changing the remodeling direction and changing the remod-
eling extent to reflect the truly dynamic nature of artery wall development under

lipid-lowering medication.
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CHAPTER 4
NOVEL QUANTITATIVE APPROACHES ASSESSING PLAQUE
PHENOTYPE SERIAL PROGRESSION BASED ON
INTRAVASCULAR ULTRASOUND

In this chapter, coronary plaque morphological development of different phenotypes
has been evaluated comprehensively based on baseline and 1-year followup serial study

using computer aided intravascular ultrasound imaging analysis (published at [29]).

4.1 Introduction

Recall that virtual histology (IVUS-VH) has been developed to assess plaque
composition by processing raw radiofrequency signal from intravascular ultrasound
(IVUS) and distinguish four plaque types (fibrous tissue F, fibro-fatty tissue FF,
necrotic tissue NC and dense calcification DC). To better understand coronary plaque
development, a comprehensive morphological classification scheme is widely used to
categorize the lesions on the basis of plaque composition. These categories include no-
lesion, pathologic intima thickening (PIT), fibrous plaque (FP), fibrocalcified plaque
(FcP), thick-cap fibroatheroma (ThCFA) and thin-cap fibroatheroma (TCFA) and
can be determined by IVUS-VH images. They correspond to the sequence of evolution
of atherosclerotic lesions described by American Heart Associations Committee [55].
Previously most of efforts in this field are consumed by analyzing fibroatheroma
including TCFA and ThCFA, which are believed to be predictive risk factors for
cardiac events, while other phenotypes are buried in oblivion as being considered
stable [31,56]. Recent studies [11,49] reported that plaques with PIT phenotype also
developed greater progression and were more likely to transform into fibroatheroma.
In this chapter, baseline to 1-year followup serial development of different plaque

phenotypes are examined in patients with stable coronary disease.
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4.2 Method
4.2.1 Patient population

This study shares the same patient cohort with previous study described in Chap-
ter 3. IVUS-VH image pullbacks from 61 patients were taken from the database of
serial IVUS studies of patients with stable coronary artery disease enrolled at the
Charles University Hospital, Prague, and were selected according to the inclusion
criteria [30]. After the initial enrollment and baseline imaging, a repeat IVUS-VH
examination of the same vessel segment is performed after 1-year treatment for each
patient. 25 mm long mutual overlap between baseline and followup pullbacks are pre-
requisite. All of them received statin treatment after enrollment (45 of them received

aggressive treatment).

4.2.2 Image segmentation, registration and segmental analysis

IVUS image acquisition and segmentation along with baseline-followup registra-
tion was performed following the same protocol as Chapter 3. After image processing,
frame-based morphological and compositional features were computed. Each pullback
was then divided into continuous 5mm baseline/followup registered vessel segments
by averaging the frame-based quantitative characteristics. S5mm vessel segment was
introduced here to be more representative of plaque development and less suscepti-
ble to local variations (noise) compared to vessel frame. Segmental analysis would
compensate for small registration errors as well. Vessel and plaque measurement
morphologic indices included: external adventitia cross-sectional area (CSA), lumen
CSA, plaque burden PB (adventitia CSA — lumen CSA/adventitia CSA), eccen-

tricity (mazx. plaque thickness — min. plaque thickness)/mazx. plaque thickness).

4.2.3 Plaque phenotype classification scheme
Morphological classification scheme used to categorize the lesions on the basis of

plaque burden and plaque composition is shown in Figure 4.1. Here are pathological
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explanations of 6 atherosclerosis phenotypes:
e No lesion: represents all frames of < 40% plaque burden.

e PIT: was first introduced by Virmani et al. [65] to indicate an early-stage
preatherosclerotic coronary lesion, which consists mainly of fibrofatty tissues

and has no apparent necrosis and calcium.
e FP: is similar to PIT but has less fibrofatty tissues.

e FcP: is fibrous plaque that has large portion of dense calcium and may also
contain a small mount of necrotic core. Dense calcium is frequently observed at

advanced stage of plaque and therefore, represents a late stage of atherosclerosis.

e ThCFA & TCFA: are both fibroatheromas that contain lots of confluent
necrotic core abutting the lumen. The difference is, compared to ThCFA, TCFA
usually has a diffuse necrotic core distribution, which implies a prone-to-rupture

thin cap near the lumen.

Examples of 6 phenotypes from our patient population were listed in Figure 4.2,
where the VH images are color coded as red (NC), white (DC), light green (FF), and
dark green (F). Each vessel frame was categorized into one of 6 phenotypes and 5mm

segment phenotype was determined by the most severe frame within it in order of

TCFA, ThCFA, PIT, FcP, FP and no-lesion.

4.2.4 Statistical analysis
Mean values + standard deviations were calculated for all numerical variables
while median with interquartile range was used if necessary. Mixed-effect ANOVA
was used to correct for morphological comparison such as plaque area change by
designating patient as random effect. As for 6-level plaque phenotype comparison,

we focused on serial change from baseline to followup for each phenotype instead of
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Figure 4.1: Plaque phenotypes classification scheme.
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PIT, pathologic inti-

mal thickening; FcP, fibrocalcified plaque; FP, fibrous plaque; TCFA, thin cap fi-
broatheroma; ThCFA, thick cap fibroatheroma.
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Figure 4.2: Plaque phenotypes VH examples.

comparing different phenotypes directly. In this case, mixed model was used for each
phenotype analysis. For categorical variables, contingency tables were used to display

frequency distributions. Statistical significance was calculated by Fisher’s exact test.

4.3 Results
Total of 693 bmm longitudinal vessel segments from 61 pullbacks were matched

and analyzed from baseline to followup.

4.3.1 Morphological changes in phenotypes
Among 693 segments, there are 317 TCFA segments (45.7%), 65 ThCFA seg-
ments (9.4%), 49 FP segments (7.1%), 89 PIT segments and 170 segment without
lesion (24.5%). Morphological development for all plaque phenotypes was shown in
Table 4.1. TCFA segments experienced significant decrease of plaque burden while
both PIT and FP segments demonstrated plaque CSA decrease. A significant nega-
tive remodeling defined as -0.97 4+ 1.91 mm regression of adventitia area is found in

PIT segments as well.



Table 4.1: Morphological development for all phenotypes.

ol

No.Lesion PIT FP FcP ThCFA TCFA
Number of vessel segments 170 89 49 3 65 317
BL plaque burden 0.29 £ 0.07 | 0.45£0.08 | 0.50 £ 0.09 | 0.46 £ 0.02 | 0.46 £ 0.09 | 0.52 £ 0.09
FU plaque burden 0.30 £ 0.08 | 0.44 £0.09 | 0.47 £0.10 | 0.46 £0.05 | 0.46 = 0.09 | 0.50 £ 0.10
APlaque burden 0.00 £ 0.05 | -0.01 £ 0.05 | -0.03 £ 0.04 | 0.01 £ 0.04 | 0.00 £ 0.04 | -0.01 £ 0.05
p-value 0.545 0.493 0.116 0.75 0.941 0.035
BL lumen CSA (mm?) 11.39 £4.63 | 10.17 £ 3.48 | 7.64 £ 3.14 | 747 £2.64 | 810 £2.67 | 7.94 £ 3.19
FU lumen CSA (mm?) 1113 £4.62 | 9.77 £330 | 7.64 £ 3.14 | 741 £2.59 | 7.98 £2.60 | 8.09 £ 3.23
ALumen CSA (mm?) -0.26 + 1.60 | -0.40 £ 1.13 | 0.00 £ 1.33 | -0.06 + 0.21 | -0.12 £ 0.81 | 0.15 £ 0.95
p-value 0.324 0.171 0.997 0.964 0.688 0.445
BL adventitia CSA (mm?) | 16.09 + 6.29 | 18.68 & 5.92 | 15.22 + 5.48 | 13.64 &+ 4.39 | 14.99 & 4.62 | 16.37 £ 5.26
FU adventitia CSA (mm?) | 15.80 & 6.18 | 17.71 & 5.50 | 14.43 £ 4.75 | 13.91 & 4.65 | 14.72 & 4.23 | 16.24 + 5.25
AAdventitia CSA (mm?) | -0.29 + 1.96 | -0.97 & 1.91 | -0.78 £ 2.81 | 0.27 £ 0.56 | -0.27 & 0.99 | -0.13 £ 1.33
p-value 0.38 0.003 0.234 0.853 0.429 0.633
BL plaque CSA (mm?) 471 +£228 | 851 £3.26 | 7.58 £2.85 | 6.17 £ 1.80 | 6.89 £ 2.66 | 8.44 = 2.96
FU plaque CSA (mm?) 467 +£220 | 794 £3.06 | 6.79 £2.37 | 6.49 +£232 | 6.74 £ 2.40 | 8.15 £ 2.98
APlaque CSA (mm?) -0.04 £0.98 | -0.57 £1.34 | -0.78 £ 1.81 | 0.32 £ 0.77 | -0.15 £ 0.83 | -0.29 £+ 1.07
p-value 0.771 0.019 0.025 0.4 0.511 0.077
BL eccentricity 0.66 £ 0.17 | 0.65 £0.15 | 0.70 £0.14 | 0.73 £0.19 | 0.78 £0.13 | 0.71 £ 0.15
FU eccentricity 0.66 £ 0.15 | 0.63 £0.16 | 0.67 £0.15 | 0.70 £0.24 | 0.78 £0.14 | 0.72 £ 0.15
AEccentricity -0.00 £ 0.14 | -0.02 £ 0.09 | -0.03 £ 0.07 | -0.02 £ 0.06 | 0.00 £ 0.08 | 0.02 £ 0.08
p-value 0.861 0.325 0.077 0.565 0.77 0.076

“BL, baseline; FU, followup; CSA, cross-sectional area.
* PIT, pathologic intimal thickening; FcP, fibrocalcified plaque; FP, fibrous plaque; TCFA, thin cap fibroatheroma;
ThCFA, thick cap fibroatheroma.
* Significant p-values are highlighted as boldface.

4.3.2 Compositional changes in phenotypes

Relative changes of plaque composition was shown in Figure 4.3. FcP segments
were not listed due to small segment count (n=3). Relative changes were computed
as (followup value — baseline value)/ followup value. Both baseline PIT and FP
segments exhibited significant progression of necrotic cores and dense calcium, which
are considered as advanced plaque components. The massive decrease of fibrous
tissues in PIT and FP segments was corresponding to above-mentioned significant
regression of plaque CSA in both phenotypes. In contrast, TCFA and ThCFA had
opposite changes of plaque tissues. Angular range of necrotic core abutting the lumen
in a frame is one of criterion for IVUS-VH-derived TCFA definition and indicates
the severity of atherosclerosis as demonstrated in Chapter 2. Its serial changes for
all phenotypes were displayed in Figure 4.4. Similarly, both PIT and FP segments
exhibited significant increase of abutting angles (+22.0°and +17.9°) while TCFA

segments exhibited opposite changes of abutting angles (-15.1°).
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Figure 4.3: Relative compositional changes for all baseline phenotypes. Sig-
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Figure 4.4: Angular changes of necrotic core touching lumen for all baseline
phenotypes. Significant changes were marked by asterisk.
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4.3.3 Phenotype transition
Phenotype transition from baseline to followup was presented in Table 4.2. PIT
and FP were the most dynamic phenotypes as 91.8% of PIT segments and 75.5% of FP
segments transformed into other phenotypes in followup. Meanwhile, no-lesion and
TCFA were the most passive phenotypes as 81.8% of no-lesion and 73.5% of TCFA
segments kept unchanged. Further analysis of followup TCFA segment sources (Fig-
ure 4.5) proved that PIT made the biggest contrition to emerging TCFA in followup.

For patient-based analysis, phenotype % was defined as the proportion of specific

Table 4.2: Phenotype transition from baseline to followup. Segment numbers
(n) and percentage (%) of transformed phenotypes were presented for each baseline
phenotype.

TCFA, n(%) | ThCFA, n(%) | FcP, n(%) | FP, n(%) | PIT, n(%) | No lesion, n(%)

Baseline, n 317 65 3 49 89 170
Followup TCFA | 233 (73.5%) | 28 (43.1%) | 2 (66.7%) | 25 (51.0%) | 37 (41.6%) | 11 (6.5%)
Followup ThCFA | 50 (15.8%) | 25 (38.5%) | 0(0.0%) | 5 (10.2%) | 5 (5.6%) 12 (7.1%)
Followup FcP 4 (1.3%) 0(0.0%) | 0(0.0%) | 3(6.1%) | 4 (4.5%) 0 (0.0%)
Followup FP 6 (1.9%) 2 (31%) | 0(0.0%) |12 (24.5%) | 21 (23.6%) | 2 (1.2%)
Followup PIT 24 (7.6%) | 10 (15.4%) | 1(33.3%) | 4 (82%) |22 (24.7%) | 6 (3.5%)
Followup No lesion | 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 139 (81.8%)

phenotype segment over the whole pullback. For example, the PIT% for all 61 pa-
tients increased from baseline 12.3% + 18.3% to followup 18.3% to 10.8%. Serial
changes of each phenotype % was then correlated with lipid-lowering treatment as
shown in Table 4.3. As you see, 18% reduction of PIT% accompanied 20% growth of
TCFA% during standard treatment, implying the transition between two phenotypes.
On the contrary, aggressive treatment stabilized both PIT and TCFA segments. As
a result, some example images showing transition from PIT to TCFA were displayed

in Figure 4.6.
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Figure 4.5: Followup TCFA source.

Table 4.3: Phenotype percentage and lipid-lowering treatment correlation.

\ | ATCFA% | AThCFA% | AFP% | APIT% | ANo lesion% |
Aggressive treatment | 0.02+/-0.23 | 0.01+/-0.13 | -0.01+/-0.11 | 0.024/-0.20 | -0.05+/-0.07
Standard treatment | 0.204/-0.24 | 0.04+/-0.11 | -0.02+/-0.28 | -0.18+/-0.18 | 0.06+/-0.07
p-value 0.017 0.46 0.87 0.022 0.568
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Figure 4.6: Examples of baseline PIT transition to followup TCFA.

4.4 Discussion and conclusion

Using intravascular imaging techniques to characterize plaque composition, and
an established classification scheme for plaque phenotype determination, we sought
to investigate the serial changes of different plaque phenotypes in patients with sta-
ble coronary artery disease by lipid-lowering treatment. We found that there was
an increasing proportion of necrotic cores in PIT (also seen in FP phenotype) as
compared to a decrease of necrotic cores with other plaque phenotypes. Among all
phenotypes, PIT segments also experienced the most significant decrease of fibrofatty
tissues. Furthermore, angles of necrotic core abutting lumen in PIT segments had
the largest increment from baseline to followup. All those findings together proves
PIT is the most dynamic phenotype of highest compositional changes from baseline
to l-year followup. Corban et al. [11] and Puri et al. [49] report similar findings
that PIT most likely changed phenotype during their 6-month study. As to phe-
notype transition, 91.8% of PIT segments transformed into other phenotypes with
41.6% continuing to progress to a higher risk profile — TCFA. PIT also served as
the main source of new TCFA emerging at followup (11.1% of all followup TCFA
and 35.9% of newly developed TCFA). The decreasing PIT% and increasing TCFA%
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for patients with standard treatment implied the transition between PIT and TCFA
segments as well. Combined with compositional changes, those findings suggest that
PIT is not a stable phenotype as previously reported and could be a more vulnera-
ble or risky phenotype as the major precursor of fibroatheromas. This also confirms
our findings in Chapter 3 that lipid-lowering treatment primarily works on advanced
plaque phenotypes like fibroatheroma by shrinking necrotic core area but does not
prevent plaque progression at early stage of atherosclerosis like PIT. In conclusion,
with our automatic segmentation, registration and segmental analysis resulting in a
more representative and comprehensive quantitative assessment of coronary morphol-
ogy, pathological intimal thickening is observed as the most active plaque phenotype
in terms of plaque composition changes and plaque vulnerability progression, in spite

of presence of lipid-lowering therapy.
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CHAPTER 5
MULTI-LAYER SEGMENTATION OF CORONARY
INTRAVASCULAR OPTICAL COHERENCE TOMOGRAPHY
IMAGES

In this chapter, an interactive refinement framework for intravascular optical coher-

ence tomography (IVOCT) images segmentation was utilized and validated.

5.1 Introduction

Coronary allograft vasculopathy (CAV) is a frequent complication of heart trans-
plantation (HTx), occurring in more than 50% of patients in the first post-transplant
years. According to the Registry of the International Society for Heart and Lung
Transplantation [20], CAV is the leading cause of death between 1 and 3 years after
heart transplantation surgery. Unlike focal and eccentric conventional atheroscle-
rosis, allograft vasculopathy is an accelerated coronary artery disease of concentric
progressive intima thickening and diffuse luminal narrowing along the entire length
of coronary vessels. Treatment of CAV is limited for the lack of early clinical symp-
toms. Therefore, this challenging complexity and silent fatality of CAV proves the
importance of early determination of layer-specific coronary wall thickening using
intravascular imaging modality.

Recall that intravascular optical coherence tomography (IVOCT) is an optical
method of similar operation to IVUS, used to obtain high resolution (~10mum)
cross-sectional tomographic images of coronary arteries. IVOCT employs infrared
light with central wavelength between 1,250 and 1,350 nm. Infrared light emitted by
IVOCT catheter will be reflected or back-scattered from the coronary tissues and then
the time delay of light will be measured using interferometry technique. A-line which
is signal intensity as a function of delay time or depth within the tissue is determined.
Coronary vessel wall microstructure in vivo can be visualized at an unprecedented
level of detail by rotating the catheter optics to scan across the cross-sectional sample.

It has been reported that precise measurement of intimal thickness could be evaluated
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12-month
Follow-up
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Figure 5.1: Intravascular optical coherence tomography. Baseline and matched
12-month followup cross-sectional images obtained by IVOCT are displayed on left
and right panel respectively. Artery wall shows a 3-layered structure, comprising high
backscattering intima and low backscattering media and heterogeneous adventitia.

by IVOCT and correlated well with histological examination [32]. Thus, IVOCT is

supremely qualified for quantitative assessment of early CAV (see Figure 5.1).

5.2 Motivation

Compared to other intravascular imaging modality like ultrasound, IVOCT has
multiple common artifacts duo to light characteristics making IVOCT segmentation a
challenging task: (1) when blood is inadequately cleared in the field of view, residual
blood attenuates the OCT light signal and may reduce brightness of the vessel wall,
especially at large radial distances from the catheter; (2) due to the high resolution
of IVOCT, previously indistinguishable guide-wire artifacts are recognized during
coronary imaging, and these lower the visibility of artery wall layers and increase the
discontinuities of target surface; (3) when the catheter is very near to or touching

the artery wall, the tissue close to the catheter may have brighter gray scale value
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blurring the delineation of lumen area. Moreover, the target layers (intima and media)
are of very thin thickness especially before CAV. The intimal thickness measured by
histology ranged from 0.10 to 0.89 mm while the intima and media combined thickness
ranged from 0.21 to 1.20 mm in previous reported study [32]. The subtleness of
coronary wall layer after heart transplantation makes it even more difficult to perform
a thickness assessment.

Because of above-mentioned difficulties, current clinical CAV researches [6,24, 28]
heavily relied on the manual tracing on discrete frames or short segments, which
still required substantial effort and time to be devoted. However, previous stud-
ies [60, 73, 75] related to IVOCT imaging segmentation mainly focused on the de-
termination of well-defined lumen border and classification of coronary tissues for
atherosclerosis. Motivated by the need, we aim to present an automated approach for
the 3-D segmentation of IVOCT images based on layered optimal graph image seg-
mentation of multiple objects and surfaces (LOGISMOS) framework [33,74]. LOGIS-
MOS allows for optimal and simultaneous segmentation of multi-layer 3-D structure
for the whole IVOCT pullback in a robust and computationally efficient manner. Fur-
thermore, a computer-aided just-enough-interaction refinement method is proposed
as well to help achieve fully satisfactory 3-D segmentation of IVOCT images. We
believe this is first work that intends to provide a fast, efficient and accurate solution

for IVOCT multi-layer assessment in the context of CAV.

5.3 Method
5.3.1 Preprocessing
Prior to applying the multi-layer segmentation, several preliminary processing
including removal of IVOCT catheter, guide-wire and stationary artifact were imple-
mented. First of all, a constant circular mark of diameter 0.8mm was automatically
applied over the OCT catheter. Thus, the layer-like structure of catheter would not

affect following segmentation. Secondly, the guide-wire is needed to be masked out
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as well for it not only drops in signal intensity causing shadows on the abluminal side
but also distorts lumen segmentation due to its high brightness. A fixed mask would
not work because the guide-wire position varies frame by frame due to the bouncing
and rotational movement of catheter. As observed in [73], the accumulative intensity
of all pixels in A-scan of guide-wire would have significantly low value compared to
normal artery wall. Besides, guide-wire positions has a good 3-D connectivity and
rarely change dramatically in adjacent frames. Therefore, the beginning and ending
angles of guide-wire can be determined through accumulative pixel map of all A-scans
as seen in Figure 5.2-A. Dynamic programming was used to identify the shadow path
in the map by combining magnitude gradient and intensity value as cost function.
Note that original method [73] only chose gradient cost, which in practice was prone
to overestimate the guide-wire range and caused lots of false positive masking. Thus,
intensity value was added to compensate. In return, the guide-wire was not concealed
completely but its layered structure was not preserved anymore, which makes our fol-
lowing layer segmentation robust. Last but not least, stationary image components
that may contain a gain offset or stationary artifacts such as the catheter “halo” and
caliber marks were removed by subtracting the average pullback frame from each im-
age. The average frame was computed on a pixel-wise basis over the entire pullback
length, and the introduction of artifacts was avoided by limiting the results of the
subtraction to a value of zero. The final image after all preprocessing was presented

in Figure 5.2.

5.3.2 Lumen segmentation
Lumen border would be segmented at first, which was used subsequently for graph
construction of multi-layer segmentation. To speed up the this pre-segmentation pro-
cess, single-surface LOGISMOS framework was utilized considering the excellent vis-
ibility of lumen border in IVOCT image [33,74]. A multi-column graph was required

for LOGISMOS approach by unfolding the lumen surface into a terrain-like surface
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Frame Index

Figure 5.2: Preprocessing of intravascular optical coherence tomography
image. (A) Accumulative pixel map of all A-scans along the pullback. Every sin-
gle point in the map represents the intensity sum of all pixels at one A-scan for a
frame. Blue dashed line represents the frame shown in (B) and two white dotted lines
represent the segmented range of guide-wire. (B) An IVOCT image example. (C)
IVOCT image after preprocessing.
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along pullback direction.

IVOCT image center, i.e. catheter center was not preferred to unfold the original
frame into polar coordinate. That is because when the catheter is extremely out
of center, for example, touching the artery lumen (it’s not uncommon in reality),
the interval between adjacent columns in unfolded graph would correspond to highly
uneven distance in physical space. Therefore, the lumen center was estimated roughly
first by thresholding the frame using Otsu’s method [45] and then obtaining center
of mass(Figure 5.3).

A multi-column weighted graph G = (V,A) was then constructed based on these
centers, where V is a graph node set and A is a graph arc set. v € V is a graph node
on a column, associated with a image voxel I(x,y,z) if original pullback is viewed as
a 3-D matrix. Each frame is represented as a subgraph G; € G with i = 1,2,..., N
where N is total number of image frames. Within each subgraph G;, n, columns of
length [, are created starting from centers along the radial direction (Figure 5.3-C.
The angular interval between columns is determined by 6, = 360/n,. The distance
between adjacent nodes within the same column is d,,. For IVOCT lumen segmenta-
tion, n, = 120,60, = 30°,d, = 1 were used. In other words, 120 columns with node
distance matched with image resolution were created for each frame. The column
length [, was set as A-scan length, which contained the potential positions of lumen
border.

Then, intra-column edges are added to connect adjacent nodes on a column. Ad-
ditionally, the inter-column edges connecting nodes between adjacent columns on the
same frame are added to enforce the intra-frame smoothness constraints A,. To
implement 3-D connectivity, the inter-column edges connecting nodes between corre-
sponding columns on adjacent frames are added to enforce the inter-frame smoothness
constraint A,. Figure 5.4-A and Figure 5.4-B provide a graphic illustration of how

intra- and inter-column edges enforcing graph constraints are added. A, and A,
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Figure 5.3: Lumen segmentation. (A) Original IVOCT image. (B) Thresholded
image with center of mass (green). (C) Image with pseudo multi-columns model
(blue). There are much more columns in real model and each column is much longer
and denser with much more nodes. (D) Image with lumen segmentation (red).
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represent the allowed search scope for feasible surface point when moving from one
point to its neighboring point in within-frame direction and between-frame direction
respectively. For IVOCT lumen segmentation, A, = 6, A, = 5 were determined by

experimenting on 2 pullbacks, which were excluded from evaluation datasets.

Col;(k) Coly(k +1) Col; (k) Colyy1 (k)

Aa Ab

A B C

Figure 5.4: Illustration of graph constraints for LOGISMOS graph construc-
tion. (A) Edges connect nodes between adjacent columns (Col;(k), Col;(k + 1)) on
the same frame (subgraph G;) enforcing intra-frame smoothness constraints, where
k is the column index. (B) Edges connect nodes between corresponding columns
(Col(k)) on adjacent frames (subgraph G;, G;;1) enforcing inter-frame smoothness
constraints. (C) Edges connect surface subgraphs enforcing the inter-surface con-
straints.

A key innovation of LOGISMOS is to transform the surface segmentation problem
into an optimization problem aiming to find a minimum closed set in a node weighed
graph. Let’s denote C' as graph node weight set, in which the cost of each node will
reflect local image characteristics. The minimum closed set problem is to search for
a closed set with the minimum cost. The directional derivative g; along the A-scan

starting from center at each pixel location for each subgraph G; was computed. The
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following cost c¢(k, m) was assigned to each node n(k, m), where k is column index

and m is node index in a column:

(k) = —gi(k,m) if g;(k,m) >0 651)

0 otherwise

The dark-to-bright gradient representing lumen layer was preserved and inverted and
other gradients were set to 0 as maximum cost. Finally, the actual minimum-cost
closed set satisfying two smooth constraints was found by finding minimum-cost s-t
cut in this node weighted graph. Max-flow algorithm with search tree reuse as de-
scribed [3,33] was used to find minimum-cut s-t cut. A resulting lumen segmentation

was shown in Figure 5.3-D.

5.3.3 Multi-layer segmentation

In this step, multi-layer segmentation was implemented by aligning pullback along
real lumen centerlines, flattening all graph columns then based on pre-segmented
lumen surface and solving new LOGISMOS weighted graph at last.

It is known that motion of the artery with respect to the catheter can result
in disruption of the continuity of the pullback. In this case, 3-D connectivity of
adjacent frames centered at catheter would be weakened, which in result would affect
the performance of 3D-based LOGISMOS approach. To solve this problem, pre-
segmented lumen borders were used to obtain the real lumen centerlines to replace
the estimated mass centers. Subsequently, all cross-sectional frames were re-centered
and aligned as shown in Figure 5.5. This lumen-centered alignment brought multiple
benefits: 1) better 3D-connectivity of multi-layers along the pullback was achieved;
2) more intuitive visualization of pullback at longitudinal view was made for following
just-enough-interaction editing; 3) consequential layer thickness was lumen centered

as well so that clinically meaningful results could be obtained easily from segmentation
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[27].

Instead of constructing multi-column graph from centerlines as previously lu-
men segmentation, we created the graph for multi-layer segmentation starting from
pre-segmented lumen surface to provide a more consistent shape for segmentation.
This process was originally termed as flattening [16] because terrain-like lumen sur-
face would be a flat plane in resulting graph. In addition to providing consistent
shape, flattening the volumetric graph made it possible to truncate the original im-
age dramatically in the A-scan direction. If taking into account the limited tissue
penetration depth (about 2.0 mm) of IVOCT light, even more truncation can be
done. In practice, the flattening of graph was performed as starting from 0.2 mm
inside the pre-segmented lumen surface (towards the center) to allow a more ac-
curate re-segmentation of lumen. The truncation was ended at 2.0 mm outside the
pre-segmented lumen surface (away from the center). In the end, the flattening short-
ened the graph search space for multi-layers from 3.5 mm (A-scan depth) to 2.2 mm,
thereby reducing considerably computer memory and computation time required for
LOGISMOS approach. Figure 5.5-C displayed cross-sectional frame and longitudinal
pullback after flattening and truncation with pseudo columns showing the range of
column. Note that the columns in the real graph had more nodes matched with image
resolution.

The surfaces on the flattened and truncated volumetric images at unfolded polar
coordinate were segmented based on the same LOGISMOS framework with some
modifications. 4 sub-graphs G, s = 1,2, 3,4 representing 4 surfaces (lumen, upper
intima, upper media and adventitia) are constructed with A — a and A, smooth
constraints following the same protocol in lumen pre-segmentation. Beside intra- and
inter-column edges within frame and between frames, inter-surface edges connecting
corresponding columns in adjacent constructed graphs G, and G, are added to

enforce the lower-limit (§') and upper-limit (§*) separation constraints (Figure 5.4-
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Figure 5.5: Alignment and flatten based on pre-segmented lumen surface.
(A) Original image at both cross-sectional and longitudinal view. (B) Image with
pre-segmented lumen border (red). (C) Aligned and flattened image based on lumen
border. 3 pseudo columns are presented to demonstrate subsequent graph construc-
tion. In real model, there are more columns and the columns are much denser with
more nodes.



68

C). As the name implies, separation constraints ¢’ and §* indicate the minimum and
maximum distances allowed between two adjacent surfaces.

For node weight, the directional derivative g; along the A-scan at each pixel loca-
tion was still used. Graph node weights for surface 1 and 3 (lumen and upper media)
were set as shown in Equation 5.1 while weights for surface 2 and 4 (upper intima

and adventitia) were set according to:

gi(k,m) if g;(k,m) <0
cik,m = (5.2)

0 otherwise

For multi-layer segmentation, other graph parameters were set as follows:

e A, =4,A, =4 for all surfaces.
e 6/ =2,6" = 10 for between surface 2 and 3 as well as between surface 3 and 4.

e 52 =2, 6% = 50 for between surface 1 and 2 to allow large intima variations due

to intima thickening [2,20].

Those parameters were determined by experimenting on 3 pullbacks, which were
excluded from evaluation datasets. A resulting multi-layer segmentation after finding

minimum-cost s-t cut was shown in Figure 5.6.

5.3.4 Just-enough-interaction refinement
Our Just-enough-interaction (JEI) refinement method utilizes the same graph
structure built in Section 5.3.3. The topology of the underlying graph structure was
preserved during the interactive refinement. The information obtained from user
interactive behavior only affected the graph node weight set [57]. JEI editing an

automatic segmented image involved the following steps:

e identify the segmentation error in cross-sectional view or longitudinal view for

a specific layer (Figure 5.7-A).
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Figure 5.6: Automated IVOCT multi-layer segmentation example.
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e draw a polygon line to roughly locate the potential boundary matching the true
surface (Figure 5.7-B). To create a polygon line, click repeatedly with mouse in

our graphic user interface to create line segments.

e utilize above polygon line to identify the nearest graph columns and nodes;

update corresponding node costs locally for affected columns.
e find the new minimum closed set in the updated weighted node graph.
e refreshing new surfaces visually (Figure 5.7-C).

More specifically, given the line segments from user interaction, the polygon line was
created by connecting all editing points and unfolded into polar coordinate to match
the graph structure. only locations inside the graph coverage were considered. Then,
the polygon line was converted to a set of intersection nodes with graph that defines
the target surface should pass through. Note that only one interaction node can be
generated in each affected column in theory based on LOGISMOS framework. Let’s
denote ¢ (i) as cost of affected column and py as index of interaction nodes, where k
is column index and i is node index within column. Three strategies to update node

costs for affected columns were listed on the order of expected refinement strength:

e Low: apply a step function with range r and magnitude w centered at py along

the column:
‘ w * (1) ifpr—r<i<pe+r
cp(l) = (5.3)
0 otherwise
when w = 1, the original cost profile of nodes within the step range (r = 4) was
preserved while costs of out-of-range nodes were set to 0 (maximum cost value).

The updated column cost would provide a possible range for desired surface to

pass through with priority corresponding to original cost profile.
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Figure 5.7: IVOCT multi-layer segmentation with JEI refinement. (A) Au-
tomated multi-layer segmentation with inaccuracy due to layer-like microstructure
out of adventitia (surface 4). (B) The polygon line (blue) drawn roughly by user to
identify the desired location of surface 3. (C) Resulting surfaces after refinement.
Surface 1,2 and 3 were all corrected simultaneously even though only surface 3 was
specified by user.
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e Medium: apply a Gaussian function with respect to node distance from py

along the column:

 d(i,pg)?

' cp(i) * e 202 if pr, — 1.960 < i < pp + 1.960
c(l) = (5.4)

0 otherwise

where d(i,py) represented the distance from node i to node p, while 0 = 2
represented the locality of function. The updated column cost would provide a
possible range for desired surface to pass through with priority corresponding

to Gaussian-shaped cost profile centered at node py.

e High: apply a peak function centered at p; along the column:

) Cpeak if i = Dk
cp(i) = (5.5)

0 otherwise

where cpeqr represented possible minimum cost value. The updated column
cost would provide the highest possibility for desired surface to pass through

the specified node py.

Note that only affected columns in user specified surface were modified while other
surfaces were kept unchanged. The simultaneous changes for all surfaces during JEI
in Figure 5.7-C were achieved due to inter-surface connections and constraints in
LOGISMOS graph.

By now, the current JEI refinement was limited in single cross-sectional frame
or one longitudinal plane. Considering the similarity between adjacent frames along
pullback and between adjacent columns in the same frame, the JEI refinement range

can be expanded into a 3-D wedge sector (Figure 5.8):

e In cross-sectional JEI editing scenario, current frame with previous and after
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adjacent two frames were formed as the 3-D wedge sector. The corresponding

columns in additional frames would be updated following the same strategy.

e In longitudinal JEI editing scenario, current column with previous and after
adjacent two columns were formed as the 3-D wedge sector. The span degree

of sector was 12°. Cost of new columns would be updated accordingly.
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Figure 5.8: IVOCT JEI refinement influence range. The red line represents the
polygon line derived from user interactive points while the green lines represent ad-
ditional neighboring columns affected in 3-D space for cross-sectional or longitudinal
view.

By adopting above framework, a graphical user interface designed for JEI refine-

ment was built (see Figure 5.9).

5.4 Experimental method
5.4.1 Subject data
3-D intravascular OCT volumes (704 x 704 x 539) in this study were obtained
from commercially available Fourier-Domain OCT system (St. Jude Medical) with C7

Dragonfly IVOCT catheter. Pullback of length ~54mm was generated with motorized



Figure 5.9: Graphical user interface for IVOCT JEI refinement.
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pullback speed of 20mm/sec, 100 frames per second and 54,000 A-scans per second.
Automated simultaneous multi-layer segmentation was performed in 38 IVOCT pull-
backs from 20 HTx patients for a total of ~20,480 frames. Computational time was
recorded for each automated segmentation process. Afterwards, an expert inspected
the automatic segmentation results and corrected segmentation inaccuracy by JEI

refinement of high strength.

5.4.2 Independent standard

lumen surface and intimal/media thickness were evaluated separately on different
datasets. The outermost surface adventitia was not evaluated because: (1) its delin-
eation was too ambiguous at most cases; (2) it may disappear completely as intimal
thickness progressed; (3)it was of less clinical importance in CAV research compared
to intimal and media thickness. Thus, adventitia surface was used as support surface
only to guide other surfaces segmentation.

As for naturally well-defined lumen border, 135 frames from 6 pullbacks (~22
frames per pullback) were selected randomly. 2 experts blind to each other’s criterion
and also blind to automated segmentation results were asked to trace the lumen
border manually.

As for relatively blurred intima/media layers, 394 frames from all 38 pullbacks
(~10 frames per pullback) were selected randomly. Another 2 experts determined
manually the intima thickness (layer thickness between surface 1 and 2) and media
thickness (layer thickness between surface 2 and 3) for each frame. Note that due
to various artifacts like residual blood and guide-wire shadowing, not all layered
structures are visible in each frame. Therefore, the overlapped angular range of
each frame from two experts tracing were identified for later comparison. At least 40
minutes (4 minutes per frame) were devoted to trace intima and media layer manually
for each pullback. Total tracing time for 394 frames from 38 pullbacks was around

25 hours.
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5.4.3 Segmentation accuracy evaluation

The lumen segmentation accuracy was assessed by comparing automatic seg-
mented border to manual traced surface. Both unsigned and signed positioning errors
for each frame was averaged and compared. Dice coefficient of lumen area was also
utilized to reflect the similarity.

To evaluate more dedicate intima/media thickness, more detailed comparison was
performed by extracting continuous points from target surface at one-degree interval
in polar coordinate, resulting 54,312 points from 392 frames. Therefore, point-based
and frame-based intima/media thickness were compared with corresponding indepen-

dent standard.

5.5 Results
Compared to independent standard (Manuall and Manual2), the unsigned and
signed positioning errors of automated lumen border along with lumen area Dice

coefficient was displayed in Table 5.1. Inter-observer variability was listed at last for

comparison.
Table 5.1: IVOCT lumen segmentation evaluation.
Auto. vs. Manuall | Auto. vs. Manual2 | Manuall vs. Manual2
Unsigned error (pum) 29.69 + 18.97 28.49 + 17.78 31.54 + 8.43
Signed error (,um) 13.70 =+ 19.38 -2.22 + 18.61 -15.92 4+ 10.88
Dice coefficient 98.9% £ 0.7% 98.9% 4 0.6% 98.8% 4 0.4%

* All values were presented as mean + standard deviation.

The required time for automated segmentation process of 38 pullbacks including
preprocessing, lumen pre-segmentation, graph flattening and multi-layer segmenta-
tion were 95.70 4+ 13.36 sec. For total of 20,480 frames, the required time per frame

was 0.18 + 0.02 sec. Table 5.2 and Table 5.3 displayed the point-based differences
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intimal and media thickness among automated segmentation, JEI segmentation and
manual tracing. Meanwhile, Table 5.4 and Table 5.5 displayed frame-based differ-

ences.

Table 5.2: Point-based IVOCT segmented intimal thickness accuracy evaluation.

Intimal thickness
Unsigned error (um) | Signed error (um) | Correlation (R?)
Auto. vs. Manuall 27.40+/-40.93 -2.06 +/- 49.21 0.97
JEI vs. Manuall 16.53+/-16.38 0.81+/-23.26 0.99
Auto. vs. Manual2 26.46+/-40.87 -0.474/-48.69 0.97
JEI vs. Manual2 15.314/-15.29 2.39+/-21.50 0.99
Manual2 vs. Manuall 13.424/-12.05 3.914/-17.61 0.99

* All values were presented as mean =+ standard deviation.

Table 5.3: Point-based IVOCT segmented media thickness accuracy evaluation.

Media thickness
Unsigned error (um) | Signed error (um) | Correlation (R?)
Auto. vs. Manuall 23.28+/-19.18 -0.90+4/-30.15 0.97
JEI vs. Manuall 20.52+/-15.91 2.92+/-25.80 0.99
Auto. vs. Manual2 20.82+/-18.37 -4.36+/-27.42 0.97
JEI vs. Manual2 17.84+/-14.61 -0.55+/-23.06 0.99
Manual2 vs. Manuall 16.61+/-14.37 3.48+/-21.69 0.99

* All values were presented as mean =+ standard deviation.

5.6 Discussion and conclusion
The lumen segmentation accuracy was quantified both on a pixel-wise error and
on a regional manner. Unsigned positioning errors and Dice coefficients (Table 5.1) of
our automated lumen segmentation were comparable to both independent standards.

With respect to inter-observer variability, signed errors demonstrated the stability of
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Table 5.4: Frame-based IVOCT segmented intimal thickness accuracy evaluation.

Intima thickness
Unsigned error (um) | Signed error (um) | Correlation (R?)
Auto. vs. Manuall 24.61+/-39.99 -4.68+/-46.74 0.98
JEI vs. Manuall 11.21+/-10.16 0.10+/-15.14 0.99
Auto. vs. Manual2 23.24+4/-38.94 -2.78+/-45.28 0.98
JEI vs. Manual2 9.88+/-9.61 1.99+/13.64 0.99
Manual2 vs. Manuall 7.794/-6.73 3.58+/-9.66 0.99

* All values were presented as mean + standard deviation.

Table 5.5: Frame-based IVOCT segmented media thickness accuracy evaluation.

Media thickness
Unsigned error (um) | Signed error (um) | Correlation (R?)
Auto. vs. Manuall 19.25+4/-15.94 -2.20+/-24.92 0.97
JEI vs. Manuall 16.17+/-11.77 2.56+/-19.85 0.99
Auto. vs. Manual2 18.184/-16.32 -5.34+/-23.86 0.97
JEI vs. Manual2 14.83+/-11.20 -0.58+/-18.58 0.99
Manual2 vs. Manuall 10.374/-7.76 3.16+/-12.57 0.99

" All values were presented as mean + standard deviation.

our lumen segmentation approach. These excellent lumen segmentation results have
laid a good foundation for following multi-layer segmentation.

Table 5.2, Table 5.3 Table 5.4 and Table 5.5 displayed that both automated in-
timal and media segmentation correlated well with independent standards. Visually,
our automated multi-layer segmentation for IVOCT was shown to be robust and
free from disturbance of various artifacts (Figure 5.10). However, multiple factors
including layer-like micro-structure outside adventitia and advanced plaque tissue
would mislead segmentation algorithm as well. That’s the place where JEI refine-
ment should be involved. JEI provided a significantly better improvement for intimal
thickness (p < 0.01) and slightly better improvement for media thickness, making
the final segmentation results even more comparable to independent standards. Note

that the media thickness accuracy was always lower than the intima thickness accu-
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racy, which was expected due to the fact that the visibility of media surface would
be diminished as the CAV disease progressed.

It’s important to mention that at least 40 minutes were required to trace 10 frames
for each pullback. It is unrealistic to expect an expert to trace the whole pullback
of ~539 frames to perform a thickness assessment. Even if the expert finishes the
tracing after devoting more than 30 hours per pullback, it’s not guaranteed that the
tracing accuracy could be maintained with much more frames to trace. In contrast,
only 95.70 + 13.36 sec were required for our automated process to segment the whole
pullback. This was achieved by many efforts including: 1) pre-segmenting lumen to
allow subsequent alignment (which was done in less than 15 seconds), 2) flattening
the graph to narrow down the search range, and 3) adopting relative simple cost
function. Besides, inherent superiority of LOGISMOS framework for simultaneous
multi-layer segmentation problem played an essential role as well. The fast automated
segmentation process was also important in our interactive work-flow, shortening the
user’s waiting time for refinement step.

As for JEI refinement, 2 to 15 minutes per pullback were required depending on
structural complexity of artery wall, which was still superior to fully manual tracing.

The advantages of JEI refinement are summarized as follows:

e JEI provided near-instant response after editing line is drawn by reusing pre-

built graph structure in automation step.

e Editing line is not required to be exactly matched with true border. Rough
matching was allowed due to the dynamic nature of underlying graph, which

offers great conveniences for users considering the subtleness of intima and me-

dia.

e Simultaneous multi-layer editing is feasible even if inaccuracy of only one surface

was specified and fixed, which is another advantage of LOGISMOS framework.
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e Editing is more efficient and resulting surfaces are more likely to be 3-D con-
nected with less discontinuity, both crediting to inherently three-dimensional

implementation of refinement on both cross-sectional and longitudinal views.

To the best of our knowledge, this is first study to report a simultaneous multi-
layer segmentation method for IVOCT images to facilitate accurate layer-specific
quantification of coronary wall thickness after heart transplantation. Evaluated on
38 in vivo pullbacks, our new highly automated method offers performance statis-
tically indistinguishable from that of expert tracing. The proposed approach also
provides a fast and efficient interactive environment with computer-aided just-enough-
interaction refinement to achieve a even more accurate and comprehensive quantifi-
cation of coronary layered structure. This could provide a useful aid for future study
related to coronary allograft vasculopathy and could be easily expanded to other

IVOCT-based coronary researches with some minor modifications.

5.7 Initial translational research studies performed using IVOCT
segmentation
The IVOCT segmentation approach reported above was employed for two prelim-

inary studies of CAV in a heart-transplant population as presented below.

5.7.1 Should we pharmacologically modulate ReninAldosteroneAngiotensin System

(RAAS) to attenuate cardiac allograft vasculopathy? - A prospective study

using highly automated coronary optical coherence tomography segmentation

software in 3D

Introduction: Calcineurin inhibitor (CNI) therapy and graft denervation was

proved to augment RAAS activity after heart transplant (HTx). This neurohormonal
imbalance may have a detrimental effect on cardiac allograft vasculopathy (CAV).

Methods: This is a prospective and observational study consisted of 15 consecu-

tive HTx patients. OCT imaging and aldosterone level measurements were performed
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Figure 5.10: Multi-layer segmentation for IVOCT images with artifact. (A)
Segmentation results for image with residual blood. (B) Segmentation results for
image with shadowing (yellow arrow) caused by tissue adherent to the catheter. (C)
Segmentation results for image with circular reflection (yellow arrow) likely caused
by multiple facets of the catheter.
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in 1st and 12th month after HTx. Our highly automated segmentation software si-
multaneously identifies luminal, intimal, inner-medial, and outer-medial surfaces in
the entire 3D OCT pullback, quantifying location-specific intimal thickening between
two imaging sessions. To overcome the inherent limitation of OCT imaging that is
unable to depict full intimal layer in thick plaques due to insufficient penetration
of the imaging beam, considering that CAV is a diffuse process, intimal thickening
was measured within a 90 angular sector surrounding the location of minimal intimal
thickness in each OCT frame. This measure of intimal thickness around the minimal
thickness served as a surrogate intimal thickness (SIT) for progression assessment.

Results: A total number of 16115 corresponding frames from 15 paired 1-month
and 12-month pullbacks [LAD (n=12), RCx (2), RCA (1)] were grouped into 276 3-
mm segments for assessment of intimal thickness changes. We have identified a mean
per-segment-change of SIT as 24.4 + 5.2m. Strong correlation was found between high
levels of aldosterone 1 month after HT'x and SIT-determined progression of intimal
thickness (R=0.62, p=0.014) as shown in Figure 5.11.

Conclusion: Using our 3D quantitative assessment of OCT intimal thickness
changes, high levels of aldosterone 1 month after HTx strongly correlated with SIT
increase, which represents the overall level of intimal thickness progression. Further

evaluation of RAAS role in CAV development is warranted.

5.7.2 Increased heart rate after heart transplant is not associated with early
progression of cardiac allograft vasculopathy (CAV) A prospective study
using highly automatic coronary optical coherence tomography segmentation
software in 3D
Introduction: Previous experimental and clinical data suggested that sustained
elevation of heart rate may contribute to the pathogenesis of vascular disease. A hy-
pothesis was formed that sinus tachycardia in heart transplant (HTx) patients result-

ing from cardiac denervation may be one of the contributing factors for development
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Figure 5.11: Correlation between aldosterone and intimal thickening.
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of CAV. However, contradictory data exist in the HTx population.

Methods: In a prospective, observational, multi-centre study consisting of 33
consecutive patients who underwent HTx between 2014-2015 in IKEM Prague and
St. Anna hospital in Brno, Czech Republic. OCT imaging and 24 hour ECG Holter
monitoring was performed in 1st and 12th months after HTx. Highly automated
in-house developed segmentation software allowed quantitative analysis of intimal
thickening in the entire 3D pullback. To overcome the inherent limitation of OCT
imaging that is unable to depict full intimal layer in thick plaques due to insufficient
penetration of the imaging beam and utilizing the assumption that CAV is a diffuse
process, intimal thickening was measured within a 90 angular sector surrounding the
location of minimal intimal thickness in each OCT frame. This measure of intimal
thickness around the minimal thickness served as a surrogate intimal thickness (SIT)
for progression assessment.

Results: A total number of 28448 corresponding frames from paired 1-month
and 12-month pullbacks [LAD (n=25), RCx (5), RCA (3)] were grouped into 501
3-mm segments for progression of SIT. Mean change of the per-segment SIT was
23.7£21.1m. Mean heart rate was 80.3+8.6 min-1 in the 1st month after HTx,
84.2410.6 min~! in the 12th month with the average heart rate in both periods
of 82.248.0 min~!. No correlation between heart rate and progression of intimal
thickness within 12 months after HTx was found in either of the groups (R=0.14,
p=0.45 in month 1, R=-0.18, p=0.33 in month 12; R= -0.04, p=0.81 for averaged
heart rate).

Conclusion: Our results based on accurate fully 3D analysis of intimal thickness
changes do not support the hypothesis that high heart rate is contributing to early
development of CAV. This finding may impact the use of beta blockers in HTx patients

and preferably administer them to those with hypertension and/or arrhythmia.
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5.7.3 Summary
Based on our automated and interactive IVOCT segmentation environment, the
correlation between high levels of aldosterone 1 month after HTx strongly and SIT
progression, and the correlation between 1-month and 12-month heart rate and SIT
progression were evaluated. The results provided some insights to diagnosis and
treatment of CAV disease. With more patients and clinical information involved,
more comprehensive researches of clinical significance can be expected in the near

future.
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CHAPTER 6
CONCLUSION AND FUTURE DIRECTIONS

6.1 Conclusions

When talking about coronary atherosclerosis, indirect IVUS-VH-derived TCFA
is one of most widely used concepts to identify the potential risk factors of plaque
rupture. But no compelling evidence has ever been provided for the definition and the
determination has been shown to have a markedly higher inter-observer variability.
To address this issue, 105 novel and comprehensive variations of IVUS-VH-derived
TCFA was designed and evaluated in Chapter 2 (Aim 1). As a result, the overesti-
mated prevalence of IVUS-VH-derived TCFA was proved. That’s not the first report
questioning the credibility of IVUS-VH-derived TCFA. However, to our knowledge,
this is the first study to use computational analysis to explore the possibility of a
better TCFA definition. Additionally, no previous in vivo study that has investigated
the association between ruptured cavity and plaque components in a novel layered
analysis.

In Chapter 3 (Aim 2.1), we reached a comprehensive understanding of real dy-
namic nature of remodeling under lipid-lowering treatment. With the help of auto-
mated segmentation and registration, we resolved some major limitations of previous

studies:

e Patient-based and continuous segmental-based assessment was performed in-

stead of discrete frame-based or lesion-based.

e Serial and dynamic development of remodeling was quantified instead of static

changes with indirect quantitative indices.
e Both changing direction and changing magnitude of remodeling were considered.

As far as we know, there is no other study with the same scale of comprehensiveness.

In Chapter 4 (Aim 2.2), pathological intimal thickening, which previously was
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considered innocent and was buried in oblivion most of the time, was observed as
the most active plaque phenotype in terms of plaque composition changes and plaque
vulnerability progression. Beside inherent comprehensiveness of this study, the obser-
vation itself has certain innovation and can serve as an important reference to predict
future plaque rupture.

The LOGISMOS framework is a powerful approach and has been previously ap-
plied to a number of medical image segmentation problems. However, the difficulties
of IVOCT segmentation of subtle multiple layers made it quite challenging to design a
fully automated LOGISMOS framework working on all occasions. Therefore, as a nec-
essary and beneficial supplement to original LOGISMOS framework, computer-aided
just-enough-interaction refinement was implemented to help achieve fully satisfac-
tory 3-D segmentation of IVOCT images in Chapter 5 (Aim 3). We believe this is
first work that provides a fast, efficient and accurate solution for IVOCT multi-layer
assessment in the context of CAV disease.

The methodology and framework designed in this thesis have a few potential

applications and future directions:

6.2 Future image analysis direction

Fluid dynamics analysis of blood flow. With segmentation of IVUS, fusion of
IVUS and angiography and modeling of side branches, the 3-D luminal reconstruction
can be achieved and then used to analyze the blood flow profiling due to changes of
coronary artery geometry, thereby identifying risk factors for progression of coronary
disease.

Coronary TCFA segmentation based on IVOCT and comparison with
IVUS. Current JEI work-flow in Chapter 5 can be easily expanded with some minor
modifications to segmentation of IVOCT coronary TCFA, which can be visualized
directly due to the high resolution of IVOCT. Currently, TCFA ground truth is only

available through ex-vivo examination of cadaver heart. With the in vivo TCFA
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identified in IVOCT, the study in Chapter 2 can also be continued to generate the
best IVUS-VH-derived TCFA criterion matching IVOCT-derived TCFA.

Serial IVOCT registration and different modalities registration. With
baseline and followup IVOCT datasets for CAV disease, the quantification of inti-
mal thickness progression requires serial registration between baseline and followup
IVOCT pullback. For same patient, if both IVOCT and IVUS images are required one
after another, the registration between IVOCT and IVUS pullback could be possible
as well. The potential difficulty is that images of two modalities may be at different
heart phases, leading to different luminal shape. Ungated IVOCT pullback vs. gated
IVUS pullback could be another obstacle.

Automated identification of IVOCT visible angles. Recall that not all of
IVOCT layers at 360 degrees are visible due to multiple artifacts. In this cases, accu-
rate assessment of layered thickness should be based on visible range only. Thus, the
automated identification of circular visibility for each frame is required. Classification
based on the context features could be utilized. Emerging deep learning technique is

also a possible solution.

6.3 Future clinical application direction

Serial studies related to specific disease and clinical events. Baseline and
followup datasets of IVUS-VH images can also be analyzed and correlated to specific
disease like diabetes. The results could provide useful guidance and predictive power
to diagnose future disease. Moreover, if more followup datasets with major adverse
cardiac events can be collected, the association between plaque serial changes of
morphology and clinical events could also be assessed.

CAV disease studies utilizing quantitative assessment of intimal and
media thickness. By utilizing quantitative assessment of intimal and media thick-
ness obtained from our IVOCT JEI work-flow, a number of clinical analysis for CAV

disease can be done. For example, the donor hearts before transplantation can be
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evaluated by looking to intimal and media thickness along with presence of plaque;
predictors of CAV progression in baseline and follow-up paired datasets could be
determined by correlating biomarkers and demographic information to intimal pro-
gression; time series forecasting can be modeled to predict future intimal thickness

value based on previously observed value.
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