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SUMMARY

Medical imagery is increasingly evolving towards highesateition and throughput.
The increasing volume of data and the usage of multiple atehafovel imaging modal-
ities necessitates the use of mathematical and compughtechniques for quicker, more
accurate and more robust analysis of medical imagery. This ef computer vision and
machine learning provide a rich set of techniques that aeéulisy medical image analysis,
in tasks ranging from segmentation to classi cation andipation analysis, notably by
integrating thequalitative knowledge of experts in anatomy and the pathologies of vari-
ous disorders and making it applicable to the analysis ofica¢dnagery going forward.
The object of the proposed research is exactly to exploiewsuicomputer vision and ma-
chine learning methods with a view to the improved analySmualtiple modalities of brain
and cardiac imagery, towards enabling the clinical goalstoflying schizophrenia, brain
tumors (meningiomas and gliomas in particular) and carBoular disorders.

In the rst project, a framework is proposed for the segméotaof tubular, branched
anatomical structures, notably neural ber bundles and8lgessels. A tubular shape
model is proposed and the corresponding analytical teciesigerived for its application
in segmentation. Also, a novel branch detection algoritemroposed for the automatic
detection of branches in the structure being segmentedtrengroposed framework is
successfully applied to the segmentation of neural berddes and blood vessels.

In the second project, a population analysis framework ik baing the shape model
proposed as part of the rst project. This framework is sisstelly applied to the analysis
of neural ber bundles towards the detection and understandf schizophrenia. Alter-
nate co-registration techniques are explored for the hebes bundles, and a detailed

discussion of the applicability and generalization of thgults is presented.

XV



In the third and nal project, the use of mass spectrometrggmg for the analysis of
brain tumors is motivated on two fronts - towards the of inassi cation analysis of the
data, and the end application of intraoperative detectiammor boundaries. SVMs are
applied for the classi cation of gliomas into one of four egbries towards application in
building appropriate treatment plans, and multiple stiaaé measures are studied with a
view to feature extraction (or biomarker detection). Thelpem of intraoperative tumor
boundary detection is formulated as a detection of localmmarof the spatial map of tumor
cell concentration which in turn is modeled as a functiorhefiinass spectra, via regression

techniques.

XV



0.1 Roadmap

In Chapter 1, we introduce the elds of computer vision anddimal imaging that this
thesis falls under and discuss the speci ¢ research probteat are addressed in the scope
of this thesis. We brie y discuss the challenges in thesas@nd then summarize the
contributions of this thesis.

In Chapter 2, we present a detailed discussion of the rstaesh problem i.e., the seg-
mentation of tubular anatomical structures. The motivgtaodiscussion on prior work in
this area, as well as the mathematical and implementati@isief the proposed segmen-
tation framework are presented in this chapter along wighabrresponding results for the
applications of neural ber bundle and cardiac vessel segat®n.

In Chapter 3, the details of the population study framewb#sgd on the tubular surface
model from Chapter 2) are presented. The mathematical framkeis presented and the
results and ndings from the population study are presemigd a discussion of the same.

In Chapter 4, the work in the area of Mass Spectrometry Ingagimalysis is discussed.
First, the classi cation framework for MSI analysis is peeged and the use of statistical
measures for biomarker detection is motivated, along witlisaussion of the results ob-
tained. Next, the proposed framework for tumor boundargct&in is presented, with a
detailed discussion of the mathematics for the RVM-basgdkession, the results, and a
short preview of the problems to be addressed in future wanlatds establishing a com-
plete intraoperative tumor boundary detection framework.

Finally, in Chapter 5, we conclude with some remarks for fettesearch directions on

each of these fronts.



CHAPTER |

INTRODUCTION

In this chapter, the elds of computer vision and machinenazy are introduced with
speci ¢ focus on the analysis of medical imagery of the biamd cardiac regions, and the

contributions of this thesis are summarized.

1.1 Overview

Computer vision is a subset of the eld of Arti cial Intellignce. It aims to imitate hu-
man vision via computers towards the goal of automatic d&tisiaking in such varying
elds as industrial automation, medical image analysis amidary tracking [39]. Machine
learning is a related eld of research which is aimed at asialg large amounts of data to-
wards extracting complex patterns from the same. Both tledde of research nd great
application in the analysis of medical imagery, since witd &dvances in medical image
acquisition techniques, not only have the resolution arfidrination captured improved
tremendously but also the amount and complexity of the deleetanalysed has increased
thereby neccessitating the development of better algosttinat can meaningfully analyse
this data. In line with this, brain and cardiac image acquisihave progressed tremen-
dously in recent years notably with the advent of Diffusideighted Magnetic Resonance
Imaging (DWI) for studying white matter (WM) properties ihe brain and Computer
Tomographic Angiography (CTA) for studying the structuffetlte heart and vasculature.
While both these modalities yield greater resolution thesvipusly available techniques,
their usage presents new challenges by way of the large tbe amaging data sets, the
insuf ciency of intensity information for separating outrgctures of interest and the ab-
sence of adequate ground truth to train detection algostith. A third imaging modality

that has captured tremendous interest is Mass Spectromedging. Classically used for



the analysis of the chemical composition of samples, Masst8gmetry is gaining interest
as a method of medical imaging wherein the data represetfismmghemical composition
of a medical sample is treated as an image and methods forutempsion and machine
learning are applied to the analysis of this data. This mtdpiesents various challenges
in data analysis such as the large size of the data for eagblsgont most signi cantly the
fact that the interpretation of this data as imagery is adgetg de ned.

The research performed in the scope of this thesis focusdeaimng with each of these
three kinds of imagery towards the goals of detection ofmies such as schizophrenia,
atheroclerosis and brain tumors (particularly gliomask pvopose a novel segmentation
framework for tubular anatomical structures, especialhthe neural ber bundle segmen-
tation from brain DWI and vessel segmentation from cardi®é Gata. This leads to an el-
egant population analysis framework that uses this nogghsatation framework towards
disorder detection and characterization in brain DWI dataj acts as a bridge between
our contributions to computer vision (image segmentateomj machine learning (group
studies in schizophrenia) by combining concepts from batlls. Finally, we address the
analysis of Mass Spectrometric Imaging and motivate théiggipn of machine learning
techniques to the same, towards the end-goal of integratags spectromety imaging as

an intraoperative medical imaging modality.



CHAPTER Il

TUBULAR TREE SEGMENTATION FRAMEWORK

2.1 Motivation

In this chapter, we propose a novel segmentation framewukjvated initially by the
problem of segmenting neural ber bundles from DiffusioreMyhted Magnetic Resonance
Imagery (DW-MRI or DWI). Neural ber bundles are challengito segment owing to the
noisy nature of DWI data, and the absence of expert agreeareground truth on the
boundaries of these structures. We begin by observing thatah ber bundles display
a tubular geometry with relative uniformity around a ceriee. We therefore propose
a Tubular Surface model where each structure of interest @ neural ber bundle) is
represented as a tubular surface in 3D space, and we fuehelagph some key relationships
that allow us to achieve computational ef ciency and furtle&tend the framework into
other applications such as group studies (which is discLssgreater detail in Chapter
3). Further, we observe that the tubular surface assumjgi@bso applicable to other
structures such as blood vessels and develop the requitedssons to the framework for
this application.

In this chapter, we present the complete methodology, tbkegsaund math and deriva-
tions, the implementation details and the experiments esults obtained for the two target
applications of ber bundle segmentation from brain DWIlaand blood vessel segmenta-
tion from cardiac Computer-Tomography Angiography (CTA}ta Note that this frame-
work was inspired by prior work building the level set segitag¢ion framework based on
the Finsler tractography work of [61], to extract structucd interest from imagery in ori-
ented domains (or vector-valued imagery). A short summaéihat work is presented in

Appendix B.



2.2 Anatomical structures of interest and prior work

The proposed framework can be applied to extract any tulbmarched structure from ei-
ther scalar or vector-valued imagery. In this work, we foonsegmenting two anatomical
structures - the Cingulum Bundle (CB), which is of potentrdérest in the diagnosis of
schizophrenia, and the human vasculature, which is ofestdor studying cardiovascular
disorders such as atherosclerosis. The subsequent sedisnuss the physical descrip-
tion and anatomical signi cance of these structures as alprior work in the areas of
segmenting the respective structures. While it is outdigestope of this speci ¢ work to

discuss other neural ber bundles in detail, for the purpos#iustrating the framework's

usability, we demonstrate that the proposed framework @tgdies successfully to the ex-
ternal and internal capsules. For further information dabtbese and other neural ber

bundles, interested readers are referred to [78].
2.2.1 The Cingulum Bundle

The Cingulum Bundle is a 5-7 mm in diameter ber bundle thaérmonnects all parts of
the limbic system. It originates within the white matter (VWi the temporal pole, and runs
posterior and superior into the parietal lobe, then turaenfng a “ring-like belt” around
the corpus callosum, into the frontal lobe, terminatingeaiot and inferior to the genu of
the corpus callosum in the orbital-frontal cortex [78]. ¢insists of long, association bers
that directly connect temporal and frontal lobes, as wedlramter bers radiating into their
own gyri.

It is athin, highly curvedstructure that consists of a collection of neural bers, @i
are mostly disjoint, possibly intersecting, roughly akgihand centered around a ber. The
collection of bers approximately forms a tube-like struot. Because of its involvementin
executive control and emotional processing, the CB has ineestigated in several clinical
studies, including studies of depression and schizoparditie CB and other ber bundles

can be imaged through a modality called diffusion weightedynetic resonance imaging



(DW-MRI). This is an image in which each voxel consists of Hemion of numbers that
can be used to determine the amount of diffusion of water rfoua directions. A tensor
at each voxel can be associated with the collection of nusplaed such an image is called
a diffusion tensor magnetic resonance image (DT-MRI). iBrev/studies of schizophrenia
using DT-MRI demonstrated decrease of FA in anterior pathefcingulum bundle [45,
90], at the same time pointing to the technical limitatioestricting these investigations
from following the entire ber.

The diffusion pattern in the CB varies in orientation andsatriopy smoothly along
the structure, and it has a distinct diffusion pattern fraimreunding areas of the brain
(see Fig. 3 for a sagittal slice of the CB). The CB is challeggio segment because of
inhomogeneity of its diffusion pattemiobally and the noisy nature of DW-MRI makes it
dif cult to detect edges separating the CB from the rest efithage.

There has been much research in detecting and characteneural connections be-
tween brain structures in DW-MRI. Early methods for detegtibers, i.e.,tractography
are based on streamlines where the ber path is construgteidilowing the direction
of the principal eigenvector of diffusion tensors from aitial seed point, e.g., [67, 19].
These methods have been shown to perform poorly in noisgtsis and they often termi-
nate prematurely before the ber ending. To alleviate thesdblems, a number of works,
e.g.,[74, 73, 32, 47, 1, 101, 18], construct an optimal patiwben a starting and ending
seed. The procedure is repeated to detect all bers of a leundl

In this work, we segment the entire ber bundle as a voluneategion enclosed by a
surface. Itis typically dif cult to segment the CB using stiard active surface techniques,
e.g. [98, 99], adapted to DW-MRI, since the DW-MRI of the bra extremely noisy and
contains many local features that could trap the activeaserfn unlikely con gurations.
Standard region-based techniques adapted to DW-MRI or [XT;ELg. [46], are generally
not applicable to the segmentation of the CB since the stsisf the DW-MRI inside

the CB cannot be described by a fglobal parameters (e.g. mean). The Mumford-Shah



energy extended to DT-MRI, [92], which assumes piecewiseatmimage data inside the
surface, is applicable to the CB. However, the assumptismaiothness outside the surface
is not valid because of many different structures outsi@éeltfain with varying diffusion
patterns. In [4], the authors perform segmentation of theb@Breating the problem as a
voxel classi cation problem. An energy is formulated thetaximum when the estimated
probability distributions of the classes are maximallya@ped (in the sense of entropy).
The method, as the Mumford-Shah approach, assumes twibdigin classes one for the
foreground (the CB) and one for the background, which is samtdal and hence not well
described by a Gaussian distribution as done in the workichgtthat standard region-
based techniques are not applicable to the CB, an edge-batied surface method for
segmenting the CB is considered by [62]. However, the methsdnsitive to the noise in
the DW-MRI. The work of Melonakos et al [63] designs an enesgywolumetric regions
that incorporates “local region-based” information andrpfavoring regions that are
close to an initially detected center-line curve. Howetleg,energy is highly dependent on
the correct placement of the detected center-line, whiaften not exactly in the center
of the CB. The work in [29] follows a template-based approbglaligning a deformable
ber-bundle model to the subject tensor eld, which has sigant improvements over

tracking individual bers.
2.2.2 Blood Vessels in Cardiac Imagery

Blood vessel extraction from imagery is vital to surgicatuphing and the diagnosis of
cardio-vascular disorders such as atherosclerosis. Tdrergeveral techniques based on
deformable models for vessel extraction; however, they tiavitations that we attempt to
address in this work. In [56], the authors evolve a three disienal (3D) curve to align it
to the boundary of vessels determined by image edges; thHeohenly provides a single
curve in the vessel not the entire volumetric region. In [&8]ux-maximizing ow on

curves/surfaces is constructed to align the curve/suriacmal along the gradient direction



of the image. To take into account the geometrical shape efsael, the authors of [68]
construct a geometric shape prior to favor vessel-likecstmes and combine it with image
region statistics to deform the curve/surface to captueevessel. In [60], a method based
on image histogram information is used to deform an initedsel tree that was obtained
by registration of the image to a pre-segmented referenag@nThe methods [88, 68, 60]
do not explicitly model the tubular nature of the vessel§d)¢ detected. Therefore in [50],
the authors model vessels as the envelope of a collectiopheirss, thus having a explicit
tube-like model for the vessel. The segmentation is peréarinased on a minimal path
technique [17]. The centerline is detected without any talthkl effort in comparison to
methods which process the segmentation to obtain a cer@ddig. [10]). The drawback
of the method of [50] is that it requires that the user inptis éndpoints of the vessel
branch. There has also been work on modeling vessels as ar@ioh of a center-line
and a chosen cross-sectional shape ([8, 71, 52]). In [3@ ;¢nter-line is modeled as a 1-D
B-spline curve and a 3D surface evolution approach is engaloy t the vessel wall along
the curve. Similarly, [66] uses a 3D active surface to motelvessel branch, with axial
constraints applied, and [87] puts forth a level set-baggdaach with an initial centerline.
[48] provides an excellent review of lumen segmentationhoés which combine models
of vessel appearance and geometry with image features.

Amongst the reviewed methods, we note the methods that Etedeo the proposed
method in their use of intensity information and/or incaigdmn of shape (tubularity).
These include the use of statistical distributions for niiodethe intensity range of tis-
sues of interest ([30, 2]), coupled appearance models tmabme information about the
intensity distributions of the tissue of interest and thelgmound ([59, 95]), geometric
models such as surface models of tubularity ([31]) and nsdietenter-line and crosssec-
tion ([70, 52]).

The above works are of two forms: 1) vessels are representadgeneral deformable

surface allowing one to capture in particular tree-likesedsstructures or 2) branches of



the vessel are modeled by parametric cylinder-like tubée. former has the disadvantage
of having many degrees of freedom that the approach is stisteep undesirable local
minima and is computationally costly while the latter is retible enough in that it cannot

explicitly deal with branching of the tubular structure éspcally, the blood vessel).
2.2.3 Novelty of the Proposed Framework

In this work, we model the CB as a tubular surface and bloodelesas tubular trees. A
tubular surface is represented as being completely de iyeddenter-line and an associated
radius function at every point of the center-line (see Fegdy). Since the tubular surfaces
that we consider are determined by this combination of aerdimte in 3D space and a
corresponding scalar radius function, the extraction |gnmbcan be reduced to optimizing
an energy de ned on 4D curves, whislgni cantly reduces the computational cost of the
optimization procedure when compared to an unconstrairefdrchable surfaceA bene-
t of our approach is that the center-line is automaticallyt@ined through the extraction
process. This provides a skeleton of the vessel tree, whiththtes y-through visualiza-
tion to gauge plaque deposits and stenosis in the vessebmt®ur method was inspired
by the work of [50] in which the authors model vessels as taibrg¢gions formed by the
union of spheres along a center-line. Energies are constiwn 4D curves that represent
tubes, and these energies are globally minimized using themal path technique [17].
The energies we construct cannot be optimized using thenmairpath technique since our
energies are directionally dependent - they depend on tkii@o of the 4D curve and
its tangent Moreover, for the energies that we consider, we are notasted in a global
minimum but rather certain local minima.

The advantage of our approach over existing methods in blesdel extraction is a
model of the vessel tree that is general enough to captune emissel trees while having
much fewer degrees of freedom than a general deformablacgudlleviating suscepti-

bility to undesirable local minima and keeping the compaotal cost low. We do this



by proposing a tubular tree model and a corresponding autorbeanch detection and
evolution method that can be initialized by as few as a sisgkd point. Other methods
[56, 66, 31, 50] that use tube-like representations for #&sel can either deal with only
a single branch or in order to capture multiple branches efviisssel tree, multiple seed
points or initial regions for each individual branch mustdi®sen. Further, there is no
guarantee that several of the tubes representing branghtteeatter approach will not
overlap in con gurations that are unrealistic for vesseks. Finally, while branch detec-
tion (in the blood vessel tree) has previously been adddeasea problem in itself (e.g.
[102],[91]), it is dealt with as a problem that follows thengplete segmentation of the

surface or the skeletonization of the structure of interest

2.3 Methodology
2.3.1 Tubular Surface Model

We model a tubular surface as being determined by a centethit is an open curve in
R3, and a radius function de ned at each point of this centeg-li Given an open curve
c:[0;1]! RS, the center line, and a function: [0;1]! R*, the radius function, we can
de ne the tubular surface§ : St [0;1]! R3(Stis[0;2 ]with endpoints identi ed) as
follows:

S(;u) = c(u)+ r(u)[ny(u)cos + ny(u)sin ] 1)
whereny;n, : [0;1] ! R® are normals to the curvede ned to be orthonormal, smooth,
and such that the dot produat$u) n;(u) vanish. See Figure 1 for an illustration of a
tubular surface. The tubular surface is represented aslectioh of circles each lying in
the plane perpendicular to the center line. Note that thiaseiin (1) may thus be identi ed

with a 4D space curves: [0;1]! R*

e(u) = (c(u);r(u)’: (2)

This representation of a surface as a space curve has theadtiadvantage of signif-

icantly reducing the computational complexity of our aitfum.
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Figure 1: lllustration of proposed Tubular Surface model

2.3.2 De ning Energies for Segmentation

We now de ne a general class of energy functionals on theesp&édD curves - as in Equa-
tion (2) - whose optimum represents the structure of interes, the CB from brain DWI,
or the blood vessel from cardiac CTA imagery. Note that whikederive the expressions
with respect to the structure of DWI data (i.e, imagery in aertted domain), the scalar
CTA imagery can be thought of as a special case of imagery ioriented domain with
only one sampling direction.

LetS> R? denote the unit sphere, which represents the set of all iplesangular
acquisition directions of the scanning device for DWI. llet R® S2 ! R* be the
diffusion image. We are interested in weighted length fiomals on 4D curves as energy
functionals of interest. Indeed, let R* S2! R* (( x;r;v) 2 R*) be a weighting

function, which we call th@otentialto be chosen, and de ne the energy as

Z
E@=  (~d9); %)ds? e=(cir) 3)

whereds = je{u)jdu = P (r9u))? + jcYu)j?duis the arclength measure of the 4D curve,

andc¥s)5jcYs)j is the unit tangent te, the center line. When (3) is minimized, the term
ds penalizes the non-smoothness of the center line and thesradiction. The energy (3)
is related to the length of a curve in a Finsler manifold [76, G1].

For segmenting the CB, the goal is to chooseo that the energy is optimized byea

which determines a surface enclosing the diffusion pattéthe CB in the DW-MRI of the

11



brain. The diffusion pattern in the cingulum varies in otegion and anisotropy across the
length of the bundle, although beitarally similar, and that pattern differs from the pattern
immediately outside the CB. This fact precludes the useaafitional region-based tech-
niques adapted to DT-MRI since these techniques assumedam@aous statistics within
the entire region enclosed by the surface, whereas we will assume henedty within
local regions. The idea is to chooseat a particular coordinatéx; r; p) to incorporate
statistics of the DT-MRIlocal to the disc determined bi; r; p) rather than using statistics
global to the entire structure as in traditional region loasethods.

Along similar lines, for vessel segmentation, the weightinnction, , is chosen to
maximize the difference in mean intensities inside andidatdhe discs centered along the
center-line [65]. Notice that here again, the statisticpleyed are not global to the entire
structure but rather local to the discs determined>yy; p).

In Section 2.3.4, we give examples of potentials that camiy@@yed for the segmen-

tation of the Cingulum Bundle and blood vessels, respdgtive
2.3.3 Energy Optimization

In this section, we construct a steepest descent ow to migenthe energy of interest
(3). A steepest descent is considered since we are not Rebggsterested in the global
maximizer or minimizer; indeed, the energy correspondm{l®) does not have a global
maximizer. We begin with a tubular surface initializatiar.j an initial 4D curve, and
follow the gradient (or its opposite depending on whethemaat to maximize or minimize

the energy under consideration).
2.3.3.1 Gradient Descent: Fixed Endpoints

The standard technique for calculating the gradient of agynde ned on curves, which
is based on a geometrizéd metric on the space of curves, cannot be applied to our energy
of interest. This is because of the fact that when minimiZB)gusingL?, must satisfy

a certain positivity condition (see [61]) that we cannot igudee for our choices of
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otherwise the gradient descent is ill-posed. Moreover,whaximizing (3), we are indeed
maximizing a weighted length, which with respect to the dtad geometrized ? curve
metric, leads to amnstable reverse diffusionAs shown in [82], such weighted length
functionals may be optimized insgablemanner by moving in the gradient direction of the

energy (3) with respect togeometrized Sobolev metric

De nition Lete: [0;1]! R* be such tha¢(0); &1) are xed. Leth;k : [0;1]! R*be

perturbations o&then
z

h(s) k(s)ds; (4)
Z(i-

hs) k%s)ds; (5)
€

1
hh; lez =T
hh; kiSO =L

b

whereL is the length of of the curve, dsis arclength element & and the derivatives are

with respect to the arclength paramesger

It can be shown that the gradient of (3) with respect to theo&slmetric above is

/\p+
I saE(©= K( )+ @K (7 T (A7 + ~o) ©
where
Z\
K(f) := K(;9)f (s)ds; (7)
08
52(1 2) 0 & s
K(s,;,8) = %g - ) . (8)

|—|,ﬂ’

1 ) 51 s L

» IS the partial derivative of the energy functionwith respect to the positiop, and
» is the partial derivative with respect to orientatierfwith “v denoting the projection
of this 4D vector down to the 3D space in which the tubularatefresides).

The detailed derivation of these expressions is given irAfhendix A.1.
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This expression has the additional numerical advantageth rst order derivatives
are required in comparison to the standardgradient, which needs second order infor-
mation, and which cannot be used anyway since it results imnstable ow. Note that
as stated in [82], the expression (6) may be computed eftlyign order N complexity,

whereN is the number of sample points of the curve.
2.3.3.2 Evolving Endpoints

In the previous subsection, we derived a gradient descentfar (3) provided the end-
points of the 4D curve (i.e., the end cross sections of the)take xed. We now describe
how to evolve the endpoints so as to reduce the energy. Thiseful for some choices
of in (3), for example, , de ned in (14), and more importantly in applications such as
vessel segmentation where the endpoints of the structunéesést are not knowapriori.

To determine the evolution of the endpoints, we compute #r@aton with respect to the

endpoints. This results in

S ; >
N
&(0) = v 1+ Ji’] ~Cs; 9)
S
A Is 2
1 = 1+ — ,
&(1) v i) ~Cs

which will minimize/maximize the energy (depending on tihgnschosen above). There-
fore, the algorithm to reduce the energy is to alternatiwsiglve the 4D curve by (6) and

the endpoints by (9).
2.3.4 Examples of Potentials for Segmentation,

In this section, we give two choices of that are meaningful for extracting the CB from
brain DWI, both based olocal region-based statistics and a usable expression for vessel
segmentation which separates the local region statistidssaussed in Section 2.3.2.

The rst potential ; (for CB segmentation) at a coordingter;v) 2 R® R* Sis
constructed so as to be small whenthean diffusion pro lanside the discD (x; r; v), dif-

fers greatly from the mean diffusion pro le inside the anaudegion D (x; r;v )nD(X;r;Vv)
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where > 1, outsideD (x;r; p). This is given by the following expressions:

1
V) = 10
1(I3 ) 1+k D (p;v) D((p;r );V)nD(IE?;V)k2 ( )
where the 's are the means:
1 Z
p(ew) () = 2 I (x; 9) dA(x) (11)
D (p;v)
D((p;r );v)nD (p;v) (0) = .
1

—_— I (x; ) dA(X): (12)
( 2 1)r2 D((p;r );v)nD (piv)

Here dA is the area element arkd Kk is a suitable norm on functions of the fofmt S? !

R*, e.q., ~

kf, fok?= if1(v) 1‘2(v)j2 dS(v); (13)
2

where dS is the surface area element. The energy corresponding te minimized

The second potential is chosen such that the corresponderg\eis related to a weighted

surface area:
Z 2
2 np)=T (x+rp?()d; (14)
0

andp’( )= nycos + n,sin

whereny; n, are orthonormal vectors perpendiculargoand : R®! R* is large near

the boundary of differing diffusion regions, e.g.,

Z
1

- jB(X; R)J B (x;R)

HereB (x; R) is the ball centered at of chosen radiu®, jB (x; R)j denotes the volume,

(x) KI(y;)  sry()Kdy: (15)

and the norm is de ned as in (13). Here, we are interestedarimizinghe corresponding
energy. The objective is to initialize the tubular surfacgide the CB, and increase surface

area until the surface reaches the boundary of differinfysibn patterns.
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For the application of blood vessel segmentation, where imet@a maximize the dif-
ference in mean intensities inside and outside the disde@halong the center-line, the

energy function for vessel segmentation is given as:

(PV)= b D((p; T );v)nD (p;v) - (16)

As above the 's are the means:

z
L

=2 | (x) dA(X) (17)
pv

D (pv) (0) =

D((p;r );v)nD (p;v) () =
1 Z

7( D2 o yemdom) I (x)dA(x): (18)
In the latter expressiomA is the area element andx) 2 R™ is the image intensity
at a given positiorx. Notice that the energy (to be maximized) usesal region-based
statistics to separate the tube's interior and exterioramparison to traditional region-
based approaches which separate the global mean intenisgide and outside the surface
(e.g. [13]). Itis thus suited to vessel structures wherdrttage intensity varies smoothly

along a vessel (but is not necessarily constant). Note hésdeépendence of on¥, which

is the orientation of the disk.
2.3.5 Initialization Methodology

In this work, we have adopted a variational approach forroging the energies used
to segment the CB and blood vessels. Since the approactsyaeldcal minimum (or
maximum) the performance of the proposed framework is §gago the initialization, of
both the center-line and the cross-sectional radius ofithelar surface. In segmenting the
blood vessel tree, it is not viable to know the end points chdarancha priori and hence
we only apply the Moving Endpoints implementation to bloassel segmentation. In

segmenting the CB, since the ber bundle is made up of distbers, the task of selecting
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a center-line for initialization is analogous to the tragtphy problem and we can use both
implementations.

In our experiments with the Fixed Endpoints implementataynber bundle segmenta-
tion, we use the Finsler tractography approach of [62, 766TH which given a seed region
and a target region, constructs an optimal connection ofrithe&er manifold between the
two regions, using an optimal measure of connectivity basethe Finsler metric. We use
this method since while in data with only 6 gradient direstipthe Finsler metric based
approach becomes equivalent to a Riemannian metric-bggedach, in the case of high
angular data such as the data used in the experiments foeshés included in this the-
sis, the Finsler metric allows more exibility than the Riammian metric since it does
not impose an ellipsoidal diffusion pro le on the data. Weeuke dynamic programming
based approach from [76, 75, 61] which is based on the fast@wg method, and yields
optimal connectivity maps and characteristic vectors atyepoint of the domain. Follow-
ing these characteristic vectors back from the target regpahe seed region then yields
the "optimal” path connecting the two regions and we usedBithe center-line (referred
to as theAnchor Tracj to initialize the Fixed Endpoints implementation of the@posed
framework. Alternate initialization methods that hold @otial include streamlining-based
tractography algorithms. It is worth noting that this opginpath is referred to as the “an-
chor tract,” terminology put forth in [76, 75, 61]. Thus, feegmenting the CB using the
xed end points implementation of the proposed algorithnpeaturbation of the anchor
tract is used as the initial centerline curve and the sntghlessible radius of 0.5 is used,
with the surface essentially growing out from this initiatiius.

For the Moving Endpoints implementation in both ber bundiled blood vessel seg-
mentation, initialization is carried out with the user pising a set of one or more seed
points in the structure of interest, preferably close todeeter-line and a guess for initial
radius. (Note that this implies that the overall proposeghsentation framework is to be

classi ed as a semi-automatic segmentation framework.)
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2.3.6 Branch Detection

While we have modeled the CB as a single tubular structunedlity, it is a tubular struc-
ture encompassing discrete neural bers, which further In@mches that are essentially
connections from the CB to surrounding gray matter regionthe brain. More impor-
tantly, the vasculature displays a branching and thinnewngetry as well, and in order to
meaningfully segment blood vessels, it is necessary taiocapin entire vessel tree. The
branching nature of the structures of interest poses aarigd! in applying the tubular sur-
face segmentation framework directly, since we want to rmatocally detect branches in
the vicinity of the evolving structure, as it grows out, amen construct new tube(s) to
capture the detected vessel branches.

The proposed branch detection algorithm is summarizedgodthm 1. Note that with
the goal of improving computational ef ciency, the branatelction step is performed each

time an end point moves signi cantly (rather than at eveeyation).

2.4 Experiments and Results

In this section, we present the results from the applicabibthe proposed framework to
ber bundle and blood vessel segmentation. To illustrage fiamework's utility in ber
bundle segmentation, the Cingulum Bundle was focused upoaframework was applied
to a DWI data set (of 54 subjects) that included schizoplkrand normal control subjects
(27 each), with the DWI being acquired for 51 sampling diets. Results visualized
here show the CB extracted for both the right and left bunoiesome randomly selected
cases out of this data set. The results were also comparddatuealy with the results
from the neural ber bundle segmentation framework of Melkaos et al [63, 61]. The
experiments to demonstrate the use of the algorithm in biessel segmentation were
conducted on a CTA data set that included data from healtbjests (with no plague)
as well as subjects with varying degrees of plaque and stendke framework was also

tested on the Rotterdam CTA data set [77], and quantitatilidation is provided.
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Algorithm 1 Branch detection algorithm

Construct a spher®? of radiusR (a function of the input guess for typical vessel radius)
centered at the end point under analysis.
SampleN directionsd;8i 2 (1; N) uniformly off this spheres?.
Construct tubes of radius 1 and lendgrhalong each of thé&\ directions, originating at
the end point under analysis.
Estimate the mean image intensity within each tubkas, (d;).
Threshold the estimated mean intensities with respect éoptrent branch intensity
Ithres .
Extract the subset of directiort; off the sphereS? with mean intensities above the
threshold.
Apply k-means clustering [41, 38] to the extracted direcsia@;,8i 2 (1;N) and
I mean (di) >= lres, With a target of3 clusters.
if Number of non-empty clusters 3 then
Declare non-existence of branching at end point under argly
else
Compute the centroid of the directions in each cluster, &dyB candidate branch
directions.
Eliminate the candidate direction that has maximum ovenldbp the parent branch's
volume.
Compute the dot products of the 2 remaining candidate dimestvith the tangent of
the parent branch at the end point.
Extend the parent branch by the candidate direction bditgred with the tangent at
the end point.
Create a new branch in the tree structure using the 1 rentagaindidate direction.
end if
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Figure 2: Results of experiments with Moving Endpoints lerpéntation on synthetic
imagery: the target structure (green), the segmentatisultréred), the extracted center-
line (black), the true centerline (blue), and the initialwoe (blue). The rst and second
image are structures without branches, and the third imagestructure with a branch that
our algorithm correctly detects.

2.4.1 Synthetic Imagery

In this set of experiments, the proposed framework was eg@b both scalar and vector
synthetic images with various curvilinear branched sticeet. Both the implementations
of the algorithm were tested on these synthetic images.r&igshows the ground truth,
segmentation results and associated center-line for therements with the Moving End-
point implementation of the algorithm on the synthetic weéimagery. On average, the
set-symmetric difference of the result with respect to gebtruth was found to be 4%

across different synthetic structures of average radiusx@lg.
2.4.2 CB Segmentation with Fixed Endpoints

The DW-MRI imagery used in this work was acquired on a 3T magsmg an echo planar
imaging (EPI) DTI Tensor sequence with a double echo optoretiuce eddy-current
related distortions with 8 baseline scans and data acqunrgtl directions. The population
comprised 54 male subjects (27 normal, 27 schizophrena)rspg the age group of 21-55
years.

In this section, we show the results of applying the Fixedgemaks implementation

of the proposed framework to brain imagery of 2 subjects ftbim population. We use
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Figure 3: Selected slice-wise views of CB Segmentationlt®fwm proposed framework
(with Fixed Endpoints). The top row shows the DW-MRI data #melbottom row shows
the DW-MRI data with the extracted surface rendered in 3D.

the energy (3) using the potential, (10). Figure 3 shows slice-wise views of the CB
segmentation results obtained from the proposed frameindrkating the homogeneity of

the discs within the captured volume. Figures 4, and 5 sheviubular surface extracted
by the proposed algorithm. The surfaces shown in Figure 3hsdoundary locations

rounded off to the grid points by the visualization process.

With regard to the parameter, the ratio between the outer and inner discs of the tube,
we conducted experiments using a range from 2 to 5. We obde¢hat as this value
increases, the statistics for outside the disc are averageda larger area thus rendering
them decreasingly effective in separating intensitiehiwvithe tube and just outside it.
For instance, with a value of larger than 4, we saw that the captured volume begins
to leak into neighboring structures with strong diffusiamck as the Corpus Callosum.
From these initial experiments, we observed that a valug yktlded the most optimal
results, with respect to balancing a capture of the maximossible crosssectional area
of the CB against leaking into the Corpus Callosum, and herecased this in subsequent

experiments.
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Figure 4. CB Segmentation Results (with Fixed EndpointsBi@in data set 1: Left CB
(yellow), Right CB (magenta)

Figure 5: CB Segmentation Results (with Fixed EndpointsBi@in data set 2: Left CB
(yellow), Right CB (magenta)
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2.4.3 CB Segmentation with Moving Endpoints

The Moving Endpoints implementation for CB segmentatiequires seed points in the in-
terior of the CB near the start along with a guess for theahradius. We applied the frame-
work to segment the left and right Cingulum Bundle from alld#a sets in the population
under study (however, all visualizations cannot be preskint this paper). Figures 6 and 7
show the results of applying the Moving Endpoints implema&oh to segmenting the CB
(both right and left) from brain data of two subjects (onemaland one schizophrenic).

Figure 8 shows the 3D visualization of the segmentationainbt for the Cingulum
bundle and other tubular ber bundles, i.e., the Externgb€ide and the Internal Capsule.

Finally, we observe that quantitative studies are not fbs#n neural ber bundle anal-
ysis due to the absence of ground truth. However, we comparessults of the proposed
framework with the results of the Geodesic Tractographyn$agation framework of Mel-
onakos et al ([62, 63]). This comparison is provided in Fgg8r Note that the proposed
framework outperforms [62, 63] in some key ways. Firstlyedao the lack of constraints on
the end points, the proposed framework extracts the nebealbundle to its true length as
observed by diffusion patterns rather than being limitedi®yapproximate ROIs provided
by experts. Secondly, since the method enforces the tubatanetry as it propagates out-
wards, it is more robust to noisy data. This is especiallyhhignted by the fourth case
(fourth row) in Figure 9, where [62, 63] leaks into the Corfilalosum while the proposed
framework does not leak. It is also worth noting that the CBaoted by the proposed
framework passes through exactly the ROIs de ned by the ggpehich is further valida-
tion of the accuracy of the segmentation result.

Finally, it is to be noted that the Tubular Surface model geegally advantageous for
neural ber bundle analysis since the model naturally ab@ampling of features along the
length of the ber bundles, which is simultaneously usefattbin performing population
studies on the neural ber bundles, as well as characteyiie discrimination ability of

local regions of the ber bundles. This is demonstrated ie tontext of Schizophrenia
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(b) ()

Figure 6: CB Segmentation results (with Moving Endpoints)Brain data set 3: Left CB
(yellow), Right CB (magenta). (a) shows the 3D visualizatif®),(c) show the slice-wise
views.
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(b) ()

Figure 7. CB Segmentation results (with Moving Endpoints)Brain data set 4: Left CB
(yellow), Right CB (magenta). (a) shows the 3D visualizatif®),(c) show the slice-wise
views.
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Figure 8: 3D Visualization of segmentation results showisgfulness of framework (with
Moving Endpoints) for multiple ber bundles: Left CB (YeMs), Right CB (Magenta),
Internal Capsule (Green), External Capsule(Dark blue)

detection in the work of Mohan et al. [64] and the interestealder can nd details on

the population analysis framework therein. This popula@malysis framework is also

described in detail in Chapter 3.
2.4.4 Blood Vessel Segmentation

We apply the Moving Endpoints implementation to vessel sagation, because it only
requires a seed point for initialization in a single brangtith regard to the parameter,

the ratio between the outer and inner disc radii, we conduictiéial experiments using a
range from 2 to 5. We observed that as this value increasessté#tistics for outside the
disc are in fact being averaged over a larger area thus riengiiyem decreasingly effective
in separating intensities within the tube and just outside/hile a lower value rendered

the functional more likely to be affected by noise. From thastial experiments, we

observed that a value @fyielded good results and hence we have used this in subsequen

experiments.
The algorithm was rst tested on a population of cardiac dsgés acquired from a
Siemens Sensation 64 slice CTA machine. The framework w#alimed with 1 user-

input point at the root of the vessel tree, and a guess foc&ypiessel radius which guided
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Figure 9: Visual comparison of results from proposed framdwwith the framework of
Melonakos et al [62]: CB segmentation results from [62, G3Li€), Left CB segmenta-
tion from proposed framework (yellow), Right CB segmertatirom proposed framework
(magenta), expert ROl markings for Rostral Anterior Ciragal(orange) and Parahippcam-
pal gyrus (grey); Each row represents DW-MRI from a différembject, with the rst two
rows representing data from schizophrenic subjects, amthgt two from normal controls.
The rst column shows the 3D visualization of the extractdsl f0r both frameworks, and
the expert-marked ROIs used as input for [62]. The seconghwolshows a slice visual-
ization of the ber bundle extracted (for one side) by thenfiework of [62] and the third
column shows the same view for the proposed framework, hgibrimposed on the tensor
data. Note that the results from [62] are limited by the inRGis and leak into neighboring
ber bundles (note the fourth row), while the proposed fravoek follows the true diffu-
sion pattern hence capturing greater Ienglihs of the beres) and it does not leak into
neighboring structures.



the branch detection process.

We rst show here the results for three of the data sets testedor the Left Anterior
Descending (LAD) coronary artery. Figures 10 and 12 show3ievisualization of the
segmented vessel trees for two cases. Also shown in thegesgs the extracted center-
line. The algorithm captures the branching structure aatarally and successfully handles
the thinning structure of the vessel tree, from the root ps.ti Figures 11 and 13 show
the corresponding slice-wise views of the segmentationlredVe can clearly see that
the framework copes well with the non-uniform contrast witthe vessel volume, and is
capable of following an entire vessel200voxels in length, from the simple 1-point input
used for these CTA datasets. Finally in Figure 14, we showubalar tree evolving in
3D for a third case, illustrating how the branch detectiomksdo capture the entire tree.
These results have been qualitatively validated by medméborators.

We have performed quantitative validation via testing om dlataset provided as part
of the Rotterdam Coronary Artery Algorithm Evaluation Franork [77]. The proposed
segmentation framework was applied to all 32 datasetsabtailia this dataset (including
the training and testing data sets), and the results wemigigl to the organizers for ex-
tracting the evaluation parameters. Table 1 gives the sugnafighe evaluation parameters
obtained: OV that quanti es the tracking/overlap of the gilate vessel as annotated by the
human experts, OT that quanti es the tracking of the porodthe vessel that is assigned
to be clinically relevant by experts, OF that quanti es thecking of a coronary artery until
the rst error and Al, an accuracy measure of centerlineastion, which is the average of
all the connections between the ground truth and the ertlazgnterline. We observe that
the framework yields comparable results to the methodsuatad in [77], which also pro-
vides more detailed de nitions of the evaluation paramgtmployed in this work. Also,
we note that the proposed framework ts into Category 3 oflesed methods as per the
classi cation of [77] since we use more than one input poortthe vessel segmentation

from this data set (an average of 3-5 input points are empl@gr subject for this data
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Figure 10: 3D Visualization of the vessel tree for Case 1nssgation result (red), center-
line (green), initialization (blue)

set). Finally, we note that along with yielding good perfamae, the proposed method also
compares favorably with the methods evaluated in [77],lblgta not needing to be trained
for its use in the segmentation of real data along with itsafselimited number of initial
points. Further, as compared to the other methods, the pealdbamework simultaneously
detects both the volume in 3D as well as the center-line of#issel structure. Figures 16
and 17 show visualizations for the results of 2 cases frosidhtaset.

A potential application of our framework is stenosis evéilua Since the 3D skeleton
and the associated radius function are direct outputs ofrtbéel, we can do a stenosis
evaluation by looking for local minima of the radius functialong the center-line. We
show proof-of-concept of this idea in Figure 15 which shohes tross-sectional area of
one of the branches of the extracted vessel tree shown ind=ifuand reveals a site of

mild stenosis (40% blockage) (corresponding to the mininedithe plotted curve).

2.5 Concluding remarks on the tubular tree segmentation fnework

In this chapter, we presented a novel framework for extngctubular, branched anatomi-
cal structures thatimultaneously returns the segmented volume and the 3Btskedf the
structure of interestWe showed that our methodology is successful in segmestmg-

tures of interest from imagery of different modalities esp#y on the Cingulum Bundle
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Figure 11: Slicewise views of the vessel segmentation résuCase 1

Figure 12: 3D Visualization of the vessel tree for Case 2ns&gation result (red), center-
line (green), initialization (blue)

from DW-MRI of the brain and blood vessels from cardiac CTAagery. We demon-
strated the generality of the framework by applying it to segmentation of other neural
ber bundles (the Internal Capsule and the External CapsWée also proposed an auto-
matic branch detection algorithm which we have successéyiplied to the segmentation
of entire blood vessel trees. The incorporation of localaeghased statistics implies that
the segmentation result captures regions with statidtaisdan differ over the length of the
entire structure. This is clearly illustrated by the penfi@nce of the framework in captur-
ing the entire CB where diffusion patterns vary along thegtarof the tube, and again in
segmenting the entire length of blood vessels where theasintaries along each vessel.
Further, the model affords us the advantage of computdteditdency over conventional

surface representations.
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Figure 13: Slicewise views of the vessel segmentation résuCase 2

Figure 14: Visualization of the evolving tubular tree in 3@r {Case 3: evolving volume
(red), center-line (blue). Note that the framework captutres entire length 200voxels
of the vessel starting from a simple initialization.

In future work, it would be of interest to apply the framewarko segmenting other
tubular anatomical structures such as carotids in the peaid veins in the liver region,
and also study in greater detail the other neural ber busidfeurther, with respect to the
analysis of blood vessels, it would be worthwhile to explibre potential of the proposed

framework for soft plaque detection and particularly as@ to evaluating stenoses.
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Figure 15: Cross-sectional area along vessel shown in &ijQr The left y-axis shows
the cross-sectional area in voxel-square and the red liiggdidght the values of area that
correspond to stenosis percentages displayed on the Agkisy Note that the minimum
of this curve indicates area of mild stenosis.

Table 1: Summary of quantitative validation results on CBiditac data from the Rotter-
dam Coronary Artery Algorithm Evaluation Framework [Ait]is desirable to have a high
value of evaluation parameters OV, OF , OT and Al, and a lowevalf rank)

Measure % / mm score rank
min. max. | avg. | min. | max. | avg.| min. | max. | avg.
ov 52.8% 100.0% 91.1%| 28.0 100.0 53.3 1 16 8.73
OF 4.6% 100.0% 65.3%| 2.3 100.0 419 1 16 8.15
oT 52.8% 100.0% 92.2%| 26.5 100.0 539 1 16 8.83
Al 0.25mm 0.93mm 047mmil24 488 248 5 16 12.90
Total 1 16 10.73
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Figure 16: Visualization of results from experiments foraqtitative validation using the
Rotterdam cardiac data set [77] (Sample case 1): Top row sl3@vvisualization with
ground truth (blue and peach) and corresponding vessed segmented by proposed
framework (white and magenta), bottom row shows slice-wisaalizations of extracted
vessel tree (green) and ground truth (red outline) supeygag on the CTA data
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Figure 17: Visualization of results from experiments foraqtitative validation using the
Rotterdam cardiac data set [77] (Sample case 2): Top row sl3@vvisualization with
ground truth (blue and peach) and corresponding vessed segmented by proposed
framework (white and magenta), bottom row shows slice-wisaalizations of extracted
vessel tree (green) and ground truth (red outline) supeygsag on the CTA data
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CHAPTER Il

GROUP STUDIES IN SCHIZOPHRENIA DETECTION, USING
THE TUBULAR SURFACE MODEL

3.1 Motivation

Schizophreniais a brain disorder that involves a broadearidgunctional disturbances, in-
cluding attention, memory, emotion, motivation, thoughd é&anguage, social functioning,
and mood regulation. A signi cant body of work [25, 37, 7] fgots the speculation that
functional abnormalities in schizophrenia might be causgdlisruptions of white mat-
ter (WM) connections. Also, several aspects of behavioo@ated with Cingulate Gyrus
(CG) function such as attentional processing,memory,yattin and emotion, have been
implicated in Schizophrenia making the study of the CG sagmt and since the proper
functioning of the CG depends on its connections with otlaetgof the neuronal network,
the study of the WM interconnecting the CG and other parteeftuman brain is crucial.
We propose a novel framework for population analysis of DVMata using the Tubu-
lar Surface Model. To begin with, we focus on the Cingulum &len(CB) - a major tract
for the Limbic System and the main connection of the CG (tlmaihg proposed framework
is equally applicable to other ber bundles in the brain). rOuwodel represents a tubular
surface as a center-line with an associated radius functibprovides a natural way to
sample statistics along the length of the ber bundle andiced the registration of ber
bundle surfaces to that of 4D curves. Clinical studies aiatedetection of schizophrenia
have typically focused on using statistics in a volumetnalgsis framework, or along in-
dividual ber tracts [22] (which requires co-registratiai the multiple ber tracts from
different subjects). In this work, we compare statistiasglthe length of the ber bundles

which allows us to both look for local differences and alstidreaddress the classical DWI
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issues of noise and low resolution since we don't look alemividual bers.

3.2 Prior Work on Group Studies in Schizophrenia Detection

Several aspects of behavior associated with Cingulate S5¢@&) function such as at-
tentional processing and emotion, are implicated in Sgdhizenia making it signi cant
to study the CG. CG abnormalities include bilateral CG vaduamd density reduction in
voxel-based morphometric studies. Volume de cits in stmual MRI studies have also
been (albeit inconsistently) associated with hallucoradi reduced executive functions,
psychomotor poverty and negative symptoms. The propettifumiag of the CG depends
on connections with other parts of the neuronal networlyemathan simply its structure
alone. A signi cant body of work [25, 37, 7] supports the spkation that functional ab-
normalities in schizophrenia might be caused by disrugtiohwhite matter (WM) con-
nections, and it is of great clinical interest to developustibquantitative methods to fur-
ther study this hypothesis. The CG itself connects to otheinlregions via two major
tracts - the Cingulum Bundle (CB) and the Uncinate Fascg(llF). Several symptoms
of schizophrenia, including paranoia, hallucinationsy aelusions, have been linked to
a disruption in frontal and anterior temporal regions tfenge through the UF and CB.
Moreover, these tracts are involved in de cits in executateention, memory encoding,
declarative-episodic verbal memory, as well as verbal asdal memory. The study of
these two ber bundles is therefore believed to be key to ustdeding schizophrenia.
Diffusion Tensor Imaging (DTI) has become the modality obicle for studying WM

properties. Many approaches exist in the literature for prblcessing towards Schizophre-
nia discrimination motivated by the increasing evidencdeliterature for WM abnormal-
ities in Schizophrenia [25, 83, 100] supporting the hypsitef Friston et al [33] regard-
ing disordered connectivity between brain regions in Sgpiwenia. One set of methods
looks into nding WM de cits associated directly with the skase, by studying Fractional

Anisotropy (FA) and Apparent Diffusion Coef cient (ADC). dprihan et al [12] used a
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voxel-based strategy and applied Discriminatory PCA (DP@AFractional Anisotropy
(FA) measurements to discriminate between schizophrerdamarmal controls. Goodlett
et al [36] performed statistical comparison of ber bundi#fukion properties between pop-
ulations of DTl images, by using permutation testing basethe HotellingT ? statistic (for
studying neurodevelopment). Park et al [72] studied heh@sgpal WM asymmetries by a
statistical comparison of normalized FA images and the eégpmages (of FA), and found
evidence of asymmetry in anisotropy patterns betweenlineatid schizophrenic subjects.
A second set of methods looks into studying the correlatidfil properties with speci ¢
symptoms and symptom groups rather than outright diagradsige, since it is observed
that symptom pro les can vary signi cantly between subgeict Schizophrenia. Skelly el al
[79] compared FA between schizophrenic and normal congnatsperformed a voxel-wise
correlational analysis with the subjects' Positive and &teg Symptoms Scales (PANSS).
Fujiwara et al [34] studied abnormalities in the CB (anteaad posterior) and their cor-
relation with the psychopathology of schizophrenia, viaa@ation analysis of FA with
PANSS scores. Maddah et al [58] reports ndings on diffeesnim FA along the genu and
bilaterally in the splenium along with increased eigen eadluthe Uncinate Fasciculus for
schizophrenia, using their tract-oriented analysis fraor& described in [57].

The method proposed in this chapter attempts to bridge theseategories by provid-
ing a comprehensive method that allows an analysis witheedp the diagnosis as well
as a characterization of regional involvement in the disotay using both diagnosis as
well as scales of scores such as PANSS. Further, to our kdgeehis is the rst group
study that uses DW-MRI data directly (for segmentationhwaitt imposing the elliptical
constraint associated with tensor estimation. Also, byvéry nature of the model used
for the CB, we are better equipped to evaluate its differpatial regions for abnormalities
caused by Schizophrenia. The work of Fujiwara et al [34] araohy\et al [90] were stepsin
the direction of determining local differences in Schizagha and the work in this chapter

aims to move along this direction. Both these studies fatwsedividing the CB into 2
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regions - anterior and posterior, while our framework akofer subdividing the CB into
as many regions for analysis as desired, while balancingh®ioss of information that
would result from considering too few regions, against tsslof utility from considering

too many regions along the white matter structure.

3.3 Population Analysis Framework

In the proposed framework, we use the Tubular Surface Marlsegment the Cingulum
Bundle (CB) from the DWI images. We then build feature vestoy sampling features
along the length of the CB and perform statistical analysigheese feature vectors after
registering them. In this section, we rst present the math@cal enhancements that allow
the tubular surface model to be used in an elegant populgtiaup study framework. We

then discuss the details of feature selection, coregisiraind statistical analysis.
3.3.1 Application of the model in population studies

The Tubular Surface Model affords a natural way to compaer lundles since the para-
metric representation of the surface in 3D as a curve in 4dnallthe sampling of features
along the length of the tubular surface. Further, the probdé registering surfaces is re-
duced to one of registering curves. In order to perform papoih studies using the model,
we need co-registration of the feature vectors formed froenttibular surfaces. Towards
this objective, we de ne three operations on the tube in oodel: average tube, average
of functions de ned on/around the the boundary of the tulvel the distance between a
(sample) tube and the average tube.
We de ne an average tube as represented by a centerélarglr, with ¢ as:
X 2
¢;f gL, =argmin JKe(8( (W) K (Wi du; (19)
ef igh, j=1 O

we have the following constraint on reparameterizations[0; 1]! [0; 1]:

(0)=0; i(1)=1;and °> 0 (20)

38



that is, ; are monotone diffeomorphisms. Abowds the arclength function af. In (19),
K::[0;1]! R"(n 1)isapointwise “feature” vector of the cureeln this paper, the CB
representations were aligned length-wise under the agsumtpat the different regions of
the CB occupied the same intervals of length along the CH Bualects. (Alternate criteria
for registration are being explored in future work.)
From the correspondence functions we de ne an average radius functiéras:
1 X\I

N
i=1

F(8) = ) (21)

We also use the correspondence functions,to pullback functions from the tubes
represented byc(, r;) to the average tubular structure. lfet: R XR ! RM (M 1) be
some function de ned oR® (and in particular inside the tube). We consider the fumctio

as being de ned along the curve in 4D and we de ne the averagetfonF as:

X
en= R O ) 22
i=1

We also de ne the corresponding standard deviation fumciis:

X
é(ﬁ;r\):Ni KF(& X8 Q) F(e;nk? (23)
i=1

Finally, to nd the distance between the averdg§end a new test functioR; de ned

on a tubular surfaceg(r) , we nd a correspondence as:
Z 1
c=argmin  jKo(8( (U)K (u)j*du; (24)
t 0

and then we can de ne a distance between functions:

z
d(fF; &;rg; fFi;cirg) = 1kr'A((’i(é):f‘(S)) Fle '(®)ire (H(8)k*ds (25)
0

3.3.2 Feature Extraction

We propose to use the following features to describe the C&meturvature, geometric

curvature, normalized cross-sectional area, centeteshdoordinates (as de ned in [53]),
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Fractional Anisotropy (FA) and Mean Diffusion (MD). FA andDvcharacterize the WM
properties while mean curvature, geometric curvature &edcenter-shifted coordinates
encode shape information. The normalized cross-sectareal incorporates the thickness
of the WM connections. Note that this usage of a combinatiofeatures is a signi -
cant improvement over prior approaches (E.g. [22, 12]) wWhimdamentally employed
only WM properties such as FA in a volumetric analysis frammgw Further, while we
sample along the center-line, the features are in fact e@eraover the entire ber bundle
volume and hence this choice of sampling while facilitatragistration, does not reduce
the statistical power of our results. Finally, besides garcombination of these features
for classi cation, we also compare their discriminationlaja which allows us to make
inferences about which feature (or combination thered)the most useful with regard to

the study of schizophrenia.
3.3.3 Coregistration

In order to perform population studies using the model, wedneo-registration of the fea-
ture vectors formed from the tubular surfaces. Towardsdhjective, we rst de ne three
operations on the tube in our model: average tube, averafymctions de ned on/around
the the boundary of the tube, and the distance between a f@atape and the average
tube, all of which are described in detail in Section 3.3.1.

We then de ne two schemes for coregistering the segmentachhder bundles.

In the rst scheme, we use the arc length measure along thierckne to register two

ber bundles. The corresponding reparametrization [0; 1] ! [0; 1]is de ned as:
i(s)=s (26)

In the second scheme, we again use the arc length measugethéoenter-line how-
ever we register two given ber bundles within de ned reggof interest. The reparametriza-
tion ;:[0;1]! [O;1]corresponding to this scheme is de ned as:

S S

— ot
i(s)=s; +
I( ) 1 Sg S(])_

s7) (27)
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wheres?; s3 ands!; s, are the beginning and ending lengths for a speci ¢ regiomtefriest,
for the origin ber bundle and the target ber bundle respeely.

It is to be noted that the rst reparameterization schemeappsed as the most intu-
itive scheme for registering ber bundles from differentgects, since it naturally handles
the varying lengths of the bundles caused by the differesintatimensions and anatomy.
However it is observed with neural ber bundles that whenexxpmark ROIs, these ROIs
can be used for registration of neural ber bundles sincesokeions made about the rel-
ative involvement of differentegionsin the disorder can be correlated to regions that are
anatomically of signi cance. The second scheme is then @ged as an extension of the
rst scheme, to address the need of localizing the effectscbizophrenia with respect to

region, when markings for such regions are available.
3.3.4 Statistical Analysis - Classi cation

The classi cation step in this work has the twin goals of rebdiscrimination between
schizophrenic and normal controls, and also of charadtgrithe discrimination ability of
the different spatial regions of the CB. In this section, vierdss the methods employed
under the classi cation section. We perform two sets ofslaation analyses - supervised
classi cation using neural networks and unsupervisedstleation (clustering) using the
k-means algorithm. In this work, towards performing supesd classi cation using an
Arti cial Neural Network, we use the Neural Network toolbat MATLAB [26] to build
and train a simple feed-forward Backpropagation networthwi hidden layer (having 5
neurons). The classi cation results obtained using theesare provide under the results
section 3.4.2. The second technique is unsupervised ciassn (clustering). The goal
for applying clustering techniques in the context of thiskvis to detect natural clusters
in the feature data extracted, and validate the results th@rsupervised classi cation to
ensure robustness (details in Section 3.4.1). In this wwekperform clustering using the

K-means algorithm [41, 38] with a target of 2 clusters.
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3.3.5 Statistical Analysis - Characterization of discrimnation ability

We perform two sets of statistical analyses aimed at chewizastg the discrimination abil-
ity of the local regions of the CB - t-statistical tests andaoarelational analysis of the
extracted features with the symptom scores (PANSS) versydysthe diagnosis.

The t-statistical tests are aimed fundamentally at charaatg the spatial variation in
discrimination ability. Since we build multiple features @ach sample point along the
center-line of the tubular surface, we estimate t-stasstiith respect to all these features,
and subsequently scale each category of features and surstttestics for all features at
each point, to get a comprehensive estimate of the t-staitisé spatial sense. They also
allow us to compare the discrimination ability of differezdtegories of features such as
shape information versus FA. In correlational analysis,leak at the correlation coef -
cients for the extracted features along the length of thellaynvith respect to the positive
and negative symptom scores (the PANSS scale). This allevis imterpret regions with

higher correlation with the symptom scores as being sigamtain Schizophrenia.

3.4 Experiments and Results

The population study using the framework proposed in thégptér, was carried out in two
stages - the rst with a limited population of 20 subjects &nel second stage involving the
extension of the framework to a larger population of 54 scisjeThe results from both sets
of experiments are given here in for comparison, and to koilArds the discussion and

comments thereafter on the generalization of populatiodystesults.
3.4.1 Data

The DWI imagery used in this work was acquired on a 3T magnieigusn echo planar
imaging (EPI) DTI Tensor sequence with a double echo optioretluce eddy-current
related distortions (Heid 2000; Alexander 1997). The daas acquired in 51 directions
with b=900, 8 baseline scans with b=0. Scan parameters &el7D00 ms, TE 78 ms,
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Table 2: Local peaks of discrimination ability
CB region| T-value (Left, local maximum) T-value (Right, local maximum
Anterior 4.643 4.372
Posterior 5.529 5.886

Table 3: Classi cation performance

Classi cation Type Side | Classi cation Accuracy| Sensitivity | Speci vity
method

Neural net-| Supervised | Left 100% 90% 96%
works

Neural net-| Supervised | Right 100% 90% 94%
works

K-means Unsupervised Left 78% 83% 71%
K-means Unsupervised Right 75% 80% 69%

FOV 24 cm, 144x144 encoding steps, 1.7 mm slice thicknesaxi@bslices were acquired
parallel to the AC-PC line covering the whole brain. The dapan analyzed in the rst
stage comprised 20 male subjects - 10 normal controls andHifaphrenic - spanning the

age group of 21-55 years (mean of43years).
3.4.2 Results

As discussed previously, we use the tubular surface frameaoChapter 2 to segment
the Cingulum Bundle (CB) from the 20 data sets in the poputatinder study. We extract
feature vectors as described in Section 3.3.2 and registesatme using Equations 19,21,22
and 23, using the coregistration scheme of Equation 26. r&i8 shows the t-statistics
visualized over the ber bundle surface for both the rightideft CB, separated by feature.
We can see a correlation in the spatial patterns evidencekeblA, Mean Diffusion and
cross-sectional area. Interestingly, while the centédteshcoordinates highlight multiple
regions of the CB as being signi cant, we do see that the appttterns shown by the
geometric curvature correlate with those of the diffusietated features.

Figure 19 shows us a consolidated view of the spatial tstiedi (with all features

equally weighted). We can see clearly that this visuakmatighlights regions that are
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most signi cant in Schizophrenia classi cation (in red)@king us to probe for anatomi-
cal explanations of the relevance of these speci c regidwste that the model allows us
to subdivide the CB into as many subregions as desired folystiowever in this work,
we have divided it simply into anterior and posterior reg@@s a proof-of-concept and we
include these statistics in Table 2. The results of the expsarts on classi cation are sum-
marized in Table 3. We obtained excellent classi cationhaNeural Networks. Given the
size of the population under study, to address the poterdratern of over- tting, we also
conducted unsupervised clustering. We obtained promissglts on the feature space
discussed in this work, and are pursuing both the use of adggpulation for increased
robustness of the results, as well as additional featurdedoribe the CB so as to enhance
natural clusters. Note that the sensitivity and speci céported in Table 3 were estimated
using a Leave-two-out validation strategy for the Neuraiviek. To estimate comparable
metrics for the K-means algorithm, we "classi ed” two dattsat a time using the clusters
obtained for the remaining 18 data sets.

Finally, we performed correlational analysis on the exgddeatures towards under-
standing their relationship to the symptom scores (verguplg the diagnosis) and the
results of this analysis are summarized in Tables 4 and 5. 3&/d&ere the PANSS scores of
the 10 schizophrenic cases in the data set under study afZBtiwedivided into 6 regions
(ordered from anterior to posterior) corresponding to graatter regions identi ed by ex-
pert marking: Rostral anterior cingulate, Caudal antedimgulate, Posterior cingulate,
Isthmus cingulate, Parahippocampal gyrus and Entorhimrééx. The correlational anal-
ysis reveals some interesting results in that the Rostrtarian cingulate (RAC) is iden-
ti ed most consistently as the most signi cant region alotng CB ber bundle volume
with respect to involvement in Schizophrenia (by way of etation with PANSS scores
as represented by the correlation coef cient). The idecdtion of the anterior region as
being signi cant in Schizophrenia is consistent with thesetvations made in prior work

[5, 34, 90] and our method allows us to further localize thggar of interest to the RAC.
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Table 4: Correlational Analysis (with PANSS positive symptscores)

Feature Mean | Mean | MaximupMaximupRegion | Region | Signicant
corre- | corre- | corre- | corre- | with with Region
lation | lation | lation | lation | max- max- (combin-
coef- | coef- | coef- coef- imum imum ing left
cient | cient | cient cient | corre- corre- and right
(L) (R) (L) (R) lation lation sides)

coef- coef-
cient cient
L) (R)

Mean Curvature | 0.8077| 0.8078| 0.9079 | 0.9062 | RAC RAC RAC

Geometric Cur- 0.7261| 0.7230| 0.9450 | 0.8794 | RAC RAC RAC

vature

Center-shifted 0.4529| 0.4778| 0.6692 | 0.9146 | RAC RAC RAC

coordinates

Fractional 0.7920| 0.7957| 0.9412 | 0.9545 | PC PC PC

Anisotropy

Mean Diffusion | 0.8100| 0.8096 | 0.9094 | 0.9139 | PC PC PC

Cross-sectional | 0.7094 | 0.6506| 0.8957 | 0.8308 | RAC CAC CAC

area

Bucket-of- - - - - RAC RAC RAC

features

RAC - Rostral anterior cingulate; CAC - Caudal anterior citage; PC - Posterior cingulate

For a more detailed discussion on PANSS scores, the intereshder is referred to the

work of Kay et al [42].

3.4.3 Results with extended population

A key consideration in performing population studies ainadalisorder detection is the

extent of generalization of the observed results, thatasctrtainty that the observed pat-

terns will be found in new data from previously unseen sulsjenicreasing the size of the

population used for training is a reliable way to ensure ggederalization of results, and

towards that goal, in the second stage of experiments, thgoped framework was applied

to a population of 54 subjects (27 normal control and 27 sgdtizenic). The classi cation

results from this population are summarized in Table 6.
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Table 5: Correlational Analysis (with PANSS negative syomptscores)

Feature Mean | Mean | MaximupMaximupRegion | Region | Signicant
corre- | corre- | corre- | corre- | with with Region
lation | lation | lation | lation | max- max- (combin-
coef- | coef- | coef- coef- imum imum ing left
cient | cient | cient cient | corre- corre- and right
(L) (R) (L) (R) lation lation sides)

coef- coef-
cient cient
L) (R)

Mean Curvature | 0.7335| 0.7348| 0.8415 | 0.8440 | RAC RAC RAC

Geometric Cur- 0.6589| 0.6569| 0.8637 | 0.8276 | RAC RAC RAC

vature

Center-shifted 0.3855| 0.3538| 0.6690 | 0.5826 | RAC RAC RAC

coordinates

Fractional 0.7157| 0.7195| 0.8917 | 0.8674 | PC PC PC

Anisotropy

Mean Diffusion | 0.7362| 0.7355| 0.8519 | 0.8494 | RAC RAC RAC

Cross-sectional | 0.6862| 0.6235| 0.8847 | 0.8141 | CAC CAC CAC

area

Bucket-of- - - - - RAC RAC RAC

features

RAC - Rostral anterior cingulate; CAC - Caudal anterior cilage; PC - Posterior cingulate
Table 6: Classi cation performance on the extended poparat

Classi cation | Co-registration| Side | Classi cation Accuracy| Sensitivity | Speci vity

method

Neural net-| Using arc length Left 50:6% 51:4% 64:6%

works

Neural net-| Using arc length Right 50:7% 55:8% 394%

works

Neural net- Using ROI Left 50:6% 44:6% 66:4%

works

Neural net- Using ROI Right 48.3% 55.:6% 297%

works
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3.4.4 Discussion of results

We note from Table 6 that on extension to the larger populative classi cation perfor-
mance of the proposed framework as applied to the CingulumdBudoes not general-
ize in a manner that would conclusively allow us to apply tesutts in the detection of
schizophrenia from data of previously unseen subjectseiGprior work that supports the
hypothesis that the white matter structures (includingGhegulum Bundle) display vari-
ations in shape and diffusion properties under schizopayéns of interest to understand
this performance of the framework.

The rst observation comes from comparing the segmentdt@amework used in this
framework to the streamlining-based tractography apgreac We note that the tubular
surface segmentation framework proposed in this thesisioapthe white matter bundle
by growing out an initiatubein the primary direction of diffusion of water molecules.
As a result, we note that the framework captures bundlesaiptosssection that contains
strongly diffusing voxels while streamlining-based ammroes also pick up voxels with
less-strong diffusion characteristics, and hence disoaie between schizophrenic and
normal controls on that feature.

The second observation is that in the experiments presamtéd thesis, we have fo-
cused on the cingulum bundle, while other studies in sclgmpa detection have also
included other white matter structures including the cerpallosum and the uncinate fas-
ciculus among others. It is hence important to also applyhibedramework to other white
matter structures to truly leverage its usefulness in sgihrzenia detection.

The third observation is with regards to the classi catientinique. Since neural net-
works and k-means both innately assume linear separalvilitye data under analysis, it
might be a worthwhile extension to utilize nonlinear tecju@s such as kernel-PCA and

this is a key direction for future research on this front.
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3.5 Concluding remarks on population studies towards saphrenia
detection

In this chapter, we propose a novel framework for populasinalysis of neural ber bun-
dles that utilizes the tubular surface model proposed inp@&h& for extracting and rep-
resenting the ber bundle under study. The framework fé&iés the statistical analysis
towards the dual goals of classi cation and characteraatf discrimination ability by re-
gion. In this chapter, we focus on the application of the &arork to the cingulum bundle
and demonstrate via two stages of experiments, its abdityetect differences, its output
with regard to characterizing the role of different regionghe disorder under study, and
most importantly discuss factors that in uence the robasthand generalization of the
results obtained. We obtain excellent classi cation udheural Networks, and are able
to verify natural clusters in the feature data by use of the&ans algorithm, in the rst
stage of experiments and subsequently observe in the sstagel that while the data still
displays some natural clustering, it longer yields the satassi cation performance, an
observation that we seek to explain via inferences abouthbée of classi cation tech-
nique and the white matter structures under study. Usingtistical tests and correlation
analysis, we demonstrate how the framework naturally ateraes the discrimination
ability of different regions of the Cingulum Bundle in Scbphrenia and helps provide in-
sight into the involvement of different regions in the dder. This is a useful application of
this framework that is relevant across different populas@es used for analysis. Extend-
ing the study to other white matter structures, couplinghvabmpeting techniques such
as streamlining-based tractography, and using nonlirehniques such as kernel-PCA in

classi cation are some key directions to be pursued forreit@search on this front.
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(a) Mean Curvature (b) Geometric Curvature

(c) Center-shifted coordinates (d) FA

(e) Mean Diffusion (f) Crosssectional area

Figure 18: Visualization of t-statistics (by feature) om@ulum Bundle surface (discrimi-
nation ability increases from green to red regions)
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Figure 19: Visualization of t-statistics (consolidated)@ngulum Bundle surface, overlaid
on DTI data of one subject (discrimination ability incresé®m green to red regions)
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CHAPTER IV

ANALYSIS OF MASS SPECTROMETRY IMAGING

This chapter discusses the research topic on the analysitasd Spectrometry Imaging
(MSI), speci cally as focused towards the goal of integngtMSI into the surgical work-

ow as an intraoperative imaging modality. There are twoddapplications we aim to
address in the context of MSI analysis - classi cation o$tie samples (into tumor types)
using MSI, and estimation of tumor boundary locations ugvtgl. We address each of
these research problems in the respective dedicated sedfdhis chapter, i.e. Sections

4.3and 4.4.

4.1 Motivation

The World Health Organization (WHO) recognizes over 12%g/pf brain tumors based
on histopathological evaluation, and classi es them adicay to cellular characteristics,
and grades malignancy by proliferation, cellular and naicraorphology, vascularization,
and certain biomarkers. Gliomas are the most common humarapyr brain tumors, with
astrocytomas comprising the most common subtype rangiggaide from WHO grade Il
to the most aggressive form, gliobastoma multiforme (gri&fe The current state of the
art in the diagnosis and grading of gliomas is based on natinofpogical examination of
a biopsy sample and characteristic cytogenetic abers{@8], along with radiographic
imagery to characterize the tumor anatomy (size, locagtm), and its relation to the sur-
rounding healthy tissue. However, histopathological eaabn of tissue is of limited use
in surgical intervention since it needs expert evaluatibissue resected from the tissues
of interest. Hence, during surgery, traditional patholb@ged approaches need to be com-
plemented by intraoperative detection of tumors complaté tumor classi cation and

tumor boundary location. Further, this intraoperativeedébn is required to not interfere
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with the normal surgical work ow. Conventional imaging maldies pose challenges with
regard to their usefulness in intraoperative situationsnetihe structures tend to shift and
change, and hence this motivates the use of alternate rtiedalich as Mass Spectrometry
Imaging.

Mass spectrometry is a well established analytical tealigsed for the identi cation
and characterization of molecules based upon their accunass. With the recent adap-
tation of mass spectrometers to accommodate direct tisglgsas, an increasing number
of studies support the usage of mass spectrometry as areef thol to detect and delin-
eate pathology directly from tissue specimens [11, 14].084 Desorption ElectroSpray
lonization (DESI) was introduced as an atmospheric pressumization source and subse-
guently proven to be applicable to tissue imaging [84, 2(, @6addition to being a soft
ionization method that allows the analysis of intact bioacoles, DESI provides direct
sampling of the surface of interest, overcoming time andityuamitations that normally
result from specialized sample preparation. This techmppyves the way for the integration
of Mass Spectrometry into the clinical environment (whisthe theme of the proposed re-
search) for in vivo molecular imaging of tumors, without #ystemic injection of contrast
agents.

Figure 20 gives an idea of the surgical tool that is the nasided outcome of this
overall research. The relative intensities in the vicimityach peak under analysis for each
of the samples were analyzed and the values scaled to t tiger@-255 corresponding to
the color scale and we then use the RGB format to render tlogioglin Slicer3, an open-
source visualization tool provided by the NAMIC consortiu@reen to red indicates an
increasing relative intensity corresponding to the m/mgall he sites were sized by the true
radius of the samples, scaled to the size of the brain imagssg, and InstaTrak common
gure for accuracy is 2.28 mm, i.e. mean accuracy of the wisyletem (registration and
tracking) which we round to a radius of 2 mm for all sites exca{e 8, which we visualize

with a radius of 8 mm corresponding to its volume of acquositi Similar visualization
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of the tumor cell concentration is presented with the 0-286icscale corresponding to O-
95% tumor cell concentration as scored by expert neuropzgi@valuation of permanent
tissue sections.

A major portion of brain tissue is made up of lipids, and atetevels of lipids in
brain tissue are correlated with several diseases such A#seifdber's, neuronal ceroid-
lipfuscinosis and cancer. Especially relevant to this wakered lipid levels have been
reported in human gliomas [44, 6]. Thus, lipids can act asnaiders for disease, re ect-
ing the histopathological cell type, state of cellular gtioywmaturation and differentiation
of a cell. Mass Spectrometry (MS) imaging is an excellentdgdette to assist in intra-
operative decision making since the technique yields #eta@hemical information about
samples, and the development of an ambient acquisitionigaé such as Desorption Elec-
troSpray lonization (DESI) enables the introduction o$ttwol into the surgical work ow.
The missing link in this integration of MS imaging into thergical work ow, is the need
for real-time quantitative analysis tools for MS imagindaldn this work, we rst address
the question of DESI-MS data classi cation (into glioma sudes) as well as identifying
suitable feature selection techniques towards the deteofibiomarkers. Figure 4.3 shows
the visualization of sample spectra from the analyzed @aftas all four glioma subtypes.
We then consider the problem of intraoperative tumor bomwndatection and motivate the

mathematical framework for this problem along with a distos of the results obtained.

4.2 Prior Work on Mass Spectrometry Imaging Analysis

Brain tumors are especially challenging to treat due tortlogiation within the complex
and delicate anatomy of the brain and their problematicgjcial behavior. Primary brain
tumors span a large range of cell types and grades (WorldtiH€aganization (WHO)

classi cation system [81]); moreover within individualmwrs there may be considerable
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heterogeneity leading to sampling error. Current diagnasd treatment rely upon obser-
vations of tissue and cellular characteristics such asfpration, cellular and nuclear mor-
phology, vascularization, and limited cytogenetic pradi. Since the appropriate choice
of treatment, as well as estimates of prognosis, rely upoacanrate diagnosis, current
histopathological approaches need to be augmented byeadetablecular pro les from
each individual's tumor to maximize treatment ef ciencylsd, surgery remains the rst
line of treatment for most brain tumors. Moreover, there @itical tradeoff between the
extent of surgical resection (which affects the prognosrsmiost brain tumors) and the
preservation of critical cortex and white matter (whicheditly correlates with brain func-
tion). There has been signi cant progress in developinggim@ platforms for visualization
of tumor pathology, critical anatomy, and functional braneas, which have been used to
guide neurosurgical interventions. However, intra-opeeadecision-making is still hin-
dered by the lack of information available to the surgeonceoning tumor margins and
molecular characteristics of the lesion.

In reviewing prior work in the eld of the analysis of Mass Spemetry Imaging, we
nd two broad classes of work as aligned with the two dististdges in MSI analysis -
the rst on preprocessing and the second on statisticalyarsal Preprocessing of Mass
Spectrometry data includes denoising, normalizationctspkalignment and feature se-
lection for subsequent classi cation analysis. An exaglleomparison between various
feature selection methods such as the student t-test ané-tbst as well as an evalua-
tion of dimensionality reduction techniques (such as PCAplied to MS data, can be
found in [49]. In [21], the authors use the undecimated @éigcwavelet transform to de-
compose mass spectra into noise and signal componentsparidne this denoising step
with a baseline correction towards improved peak detecaod apply this to the analysis
of breast cancer data. In [69], the authors put forth a wonk view of MSI processing
and illustrate the value of preprocessing particularlynwiegard to the bene ts associ-

ated with denoising. In the second category of statistinalysis, existing literature (in
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the subcontext of biomedical research) is primarily taggedt classi cation between mul-
tiple classes (such as malignant/ benign) or the identiccabf biomarkers towards the
characterization/understanding of a speci c disease.[£33] addresses the classi cation
of MALDI-Imaging data using classical techniques such ag\R@d SVMs. [97] com-
pares various statistical methods employed in the clagbo of ovarian cancer from MS
imagery, including discriminant analysis, k-nearest hbwy classi cation, SVMs and RF
(Random Forest) and articulates some clear advantagdsef&F category of methods. Fi-
nally, in the scope of the proposed research (to be discus$&thpter 4), we are interested
in meaningfully integrating histopathological and moliecunformation. While there has
been prior work in integrating histology and Imaging Mas&&8pometry (for instance in
[15]), it is worth noting that most of this work has been foedn the image acquistion
stage, and subsequently on parallel use of the two modsailitia qualitative fashion, and a
guantitative analysis framework linking these two modedithasn t been identi ed. This is
a key gap that this work aims to address.

We note that the majority of the existing literature whensiés histological information
for analysis, primarily uses it in classi cation (for trang in a supervised classi cation
paradigm) or for validation of statistical frameworks. [8®, 3] which address classi -
cation and [27, 51] which address the identi cation of biogkeas towards the characteri-
zation/understanding of a disease are notable examples thnd category. However, the
current work falls under the combined mathematical purvaéwlassi cation, feature se-
lection and modeling. We note that prior work in the eld of deding with regard to mass
spectrometry data is focused greatly in modeling mass sp#emselves as a function of
time and/orm/z For example, [80] puts forth a framework for ef ciently plomy mass
spectra by modeling the statistical properties of singletspectra in the framework of
linear regression, which yields a maximum-likelihood esttor that is then employed in
pooling at each time interval, and [54] puts forth a reg@ssased approach for protein

expression pro le modeling. Note that while these are vdfgative modeling approaches,
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their fundamental application lies in the preprocessingnalss spectrometry data. Our
interest however lies in going beyond acquisition and ¢leat$on and speci cally in Sec-
tion 4.4, we are interested in modeling histopathologin&dimation (speci cally the tu-
mor cell concentration) as a function of mass spectra tosvarlaoperative applications
of mass spectrometry such as tumor boundary detection caihe best of our knowledge,

this is the rst work that addresses this speci ¢ modelingipiem.

4.3 Classi cation of Tissue Samples and biomarker deteatiasing MSI

The World Health Organization (WHO) recognizes over 12%#/pf brain tumors based
on histopathological evaluation, and classi es them adicwy to cellular characteristics,
and grades malignancy by proliferation, cellular and naictaorphology, vascularization,
and certain biomarkers. Gliomas are the most common humarapr brain tumors, with
astrocytomas comprising the most common subtype rangiggaide from WHO grade Il
to the most aggressive form, gliobastoma multiforme (gi&eThe current state of the
art in the diagnosis and grading of gliomas is based on natiofpogical examination of
a biopsy sample and characteristic cytogenetic abersa{@8], along with radiographic
imagery to characterize the tumor anatomy (size, locattm), and its relation to the sur-
rounding healthy tissue. However, histopathologicaleaabn of tissue is of limited use in
surgical intervention since it needs expert evaluationssiue resected from the tissues of
interest. Hence, during surgery, traditional pathologgdd approaches need to be comple-
mented by intraoperative detection of tumors complete wathor classi cation and tumor
boundary location. Further, this intraoperative deteti®required to not interfere with
the normal surgical work ow.

A major portion of brain tissue is made up of lipids, and atktevels of lipids in
brain tissue are correlated with several diseases such A#wider's, neuronal ceroid-

lipfuscinosis and cancer. Especially relevant to this weaikered lipid levels have been
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reported in human gliomas [44, 6]. Thus, lipids can act asiaidkers for disease, re ect-
ing the histopathological cell type, state of cellular gtioymaturation and differentiation
of a cell. Mass Spectrometry (MS) imaging is an excellentdadate to assist in intra-
operative decision making since the technique yields etaihemical information about
samples, and the development of an ambient acquisitionigaé such as Desorption Elec-
troSpray lonization (DESI) enables the introduction o$ttaol into the surgical work ow.
The missing link in this integration of MS imaging into thergigal work ow, is the need
for real-time quantitative analysis tools for MS imagingalaln this work, we speci -
cally address the questions of DESI-MS data classi catioto(glioma subtypes) as well
as identifying suitable feature selection techniques tdwahe detection of biomarkers.
Figure 4.3 shows the visualization of sample spectra frogratmalyzed dataset for all four
glioma subtypes.

In this work, we apply machine learning techniques towalssdlassi cation of the
samples in a glioma data set acquired by DESI-MS imaging,one of four subtypes of
gliomas. Further, we move towards biomarker discoveryg&i§-statistics and the Max-
imum In uence Feature Selection algorithm (MIFS, which veaigjinally proposed for the
analysis of multiclass Comparative Genomic Hybridizati@®&H) data in bioinformatics

[55]).

4.3.1 Classi cation Framework

4.3.1.1 Preprocessing and Feature Selection

We explore two feature selection methods in the scope ofwiidk: the Kolmogorov-
Smirnov (KS) statistic-based feature selection, and Maxmin uence based Feaure Se-
lection (MIFS) [55]. The KS test is a nonparametric test adiady for 1-D probability
distributions, and we use it here to estimatéistancebetween the empirical distribution
functions of each set of two samples (each tumor class vérsugthers) which allows us to

compare the discrimination potential of the different m@ssharge (m/z) ratio values, and
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select a subset of thes®'zas features based on p-value. We use the MATLAB Statistics
Toolbox™™ for conducting this KS statistic-based feature selection.

The MIFS test is an iterative test to select features thatigeothe largest incremental
increase in an objective function of discrimination (sushtlae objective function for the
SVM used for classi cation). It is performed here as moteain [55]. Since the MIFS
test is performed of ine, we are not concerned with perfontaissues, and initialize the
feature list for the algorithm by selecting the m/z valud ttiaplays greatestiscrimination
for the various tumor classes as measured using the KStgtatiAs compared to [55],
our implementation differed in that we retrained the SVM®ath iteration of MIFS to
assess the change in objective function for each of the rentpfeatures. While this is
computationally expensive, it yielded better results wibkpect to overall classi cation
using the nal set of features. Again, since the MIFS aldunitis performed of ine, its
computational ef ciency does not impact the real-time itytibf the overall framework

with respect to integration into a surgical work ow.
4.3.1.2 SVM-based Classi cation

In this work, we utilize the well-established technique apfort Vector Machines [24] for
classi cation of the glioma samples. Prior work (such as]]8fas shown that SVMs are
one of the most robust techniques with respect to mass speetry imaging data classi -
cation. Given a set of points in a high-dimensional spacé $hiat each point belongs to
one of two classes, an SVM performs classi cation by estintaas a decision boundary,
the hyperplane maximizing the margin separating the twssea. Thus, the basic SVM is
a tool for binary classi cation. Since we are dealing with altrclass classi cation prob-
lem in this work, there are two approaches available: tatpamntthe overall problem into a
combination of binary classi cation problems for each ofialhwe can employ a SVM, or
to use the approach of Crammer et al [23] to directly applyglsiSVM for the multiclass

problem. In the scope of this paper, we focus on using theof¢ihese approaches. We use
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a one-versus-all strategy to train multiple SVMs and coralilme featurgankingsfrom
the multiple SVMs to obtain an overall feature ranking, whige then use in the feature
selection process. We create four individual SVMs to cfgssach glioma class versus
all the others, and nally combine the classi cation outpwif all four SVMs as given in

Equation 28 to obtain the nal classi cation resudi,, as follows:

Stinal = SaSbScSd + SaSbScSd + SaSpScSd + SaSbScSd (28)

wheres,, S, Sc andsy denote the outputs from the individual SVMs trained with dime-
versus-all strategy for the four different subtypes (aasft astrocytomas, glioblastomas,

oligodendrogliomas and oligoastrocytomas respectively)

4.3.2 Experiments and Results

4.3.2.1 Data

The tissue samples used in this work were obtained from the&rddacology Program
Biorepository collection at Brigham and Women's HospitaW{H), and analyzed under
approved Institutional Review Board (IRB) protocol, withformed written consent ob-
tained by licensed neurosurgeons at BWH. The DESI ion sowesea lab-built proto-
type, con gured as described in [40]. The data set analyzedprised 13 subjects - three
each with anaplastic astrocytoma, oligodendroglioma digastrocytoma, and four with
glioblastoma - with multiple spectra from each for a totaBO8B (pro le) spectra. Each of
the samples had entire mass spectrometric images (mufttiaés spectra acquired across
the tissue section surface), and each pro le spectrum wagpaoted as the sum of the ac-
quisition scans from a complete row. These 398 pro le sgewtere then put through the

analysis framework described in this work.
4.3.2.2 Experiments and Results
In the rst part of this work, we applied SVMs to the classitan of the glioma data, with

a view to understanding the impact of preprocessing andifeatlection on classi cation.
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Table 7: Classi cation performance

Number of features Accuracy| Sensitivity | Speci city | Classi catio
time (sec-
onds)

Unscaled MSI, enf - 84.40 40.00% 99.30% | 0.18
tire mass range
Scaled MSI, entire - 92.768% 74.2%%0 98.9% | 0.22
mass range
Scaled MSI, K§ 2247 98.16% 94.21% 99.4%0 | 0.12
statistic-based
feature selection,
=0:10
Scaled MSI, KS§ 1599 99.47%0 98.420 99.826 | 0.08
statistic-based
feature selection,
=0:05
Scaled MSI, K§ 992 98.42%0 95.26% 99.4®6 | 0.05
statistic-based
feature selection,
=0:02
Scaled MSI, K§ 704 98.2% 94. 744 99.4720 | 0.04
statistic-based
feature selection,
=0:01
Scaled MSI, K§ 25 94.3%% 81.0%%0 98.7%0 | 0.01
statistic-based
feature selection
(highest ranked by
p-value)
Scaled MSI, Feature 25 92.9% 77.8%%0 98.046 | 0.01
selection using
MIFS
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Table 8: Results of feature selection from the KS-statestid MIFS-based methods (m/z
values): results of the methods are displayed both withodtwvaith clustering (centroids
are obtained by clustering the top-ranked 25 features frach enethod)

| | Ranking| KS statistic-based feature selectipMIFS |

1 751.6 751.6
2 864.7 999.9
Top ranked features (direct) 3 751.7 999.8
4 751.5 990.9
5 864.8 999.7
1 751.2 744.4
Centroids extracted by clustering2 788.1 839.6
3 845.8 989.8

We focused on the values from 650-1000 m/z as motivated bgttiay of lipid pro les

in [28]. We employed a one-versus-all strategy to partitiois multiclass problem into
four separate binary classi cation problems, and combhme ¢lassi cation results from
the four individual SVMs using Equation 28. We compared tlassi cation performance
of a simple quadratic-kernel-based SVM on the raw data amsigéhe scaled data with
original dimensions, and scaled and dimension-reduceal (@aing the KS-statistic) with
different thresholds for the p-value and nally with the démsion-reduced data using the
features extracted by the MIFS algorithm. The results of &xperiment are reported in
Table 7. 10% of the available data was reserved for evalatnol the SVMs were trained
on the remaining 90% of the data. The performance metriasrteg were averaged over
250 random trials. We observe that feature selection greabroves the classi cation
performance, and also reduces classi cation time from G2&onds for the entire mass
range down to 0.01 seconds for classi cation using a set ofe2fures. This is a great
bene t from the perspective of integrating DESI-MS into thargical work ow since this
approaches real-time operation. Further, we comparedabddature selection methods
by using a target of 25 features, and MIFS and KS statistsetbdeature selection were

found to yield comparable results.
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In the second part of this work, we extended the SVM-basessctation via the Max-
imum In uence Feature Selection algorithm with a view torexting biomarkers for the
DESI-MS glioma data set. We compare the features select@dIB$ with the features
selected by the KS statistic-based test. The preliminasylt of this experiment are
summarized in Table 8 where we show the top ranked 5 m/z valoeseach method. The
table also shows preliminary results of clustering to ettBam/z centroids from each set
of peaks. The motivation for this clustering (using k-mgasgo extract more meaningful
masses to study since the quantitative techniques arevelolster yield m/z values that are
often clustered together on the m/z axis. This approachn®itly being explored, but
clustering is found to better highlight mass ranges witleagrent between the two feature
selection methods and this motivates future work on comigitihe two feature selection
methods into one robust technique for biomarker discovery.

Finally, we show in Figure 4.3.2.2, the approach behindgrering a molecular 1D of
m/z values selected by the MIFS algorithm via tandem massgpeetry on the selected
m/z. We show this for one selected m/z value of 750.5 (comedmg to the positive mode)

which is one of the selected features.
4.3.3 Concluding remarks on MSI classi cation and biomarke detection

To conclude, we proposed a complete classi cation framéiar DESI-MS data towards
integrating MS imaging into the surgical work ow. We obtauh excellent results in clas-
si cation of glioma subtypes using SVMs with preliminaryadd/feature) selection using
the Kolmogorov-Smirnov test. We also demonstrated therpiaieof the MIFS technique
(originally proposed for CGH data analysis) for the anaydimass spectrometry imaging,
by obtaining excellent classi cation results using theragted features for the SVM-based
classi cation framework. We found that MIFS and the KolmogwoSmirnov test per-
formed comparably well in classi cation performance, and propose that SVM-based

classi cation with an of ine feature selection using a coimdétion of these methods is an
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excellent candidate for integration into the surgical wovk We also motivated the ap-
plication of the feature selection algorithms towards baoker discovery and presented
preliminary results on the molecular ID of one selected nvés$sandem MS.

In future work, it will be of interest to further analyze thelscted m/z values via the
tandem MS technique in order to identify the molecules they represent and study their
role as potential biomarkers. It is also a worthy goal to ustdand the relation of selected
features to prior work such as the lipid pro les identi ed {28]. Integration of more
preprocessing techniques such as denoising into the claissn framework while main-
taining its current real-time performance, and replacimg dne-versus-all multiple SVM
strategy with the multiclass SVM implementation of [23] tmds a more integrated classi-
cation and biomarker identi cation framework, are othdrekctions to be pursued in future

work.

4.4  Tumor Boundary Detection

Surgery is the most important, and often the rst treatmedality for the majority of

brain tumors. In neurosurgical interventions for brain@ans, the principal challenge is to
maximize the resection of tumor, while minimizing the pdtahfor neurological de cit

by preserving critical tissue. We aim to develop a real-tiamalysis of the tissue us-
ing mass spectrometry in conjunction with radiology for geeguided neurosurgery. A
surgical probe is being integrated with an atmosphericquresDesorption Electrospray
lonization (DESI) mass spectrometry source [84, 20] anduraravigation system to al-
low Real-Time Stereotactic Mass Spectrometry (RTSMS)yaimsbf surgical tissue for the
molecular detection of tumor margins. Mass spectrometipti®duced as a molecular
imaging approach, complementing or bypassing needs feesys injections of molecular
probes required for standard methods. In this work, we psep framework where we
use a training set of multiple subjects and build a predéatnodel to determine tumor cell

concentration from Mass Spectrometry Imaging (MSI), tagadetecting tumor margins
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intraoperatively. In the absence of a physical model ligkime data (pro le spectra) to the
output (the histopathological score), we frame the probésnone of regression using the
Relevance Vector Machine (RVM) techniques of Tipping et8&][ In Section 4.4.1, we
present the theory behind the proposed framework, spdby the details on the prepro-
cessing of the raw Mass Spectrometry data towards denasiddeature(/peak) selection,
the details of the RVM-based model for the tumor cell con@itn as gunctionof the
spectra and the details of the implementation of the prappraenework, complete with the
libraries and parameters used to obtain the results reportthis paper. In Section 4.4.2,
we discuss the experiments conducted to validate the peoldosmework, and present the
results obtained. Finally, in Section 4.4.3, we make casialgi remarks and present ideas
for extending this work in the future.

In Figure 4.4, we show the stereotactic sampling sites limecthroughout the tumor
for 1 subject with site markers colored by the absolute isitgrvalues of then/z653.5834
(selected to illustrate the variance of molecular distitruin the sampling sites) and sized
proportional to the true size of the samples acquired folyaa The numbers 1 to 10 indi-
cate the order of acquisition. Figure 24 shows a sample prgpectrum and corresponding

stained tissue section.

4.4.1 Proposed Framework for Estimation of Tumor Cell Concatration

4.4.1.1 Modeling Tumor Cell Concentration

We formulate the problem of modeling the tumor cell concatitn as a function of pro le
spectra, in the linear regression framework. We have thevimhg requirements for the
technique to be used - the ability to handle limited numberahing inputs, the ability to
generalize well and low computational cost. Hence, we psefdo use Relevance Vector
Machines (RVM) [86, 9] based regression for this problenmgis Gaussian kernel.

Let X(; ) denote the pro le spectrum of the i-th sampling site from jk subject in

our training population, and ldi(x) denote the tumor cell concentration of the pro le
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spectrum given bx.
In the regression framework,are the input vectors and the scalar tatgegn be written
as:

t= h(x)+ (29)

where the error is modeled as independent zero-mean gaussian with varignce

We modelh(x) as:
X
h(x)= Wm m(X);h=(X)w (30)

m=1

By the error model assumed, we get:
P(tnjxn) = N(tajh(xn;w); 2) (31)

Sincet, are assumed to be independent, the likelihood of the comghkda set can be
written as:

p(tjiw; ) =(2 Z)TNexpfz—lzkt wkg (32)

By the RVM approach, here we constrain the parametely prior distributions using

hyperparameters as follows:

Wl .
pwj )= N(Wjo; ;7 (33)

i=1
Using Bayes' rule, we can write the posterior parameterithstion conditioned on the

data as follows:

L
2 = p(tjw; 9p(wj ) _ NC: )

p(wjt; ; o 2 , (34)
where
=(A+ 2 T) ! (35)
= 2 Tt (36)
A =diag( 1; 21 wm) (37)
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Formulating the Sparse Bayesian Learning as a Type-ll Mamnikelihood proce-

dure, we write the Marginal Likelihood as:

L( )=logp(tj; 2 (38)
= 71 Nlog(2)+log jCj+t'C 't (39)

with
cC= 21+ AT (40)

By maximizingL ( ) with respectto and , we get maximum probable estimates of

the two quantities asyp and yp respectively.

We nally obtain the predictive distribution for any new iopX ey as:

p(tnewjt; MP ; |\2/|p) (41)

R - 2 - 2
= P(thew)W; e )P(WJt, mp; yp)dw

= N (thew]Nnew: ﬁew) (42)
where
Nnew = &P ( x) (43)
mp = mp 't
r%eW: I\Z/IP + ( Xnew)T ( Xnew)

Thus, given a new pro le spectrumye,,, we will use Equation 43 to predict the tumor

cell concentration.
4.4.1.2 Preprocessing

The high dimensionality of mass spectrometry poses a cigdlén the proposed frame-
work. Firstly, since the number of samples typically avialégfor training such a framework
are limited, high dimensionality of input reduces the rdhess of théearnedmodel. Sec-

ondly, the dimensionality of the input directly affects tt@mplexity of the framework. To
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address these issues, we employ peak selection technaselett the variables to regress
over. We experiment with two techniques: using t-statsstind KS-statistics. We compute
t-statistics (KS-statistics) with respect to the binneadu cell concentration of the input
samples (as classi ed by the expert as part of the histopaginzal evaluation). We then
order the t-statistics (KS-statistics) and select the smgsgth highest (lowest) values of
t-statistics (KS-statistics) for use in the modeling step ithese are the peaks at which
the kernels in the model of Equation 30 are centered to bedm Whe peak selection is

illustrated in Figure 4.4.1.2.
4.4.1.3 Implementation

In the scope of this work, we implement the proposed framgwoMATLAB in conjunc-
tion with C++ code utilizing thé®lib open source library [43]. The preprocessing and peak
selection are performed in MATLAB and the RVM-based modglis carried out using

MEX code that employs thBlib library. We use the sigmoid kernel in the RVM model.

4.4.2 Results
4.4.2.1 Data

The DESI Imaging data used for the experiments in this work aequired from tis-
sue specimens prepared at the Brigham and Women's Hosaitdlanalyzed in the As-
ton Laboratories at Purdue University. A lab-built proteg¢y(con gured as described in
[20]) was used for the DESI ion source. The spray solvent isethe acquisition was
methanol:water (50:50) with the application of a 5 kV spraitage, the nitrogen gas pres-
sure was 150 psi and the solvent ow rate was 1.5 L/min. 2D iesagere recorded con-
sisting of arrays of pixels, with each pixel covering an aod®00 x 200 m2, and the
samples were then analyzed in negatin€z150 1000) ion modes. The MS data was
acquired using a LTQ linear ion trap mass spectrometer otbetk by the XCalibur 2.0

software (from Thermo Fisher Scienti ¢, San Jose, CA, US&patially accurate images
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were then assembled using the software Biomap (freewanelly; for the modeling ex-
periments presented in this paper, ve pro le spectra cep@nding to ve different regions
of each specimen were used. In all, 28 tissue samples of giamere used leading to 140
mass spectra as input for the modeling process. The gliomplea span different subtypes
(anaplastic astrocytoma, glioblastoma, oligoastrocygamd oligodendroglioma) and three
tumor grades (WHO grades 2-4). Also, histopathologicaluatson was performed by a
pathologist on all the samples, yielding assessment of tegibconcentration per sample,

which was also an input into the modeling process.
4.4.2.2 Experiments and Results

We focus in this study on the mass spectrometry data betwaé&h §50-1000 Daltons,
since we are focused on understanding and using the redaijof the lipid pro le to all
characteristics of gliomas (including grades, subtypastamor cell concentration). We
perform peak selection using two techniques: t-statisiitd KS-statistics. We bin the
tumor cell concentration into three categori@s (35% 35 70%and70 100% and
use these categories to divide the available data into supgrover which we compute
the statistics. We then sort the statistics and select thss@sawith the highest(lowest) t-
statistics (KS-statistics) as peaks to regress over. Wdumrexperiments to compare the
performance of the two peak selection approaches, as wélleasumber of peaks used.
We also explore via our test cases the effect of preliminasymalization on the mass
spectrometry data.

We present our results from the comparison of preprocessingmes in Table 4.4.2.2.
We compare four schemes against the original data - scalihg in the(0; 1) range, scal-
ing by the mean and standard deviation, scaling by the mimirand standard deviation,
and preliminary baseline correction using a moving averaggure 26 shows a visual

comparison of these preprocessing schemes with the oridgita, for three sample spectra
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chosen to represent three different tumor cell conceotmnaevels 6% 40% 90%). Ta-
ble 4.4.2.2 shows the corresponding quantitative compargd these schemes, with the
modeling and prediction errors that were obtained for tispeetive schemes while using a
sigmoid kernel-based RVM for modeling with 4 peaks seleci®dg t-statistics. From ex-
tensive experiments over both peak selection methods ardidferent numbers of peaks,
we observe that the preprocessing scheme that yields thpdrésrmance for this data set
is the one where we scale the data by standard deviation aceltfee minimum to zero.
Finally, we conducted experiments to ascertain the optmaiber of peaks to employ
in this framework and these results are presented in Tadl2.2. We compare a wide
range of values for the number of peaks with both peak selee@pproaches. In looking
at the modeling and prediction errors, we nd that for thisadset, 4 and 5 are the optimal
number of peaks for the t-statistics-based and KS-stzidbased approaches respectively.
Using a leave-N-out approach, we train the model80&b of the available data set and
test it on the remainin@0% The errors from the respective sets are designated here as
the modeling and prediction errors respectively, with hesmbers being estimated as the
average over a 100 independent trials. It is worth noting iale it can be expected
that increasing the number of peaks would increase accuratlye model by allowing
more degrees of freedom, in our study, we observed dimimgsheturns when increasing
the number of peaks beyond the optimal described above. Wileust this to the limited
size of the population that we use for training the model, aedexpect that increasing
the number of samples analyzed will lead to higher accurang @llow this for a greater

number of peaks).
4.4.3 Concluding remarks on tumor boundary detection

In this section, we proposed a novel method for intraopezgprrediction of tumor cell
concentration from MSI, based on a Relevance Vector Macappoach to be used in

conjunction with appropriate peak selection methods fonefisionality reduction. The
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Table 9: Comparison of preprocessing schemes: modelingaattiction errors using the
sigmoid kernel for modeling, with t-statistics-based sgt of 4 peaks

Preprocessing scheme Modeling Error @0) | Prediction Error¢o)
NoneOriginal data 25.80 25.72
Scaling (to lie in [0,1]) 24.22 23.95
Scaling (by mean and standard deviation) 25.21 25.31
Scaling (by standard deviation) and minimum zero 13.21 14.59
Baseline correction (by moving average) 22.66 25.48

90mm

Table 10: Quantifying the model performance: comparintediint peak selection methods
and the number of peaks used
| Peak selection methddNumber of peakg Modeling error §) | Prediction error %) |

T-statistics 50 25.86 25.66
T-statistics 20 25.78 25.82
T-statistics 10 20.40 20.28
T-statistics 6 18.75 18.84
T-statistics 5 17.34 17.71
T-statistics 4 13.21 14.59
T-statistics 3 19.31 21.45
KS-statistics 50 25.74 25.94
KS-statistics 20 14.05 14.72
KS-statistics 10 13.37 14.22
KS-statistics 6 13.38 14.13
KS-statistics 5 13.31 14.02
KS-statistics 4 13.36 14.31
KS-statistics 3 14.07 15.01
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prediction of tumor cell concentration, given a previoushseen spectrum acquired by the
DESI-MS modality, was found to be achievable in real-timeclihmakes an excellent case
towards integrating the framework with the surgical worlwo

The framework yields promising results with a reasonably &ror of 14%as tested
by a leave-N-out approach to quantifying the predictionatality of the learnedmodel.
These results are especially promising given the limited sif the population we regress
over in training the RVM. This also motivates our rst goal fluture work on this front,
which is to increase the robustness of the modeling resnttscentify more suitable peaks
by including a larger population of mass spectra into thdysma \We will also explore al-
ternate peak selection and preprocessing techniques. Wespecially pursue approaches
to increase the model accuracy and its prediction capgbyireducing inter-subject, inter-
subtype and inter-grade variance. We aim to develop apiateptechniques for normal-
ization of mass spectra towards this goal. Finally, we witlgess the issues of tumor
density (as different from tumor cell concentration whishused in this work) and spatial
interpolation, towards enabling the intraoperative ustéhefproposed framework for tumor

boundary location.
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(@ (a) (b) (b)

(c) (c) (d) (d)

Figure 20: Visualization in Slicer3 of MS image data withpest to peaks selected by T-
statistics (a,b,c for 768.3, 838.3 and 889.2 Dalton resgedgj and tumor cell concentration
(d), superimposed on the stereotactic sampling sites frenotiginal tumor
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Figure 21: Visualization of sample mass spectra from the fgioma subtypes in the
analysed dataset: anaplastic astrocytoma (blue), gbtdiaa (green), oligodendroglioma
(maroon) and oligoastrocytoma (cyan). The m/z range of BBOO is displayed.

Figure 22: Tandem mass spectrum of m/z 750.5, assigned psshi&ely charged sodium

adduct of GalCer(d18:1/18:0). Neutral loss (NL) of 162,nfang m/z 588.4, and NL of

180, forming m/z 570.3, are both highly characteristic gaus in the rst-generation prod-
uct ion spectra for precursor ions of galactoceramides. aatteristic NL 18, correspond-
ing to the loss of water is also observed. The fragment peakd®4.3 corresponds to the
sodiated C18 sphingosine long-chain base, and repressigaiaant mass fragment ion

for galactoceramides ([28]).
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Figure 23: Visualization of stereotactic sampling sitesumor surface for 1 subject
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Figure 24: Sample tissue section stained with hematoxyloh @osin (H&E)s (left) and
corresponding Pro le Spectra (right): each row correspotadone tumor cell concentration

of 90%, 50%, 30% and 0-5% (top to bottom)
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Figure 25: Flowchart for peak selection
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Figure 26: Visual comparison of preprocessing schemespleaspectra with tumor cell
concentrations of %(red), 4®o(green) and 9% (blue)

O
a 8 & & &
S 8 &8 8 &

Intensity
w
1<}
3

2501
2001
1501 I
100 | A/\
500 | | |
« N LA AN AN TRt e
650 700 750 800 850 900 950 1000
m/z (Daltons)
(a) Original spectra
1
09
10r
08
[ikas 8 ”
06
2 2
§os
£ £
03F
02
01
géo . %0; 75;0 800 850 900 : 7950 HlOOO
m/z (Daltons) m/z (Daltons)
(b) Scaling to lie in(0; 1) (c) Scaling by mean and standard deviation
12F
12r
10 1 10
o
Al
o

A 6

£ L L L L L L L ]
650 700 750 800 850 900 950 1000 650 700 750 800 850 900 950 1000
m/z (Daltons) m/z (Daltons)

(d) Scaling by standard deviation, wifhmini- () Basic baseline correction (using moving av-
mum erages)

77



CHAPTER YV

CONCLUDING REMARKS

This thesis addresses the three research areas of the sagoreof neural ber bundles
and blood vessels, schizophrenia detection and nally thedyssis of mass spectrometry
imaging towards enabling its use as a medical imaging miydalVhile the work in this
thesis puts forth new mathematical methods in each of theses athey each hold further
open research problems of great interest and practicalcapioin in the eld of medical
imaging.

The segmentation of neural ber bundles and blood vesselssds that have spurred
a tremendous amount of research, but open issues abounceggatid to the usability of the
segmentation frameworks towards speci ¢ end-applicaisach as group studies in dis-
orders such as schizophrenia and Alzheimer's disease, lhasvguanti cation in cardiac
disorders such as in plaque detection and evaluation.

Schizophrenia detection is a eld that is still largely bdsa qualitative evaluation and
hence still prone to misdiagnosis. Therefore, itis of vill@bortance to develop quantitative
methods for robust schizophrenia detection. Due to the ¢axitp of the disorder and the
gaps in the understanding of the same from both anatomiddiuarctional perspectives, it
is important to both develop methods that aid in the detaatidhe disorder and methods
that aid clinicians in expanding their understanding ofdisorder. Methods that serve to
understand white matter structures in a focused and ingialichanner (such as the frame-
work of Chapter 3) are a useful contribution in the latteedtion. It is of further interest
to use different such frameworks in conjunction and undeitheir relative capabilities

towards interpreting the results dragnosis from the different frameworks appropriately.
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For example, while the proposed framework yields no clasgion between normal con-
trol and schizophrenic brains (with regard to the Cinguluom@le) on the larger extended
population, it does allow a comparison of the spatial vaoratn features between these
classes. Coupled with the observation that the tubulaasarsegmentation framework ex-
tracts the tubular structure passing through the high FAelgyxhe proposed framework
can be used with alternate tractography algorithms to eiéatire lengths of white matter
bundles and subsequently capture a greater cross-seot@iowv voxels with lower FA
(and hence lower directivity), which can be expected todyimdtter classi cation (and with
greater generalization). Also, as mentioned earlier, thdysof other white matter bun-
dles (using the proposed and competing frameworks) is anaitea with great potential
remaining to be studied.

Finally, mass spectrometry imaging analysis is a relagiviedw entrant in the eld of
medical imaging, and speci cally the surgical use of the @ady targeted by the work
in this thesis is a very novel end-application of this magaliCoupled with the access
to new enabling techniques such as DESI, the mathematatitpues proposed here for
classi cation, biomarker detection and tumor boundaryalkian are of vital signi cance.
There are still open issues though with regard to the acembfimass spectrometry in the
surgical work ow and a great number of these stem from twmfso The rstis the paucity
of mass spectrometry data to train quantitative frameworksand the associated impact of
the speci ¢ natures and volume of data that certain mathigadaechniques require, such
as the need for the RVM-based regression framework to beeaon a population that is
not only larger overall but also includes several samplesmfeach subject, and contains
ground truth (or expert markings) for tumor boundaries fooegh of these subjects that
the results can be quantitatively veri ed. The second sesfies stems from the lack
of understanding around the nature of mass spectrometeyfdan a signal processing
perspective. Greater understanding of the role of the stlfjedividual anatomy), the

tumor type, the tumor grade, tumor cell density and so on evikble more accurate and
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physiologically-motivated ltering and preprocessingtaiques for MSI analysis which
will greatly enhance the usability of all classi cation amdodeling techniques for this

modality of data.
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APPENDIX A

DERIVATION OF TUBULAR SURFACE EVOLUTION

A.1 Derivation of Tubular Surface Evolution

In this section, we provide the detailed derivation of theletions equations for the pro-

posed Tubular Surface model.
A.1.1 Sobolev Gradient in terms of theL2 Gradient

We begin by expressing the Sobolev gradient as a functioheftandard.? gradient,
which can be using standard variational calculus. Lef0;1]! RY(d =3 ord = 4)
de ne a space curve suchth@) = ,and (1) = 1where o, ; 2 RY are the xed
endpoints of . Let E be an energy de ned on, and letg = r soE, f = r [ 2E denote
the Sobolev antl 2 gradients o, respectively.

By the de nition of the inner products (4) and (9 andf are related as follows:
L?gs=f; g(0)=g(L)=0 (44)

wheres represents the arclength parameter oL is the length of , and the boundary
condition corresponds to endpoints that are to be xed dpewolution. Equation 44 can

be solved foig by integrating yielding:

Z S
9= 10) s (45)
integrating again yields
1 YA sZ s
g(s) = g(0) + sg{0) L2 f()d ds
Z . 0 O
= sg{0) L—lz i f(&)(s $)ds (46)
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where
1 an
g%0) = s, f(&)(L 9 ds: (47)

The expressions (46) and (45) above yield a linear compléiitthe number of sample
points of ) computational algorithm for computirgyin terms off .

Since the transformation mappirigto g is a bounded linear operator, it can be ex-
pressed as an integral operator, i.e.,

Z L
g(s) = . K (s;9)f (8)ds =: K(f)(s); (48)

wheres; $ are arclength parameters of K : [0;L]? ! R is a symmetric kernel, and by
abuse of notation, we also write= K (f ) to denote the linear operator de ned above. By

manipulation of (46) and (45), one can nd thétis given as in (8). Note also that
YA L
gle)= @K (s;9)f (§)de=:(@K)(f)(s): (49)
0

The expressions (48) and (49) are for simplicity of notaton ease of mathematical ma-
nipulation in the subsequent computations. However, fonerical implementation the
expressions (48) and (49) are computed using the expresgién and (45), as doing so

results in lower computational complexity.
A.1.2 Sobolev Gradient of Tubular Energy

We begin by computing thie? gradient of the tubular energy (3). Let [0;1]! R*and
e=(c;r) wherec: [0;1]! R3?isimmersed and : [0;1] ! R*. Denote bys in this
subsection, the arclength parametec,dfy sthe arclength parameter efand byu 2 [0; 1]

a parameter of a parameterizationsofThen (3) can we written

Z 1
_ ()

)it u)j du;
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where is afunction ofp = (x;r) 2 R* andv 2 S?, sis arclength parameter of the curve

€. Lettingebe time-varying, we can compute the variatiorgof

EE:
dt 7
! d u) . . o
+ — +(~ :
oo &+ v at i) jeu +(~as &j&j) du;
which simpli es to
2 0 s 13
d Z1 @ ro 2
—E = 4 —@" 1+ = + ~cAS5ds
-, e ic =
where ", = ( ;0)". Therefore,
0 s 1
1 @ - A rs 2
=1 2E(€) = =@", 1+ = + ~cA: 50
T (€) P @ o Cs (50)

The Sobolev gradient is then computed using (48) and (50Jiyig:

I sobE = K(r 2E)

L K( )+l @K (A Trinaga)?+ ~c) (51)

where the expressions for the operatdr§ and@K () are given in (48) and (49), and they
can be computed using formulas (46), (45), and (47).
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APPENDIX B

FINSLER LEVELSETS FOR IMAGE SEGMENTATION IN
ORIENTED DOMAINS

B.1 Motivation

This work was motivated by the problem of segmenting stmastfrom imagery in oriented
domains. Diffusion-Weighted Magnetic Resonance Imagi\My{MRI or DWI) is a natu-
ral application scenario for this framework, but we alsaniotate the problem of textural
segmentation as one of segmentation in an oriented domaex(kacting features that cre-
ate an oriented domain) and subsequently demonstrate ¢haf tise proposed framework
for these two application scenarios.

For image data in oriented domains, the boundaries of abjefcinterest extremize
energy functionals that depend not only on position but alsadirection. This is the
fundamental motivation behind the Finsler active cont@amiework since it attempts to
extremize an energy of exactly this form. Prior work has iempénted the dynamic pro-
gramming based approach to this framework [61]. The worle lpgesents the rst level
set implementation of this framework in arbitrary dimemsand the results obtained with
this implementation for 2D and 3D images. This implemeptatias the natural advan-
tages of being able to handle topological changes, and laddlegto trivially extend our

implementation to arbitrary dimension.

B.2 Theory and math

Let ( p;d) denote the energy that we desire to minimize as a functiohepbsition p'

and the directiond' . The expression for the evolution of the hypersurface igoted as,
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(=1 N+Tr(rga)+  Tr(dN)N; (52)

where denotes the hypersurface,is the local costN denotes the unit normal to the
hypersurface andN is the shape operator. The detailed derivation of this esgio& can
be found in [61].

Denoting the surface of interest as the zero level set of mesiglistance function, we

obtain the expression for the evolution of the level set fiomcas,

U =T p ru+Tr(rg)+ Tr(dN)jjujj; (53)

whereu is the level set function.

B.3 Level Set Implementation

The level set formulation implicitly represents the suefaf interest as the zero level set
of an appropriately dened level set function. This work ubessigned distance function
because of its desirable properties with regards to the atatipn of geometrical quantities
of interest in surface evolution. This choice simplies thmputation of the Shape operator,
dN , and a basis for the tangent space (which is equivalefetcurface derivatives with

respect to the arc length parameder
B.3.1 Shape operator

Let u denote the signed distance function (SDF). Then, tmmalocan be obtained from

the gradient of the SDF as,
ru
jir ujj
Since the shape operator is the derivative of the normaldasthface with respect to

(54)

arc length, s, we can write it as,
dN _ d ru
ds  dsjjr ujj

(59)
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This can be simplied to obtain an expression for the shapetgpen terms of the SDF

as
1
N=—"—(1 NNHYH 56
TR Hu (56)
where Hu is the pointwise hessian of the levelset function u.

B.3.2 Computation of surface derivatives

It can be seen that that with arc length parameterizatioritathct that the surface deriva-
tives required in the numeric implementation occur undeaes operator (which is invari-
ant under a change of basis of the matrix argument or a chdrayder of argu- ments), we
can replace the matrix containing surface derivatives barartrary choice of basis for the
tangent space at the point. This basis is trivial to detegnfithe unit normal to the surface
is known. Since for an SDF, the normal can be obtained frongtadient, we can simply

express the matrix with the tangent space basis as,
d=(1 N:N") (57)

whered denotes the surface derivatives used in the evolution,Nardkenotes the unit
normal to the surface . It can be shown that the eigenvectors of this matrix are @b fa
the normal itself - corre- sponding to zero eigenvalue - dred(n-1) tangent directions
corresponding to eigenvalue 1 which represent surfacgateres. The sparse eld approach
of [94] was chosen to implement the level set formulationhe# Finsler active contour
framework, in order to achieve fast computations given #Hrgd sizes of the directional

datasets being used.
B.3.3 Cost functions

The fundamental motivation to all the cost functions ex@tbin this work is to nd edges
in the directionality of the underlying data. Hence all thestcfunctions discussed here
yield segmentations that are primarily edge-based in ra#rcrucial feature of the avail-

able data is that the object of interest does not homogehedisplay a single direction.
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Diffusion pro le inside | Diffusion pro le outside|

Original data

Tensor model approximation

Table 11: Diffusion pro les in the synthetic image. Resuwfsxomparison in Figure 27

There are intermediate areas where (using DW-MRI termopglahe diffusion is possibly
isotropic and sometimes zero. Thus, it is important to §lytaompute gradients in these
images to better capture the directionality inside (andide) the evolving surface. The
cost functions are formulated in such a way that the cosgasifrom 0 to 1, and so that
the energy is minimized on the surface of interest. The cg®arece condition was fairly
simple with the algorithm stopping when the average cosherstrface fell below 0.1 and

stayed there beyond a certain number of iterations.

B.4 Results

The framework was tested via three sets of experiments. $haimed to compare it
with the Riemannian approach on a tensor t of the data. Thendeexperiment applied
the framework to the segmentation of a texture image andhind applied it towards

automatically nding the cingulum bundle from DW-MRI imager
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(f) (9)

(h)

Figure 27: Results on synthetic data comparing Finsleedbdsamework to Riemannian
approach using tensors. (a) shows the initial level setslfoyvs the result obtained using
the Finsler level set framework, and (c) shows the resulpphang Riemannian level sets
on a tensor tto the data. (Diffusion pro les are providedTable 11).
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B.4.1 Synthetic data

One of the advantages of the Finsler active contour framlewgdhe fact that the data is not
forced to t a tensor model. This allows greater accuracy piwang features of interest.
This is demonstrated via a comparison between the proposeeivork and a Riemannian
approach applied to a tensor approximation of the same éaf&igure 27). A synthetic

data set was constructed with different diffusion proleghii and outside the object of
interest which is a simple circle. Itis an extreme exampiesithe diffusion proles within

and outside the circle look identical when t to a tensor m@¢@ahble 11). This experiment

though simplied, clearly illustrates the advantage of camework.
B.4.2 Texture segmentation

For textural segmentation, the transformation of the abéd data into an oriented domain
is crucial to the effectiveness of the proposed segmemtatgorithm. This transformation
is dependent upon the nature of the image that we desire toesggIn the images used in
this work, it is of interest to separate the directionalifytlee gradients of the image inside
and outside the object. Hence, the transformation that waanto construct the feature
data for this application is to compute the directional ggats of the given image. The
gradients are comparable to the diffusion prole for DW-MiRhgery and the directions in
which these gradients are computed are analogous to thdiegndpections. Figure 28
illustrates this. Figure 29 shows a comparison of the metitidthe intensity edge-based
approach, and clearly demonstrates the advantage we ganhdiryg directionality into the
segmentation problem via the transformation into an oeérttomain. It is observed that
with a purely intensity edge-based approach, for this im#ége segmentation process is

not well-behaved and does not converge.
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Figure 28: Result on texture image. (a) shows the initiaklest and (b) shows the
(smoothed) result from the Finsler levelset framework.
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(@)

(b)

Figure 29: Comparison between (a) intensity edge-basedagpipand (b) directional edge-
based (proposed) approach for same initial level set.
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Figure 30: Result on DW-MRI data. The structures in yellow amgenta indicate the CB
surface identi ed in the right and left hemisphere of theibreolume.

B.4.3 CB Segmentation from DWI data

The object of interest in the available DW-MRI imagery is tiegulum bundle. We can
deduce the equivalence between such a dataset and the imag&ah the textural seg-
mentation has been demonstrated. The stripes in the téxnage are analogous to the
bers within the cingulum bundle that we desire to encapswiéthin a single surface. The
same cost function was in fact applied to both these datans@tsio difference other than
the dimension of the data itself. The initial level set foistapplication was arrived at by
creating the surface of smallest volume that fully contaimresanchor tract that is obtained
out of the Finsler tractography module discussed in [61PW-MRI data, the task of seg-
menting the cingulum bundle is equivalent to nd disjoinstarthe available brain volume
that are similarly aligned. In the absence of ground truthtii@ cingulum bundle in the
available data, we use the availability of simple eigenganalysis based approximations
to the cingulum bundle along with visual verication to valied the performance of the al-
gorithm on the DW-MRI data. Based on these, the CB extrastéolind to be satisfactory

as shown in Figure 30.
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B.5 Concluding remarks

The proposed framework gives us a method to automaticayiyneeat the cingulum bundle
from the DW-MRI volume and the results were validated by cargon with eigen value
based thresholding and visual inspection. Also, the texsegmentation examples shown
in here were chosen because of their similarity to DW-MRBkdatthe sense of separating
directionality inside and outside the object, and to dertrates the advantage of adding

directionality to the image segmentation framework.

93



REFERENCES

[1] Control Theory and Fast Marching Techniques for Brain Castivity Mapping
2006.

[2] AcAaM, G. and WU, C., “Probabilistic modeling based vessel enhancemeriitan t
racic CT scans,” inEEE Computer Society Conference on Computer Vision and

Pattern Recognition, 2005. CVPR 2006l. 2, 2005.

[3] AGAR, N., MALCOLM, J., MOHAN, V., YANG, H., JOHNSON, M., TANNEN-
BAUM, A., AGAR, J., and BAck, P., “Imaging of Meningioma Progression by
Matrix-Assisted Laser Desorption lonization Time-ofgHt Mass Spectrometry,”

Analytical Chemistrypp. 97-1009.

[4] AWATE, S. P., 0005, H. Z., andk&%, J. C., “Fuzzy nonparametric dti segmentation
for robust cingulum-tract extraction,” iMICCAI (1) (AYACHE, N., OURSELIN,
S., and MAEDER, A. J., eds.), vol. 4791 ofecture Notes in Computer Science

pp. 294-301, Springer, 2007.

[5] BAIANO, M., DAVID, A., VERSACE A., CHURCHILL, R., BALESTRIERI, M., and
BRAMBILLA , P., “Anterior cingulate volumes in schizophrenia: a syséc review
and a meta-analysis of MRI studieSthizophrenia researchol. 93, no. 1-3, pp. 1-

12, 2007.

[6] BELJEBBAR, A., DUKIC, S., AMHARREF, N., BELLEFQIH, S., and MANFAIT,
M., “Monitoring of Biochemical Changes through the C6 GliasrProgression and
Invasion by Fourier Transform Infrared (FTIR) ImagingXnalytical Chemistry

pp. 6962-6970.

94



[7] BENES, F., “Relationship of cingulate cortex to schizophrenid ather psychiatric
disorders, Neurobiology of Cingulate Cortex and Limbic Thalamus: A @ohen-

sive Handbook. Boston: Birduser pp. 581-605, 1993.

[8] BINFORD, T., “Visual perception by computer,” iEEEE conference on Systems and

Control, vol. 261, 1971.

[9] BisHOR C. and TPPING, M., “Variational relevance vector machines,”Rroceed-
ings of the 16th Conference on Uncertainty in Arti cial lfiigence pp. 46-53,
2000.

[10] Bouix, S., SpDIQI, K., and ANNENBAUM, A., “Flux driven automatic centerline

extraction,"Medical Image Analysjsol. 9, no. 3, pp. 209-221, 2005.

[11] CALDWELL, R. and @QPRIOLI, R., “Tissue pro ling by mass spectrometry: a re-
view of methodology and applicationdylolecular & Cellular Proteomicsvol. 4,

no. 4, p. 394, 2005.

[12] CAPRIHAN, A., PEARLSON, G., and @QLHOUN, V., “Application of principal com-
ponent analysis to distinguish patients with schizopladmm healthy controls
based on fractional anisotropy measurememgiroimagevol. 42, no. 2, pp. 675—

682, 2008.

[13] CHAN, T. and \ESE, L., “Active contours without edgeslimage Processing, IEEE
Transactions onvol. 10, no. 2, pp. 266—-277, 2001.

[14] CHAURAND, P., SANDERS, M., JENSEN, R., and @QPRIOLI, R., “Proteomics in
diagnostic pathology: pro ling and imaging proteins ditigcin tissue sections,”

American Journal of Pathologyol. 165, no. 4, p. 1057, 2004.

95



[15]

[16]

[17]

[18]

[19]

[20]

[21]

CHAURAND, P., SHWARTZ, S., BLLHEIMER, D., Xu, B., CRECELIUS A., and
CaPRrioOLI, R., “Integrating histology and imaging mass spectroméfpal. Chem

vol. 76, no. 4, pp. 1145-1155, 2004.

CHRISTENSEN G. E. and ®NKA, M., eds.,Information Processing in Medical
Imaging, 19th International Conference, IPMI 2005, Glema&prings, CO, USA,
July 10-15, 2005, Proceedingsol. 3565 ofLecture Notes in Computer Science
Springer, 2005.

COHEN, L. D. and KKIMMEL, R., “Global minimum for active contour models: A

minimal path approach,” iICVPR pp. 666—673, IEEE Computer Society, 1996.

COHEN-ADAD, J., DESCOTEAUX, M., RossIGNOL S., HOGE, R. D., DERICHE,
R., and BENALI, H., “Detection of multiple pathways in the spinal cord vehiatter
using g-ball imaging,” INEEE International Symposium on Biomedical Imaging :

From Nano to Macrp2008.

CONTURO, T., LORI, N., CuLL, T., AKBUDAK, E., SNYDER, A., SHIMONY,
J., MCKINSTRY, R., BURTON, H., and RICHLE, M., “Tracking neuronal ber
pathways in the living human brainProc. Natl. Acad. Sci USA/ol. 96, no. 18,
pp. 10422-10427, 1999.

Cooks, R., QUYANG, Z., TAKATS, Z., and WSEMAN, J., “Ambient mass spec-

trometry,” 2006.

CooMBES, K., TSAVACHIDIS, S., MORRIS, J., BAGGERLY, K., HUNG, M., and
KUERER, H., “Improved peak detection and quanti cation of massctpanetry
data acquired from surface-enhanced laser desorptioncarzbiion by denoising
spectra with the undecimated discrete wavelet transfdPmteomicsvol. 5, no. 16,

pp. 41074117, 2005.

96



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

COROUGE, |., FLETCHER, P., DSHI, S., GOUTTARD, S., and GRIG, G., “Fiber
tract-oriented statistics for quantitative diffusion $en MRI analysis,Medical Im-

age Analysisvol. 10, no. 5, pp. 786798, 2006.

CRAMMER, K. and SNGER, Y., “On the algorithmic implementation of multiclass
kernel-based vector machine3he Journal of Machine Learning Researebl. 2,

pp. 265-292, 2002.

CRISTIANINI, N. and $AWE-TAYLOR, J.,An introduction to support Vector Ma-

chines: and other kernel-based learning methadambridge Univ Pr, 2000.

Davis, K., STEWART, D., FRIEDMAN, J., BUCHSBAUM, M., HARVEY, P., HOF,
P., BUXBAUM, J., and AROUTUNIAN, V., “White Matter Changes in Schizophre-

nia Evidence for Myelin-Related Dysfunction,” 2003.

DEMUTH, H. and BEALE, M., Neural Network Toolbox: for use with MATLAB
The Math Works, 2001.

DIAMANDIS, E., “Mass spectrometry as a diagnostic and a cancer biandi&-
covery tool: opportunities and potential limitation®folecular & Cellular Pro-

teomicsvol. 3, no. 4, p. 367, 2004.

EBERLIN, L., DILL, A., GOLBY, A., LIGON, K., WISEMAN, J., ®o0KS, R., and
AGAR, N.Y, R., “Discrimination of Human Astrocytoma Subtypeslbpid Anal-
ysis using Desorption Electrospray lonization Imaging M8pectrometry,Ange-

wandte Chemigop. 6962-6970.

ECKSTEIN, I., SHATTUCK, D., STEIN, J., MCMAHON, K., DE ZUBICARAY, G.,
WRIGHT, M., THOMPSON P., and DGA, A., “Active bers: Matching deformable

tract templates to diffusion tensor imageNguroimagevol. 47, pp. 82—89, 2009.

97



[30] FLORIN, C., RRAGIOS, N., and WLLIAMS, J., “Particle lIters, a quasi-Monte
Carlo solution for segmentation of coronariedfedical Image Computing and

Computer-Assisted Intervention—-MICCAI 20@%. 246—-253.

[31] FRANGI, A., NIESSEN W., HOOGEVEEN R., VAN WALsuMm, T., and
VIERGEVER M., “Model-based quantitation of 3-D magnetic resonanogi@
graphic images,JEEE Transactions on Medical Imagingol. 18, no. 10, pp. 946—
956, 1999.

[32] FRIMAN, O., FARNEBACK, G., and WESTIN, C.-F., “A bayesian approach for
stochastic white matter tractography2EE Trans. Med. Imagingvol. 25, no. 8,
pp. 965-978, 2006.

[33] FrRISTON, K., “The disconnection hypothesis3chizophrenia Researchol. 30,

no. 2, pp. 115-125, 1998.

[34] FuJIwARA, H., NAMIKI, C., HRAO, K., MIYATA, J., SHIMIZU, M., FUKUYAMA ,
H., SAawamMoTO, N., HAYASHI, T., and MURAI, T., “Anterior and posterior cingu-
lum abnormalities and their association with psychopattpplin schizophrenia: A
diffusion tensor imaging study3chizophrenia Researctol. 95, no. 1-3, pp. 215—
222, 2007.

[35] GERHARD, M., DEININGER, S., and $HLEIF, F., “Statistical classi cation and
visualization of MALDI-imaging data,” irProceedings of the 20th IEEE Symposium
on Computer-based Medical SystemsKokol P, Zorman M, PeldgeY, et al, eds
pp. 403-5, 2007.

[36] GOODLETT, C., FLETCHER, P., GLMORE, J., and &RIG, G., “Group analysis of

DTI ber tract statistics with application to neurodevelopnt,”Neuroimage2008.

98



[37] HAKAK, Y., WALKER, J., L, C., WoNnGg, W., Davis, K., Buxsaum, J.,
HAROUTUNIAN, V., and RENBERG, A., “Genome-wide expression analysis re-
veals dysregulation of myelination-related genes in cir@chizophrenia,”Pro-

ceedings of the National Academy of Scieneek 98, no. 8, p. 4746, 2001.

[38] HARTIGAN, J. and VWONG, M., “A K-means clustering algorithmJR Stat. Soc.
Ser. C-Appl. Stawol. 28, pp. 100-108, 1979.

[39] HORN, B., Robot vision MIT press, 1986.

[40] IFA, D., WISEMAN, J., ONG, Q., and @oKs, R., “Development of capabili-
ties for imaging mass spectrometry under ambient conditieith desorption elec-
trospray ionization (DESI),International Journal of Mass Spectrometmpol. 259,

no. 1-3, pp. 8-15, 2007.

[41] KANUNGO, T., MOUNT, D., NETANYAHU, N., PATKO, C., SLVERMAN, R., and
Wu, A., “An Ef cient k-Means Clustering Algorithm: Analysisrad Implementa-
tion,” IEEE Transactions on Pattern Analysis and Machine Intelige pp. 881—
892, 2002.

[42] KAY, S., AL.SZBEIN, A., and QPFER L., “The positive and negative syndrome scale

(PANSS) for schizophreniadchizophrenia bulletinvol. 13, pp. 261-276, 1987.
[43] KING, D., “dlib c++ library,” March 2010.http://dlib.net/

[44] KOHLER, M., MACHILL, S., SALZER, R., and KRAFFT, C., “Characterization of
lipid extracts from brain tissue and tumors using Raman tspgecopy and mass
spectrometry,”Analytical and Bioanalytical Chemistryol. 393, no. 5, pp. 1513—
1520, 2009.

99



[45] KuBicKl, M., WESTIN, C., NESTOR P., WIBLE, C., FRRUMIN, M., MAIER, S.,
KIKINIS, R., DLESZ, F., MCCARLEY, R., and SIENTON, M., “Cingulate fasci-
culus integrity disruption in schizophrenia: a magnetisoance diffusion tensor

imaging study, Biological Psychiatryvol. 54, no. 11, pp. 1171-1180, 2003.

[46] LENGLET, C., RoussoN M., and DeRICHE, R., “Dti segmentation by statistical

surface evolution,JEEE Trans. Med. Imagingrol. 25, no. 6, pp. 685-700, 2006.

[47] LENGLET, C., ROUSSON M., DERICHE, R., FAUGERAS, O. D., LEHERICY, S.,
and UsURBIL, K., “A riemannian approach to diffusion tensor images segta-

tion,” in Christensen and Sonka [16], pp. 591-602.

[48] LESAGE, D., ANGELINI, E., BLOCH, |., and FUNKA-LEA, G., “A review of 3D
vessel lumen segmentation techniques: Models, featuet®xdraction schemes,”

Medical Image Analysj2009.

[49] LEVNER, |., “Feature selection and nearest centroid classi cafmr protein mass

spectrometry,BMC bioinformaticsvol. 6, no. 1, p. 68, 2005.

[50] LI, H.and YEzzI, A., “Vessels as 4-d curves: Global minimal 4-d paths toamttB-
d tubular surfaces and centerlinelfEE Transactions on Medical Imagingol. 26,

no. 9, pp. 1213-1223, 2007.

[51] LI, J., ZHANG, Z., ROSENZWEIG J., WANG, Y., and GHAN, D., “Proteomics and
bioinformatics approaches for identi cation of serum biarkers to detect breast

cancer,’Clinical Chemistryvol. 48, no. 8, p. 1296, 2002.

[52] LI, R. and QURSELIN, S., “Accurate Curvilinear Modelling for Precise Measure-
ments of Tubular Structures,” iDigital Image Computing: Techniques and Appli-
cations; Proceedings of the VIIth Biennial Australian latt Recognition Society

Conference, DICTA 2009. 243, Citeseer, 2003.

100



[53]

[54]

[55]

[56]

[57]

[58]

[59]

LIANG, X., ZHUANG, Q., Cao, N., and HANG, J., “Shape Modeling and Clus-
tering of White Matter Fiber Tracts Using Fourier Descrigtdin IEEE Symposium
on Computational Intelligence in Bioinformatics and Corgtional Biology, 2009.

CIBCB'09, pp. 292-297, 20009.

Liu, H., BONNER, A., and BEviLI, A., “Modeling protein tandem mass spectrom-
etry data with an extended linear regression strategyZngineering in Medicine
and Biology Society, 2004. IEMBS'04. 26th Annual Interoaél Conference of the
IEEE, vol. 2, 2004.

Liu, J., RaNKA, S., and KAHVECI, T., “Classi cation and feature selection algo-

rithms for multi-class CGH dataBioinformatics vol. 24, no. 13, 2008.

LORIGO, L. M., GRIMSON, W. E. L., FAUGERAS, O. D., KERIVEN, R., KIKI-
NIS, R., NaBAvI, A., and WESTIN, C.-F., “Codimension - two geodesic active
contours for the segmentation of tubular structuresCWPR pp. 1444-1451, IEEE

Computer Society, 2000.

MADDAH, M., GRIMSON, W., WARFIELD, S., and VELLS, W., “A uni ed frame-
work for clustering and quantitative analysis of white reatber tracts,” Medical

image analysisvol. 12, no. 2, pp. 191-202, 2008.

MADDAH, M., KuBiCKI, M., WELLS, W., WESTIN, C., SHENTON, M., and
GRIMSON, W., “Findings in schizophrenia by tract-oriented DT-MRhadysis,”
Medical Image Computing and Computer-Assisted IntereartliICCAI 2008
pp. 917-924, 2008.

MANNIESING, R. and NESSeEN W., “Local speed functions in level set based ves-
sel segmentationMedical Image Computing and Computer-Assisted Intereenti

MICCAI 2004 pp. 475-482.

101



[60] MANNIESING, R., VELTHUIS, B.,VAN LEEUWEN, M., VAN DER SCHAAF, |., VAN
LAAR, P., and NESSEN W., “Level set based cerebral vasculature segmentation

and diameter quanti cation in ct angiographiledical Image Analysj2006.

[61] MELONAKOS, J., RCHON, E., ANGENENT, S., and ANNENBAUM, A., “Finsler
active contours,IEEE Transactions on Pattern Analysis and Machine Intetice

2008.

[62] MELONAKOS, J., MOHAN, V., NIETHAMMER, M., SMITH, K., KuBICKI, M., and
TANNENBAUM, A., “Finsler tractography for white matter connectivitgaysis of

the cingulum bundle,” IMICCAI (1), pp. 36—43, 2007.

[63] MELONAKOS, J., NETHAMMER, M., MOHAN, V., SMITH, K., KuBICcKI, M., and
TANNENBAUM, A., “Locally-constrained region-based methods for dw-seg-

mentation,” inMMBIA, 2007.

[64] MOHAN, V., SUNDARAMOORTHI, G., KuBIcKI, M., TERRY, D., and ANNEN-
BAUM, A., “Population analysis of the cingulum bundle using thkbular surface

model for schizophrenia detection,” BPIE Medical Imaging2010.

[65] MOHAN, V., SUNDARAMOORTHI, G., STILLMAN, A., and TANNENBAUM, A.,
“Vessel Segmentation with Automatic Centerline Extractidsing Tubular Tree
Segmentation,MICCAI Cardiovascular Interventional Imaging and Biopioa

Modelling Workshop 20QJnder review.

[66] MONTAGNAT, J., “Deformable Modelling for 3D and 4D Medical Image Segme
tation.,” 1999.

[67] MORI, S., QRAIN, B., CHACKO, V., andvAN Z1JL, P., “Three dimensional tracking
of axonal projections in the brain by magnetic resonancegintg’ Ann. of Neurol.

vol. 45, no. 2, pp. 265-269, 1999.

102



[68] NAIN, D., YEzzI, A. J., and TRK, G., “Vessel segmentation using a shape driven
ow,” in MICCAI (1) (BARILLOT, C., HAYNOR, D. R., and HLLIER, P., eds.),

vol. 3216 ofLecture Notes in Computer Scienpp. 51-59, Springer, 2004.

[69] NORRIS, J., @RNETT, D., MOBLEY, J., ANDERSSON M., SEELEY, E., CHAU-
RAND, P., and @PRIOLI, R., “Processing MALDI mass spectra to improve mass
spectral direct tissue analysigiiternational journal of mass spectrometipol. 260,

no. 2-3, pp. 212-221, 2007.

[70] O'DONNELL, T., BouLT, T., FANG, X., and GQUPTA, A., “The extruded gener-
alized cylinder: a deformable model for objectrecovery,’1094 IEEE Computer
Society Conference on Computer Vision and Pattern Reagognit994. Proceed-

ings CVPR'94, pp. 174-181, 1994.

[71] O'DONNELL, T., DuBuIssON-JOLLY, M., and QPTA, A., “A Cooperative
Framework for Segmentation using Contours and 3D Hybrid 8®ds Applied
to Branching Cylindrical Structures,” iRroceedings of the Sixth International Con-

ference on Computer Visiop. 454, IEEE Computer Society, 1998.

[72] PARK, H., WESTIN, C., KuBICKI, M., MAIER, S., NZNIKIEWICZ, M., BAER,
A., FRUMIN, M., KIKINIS, R., DLESZ F., MCCARLEY, R., andoTHERS “White
matter hemisphere asymmetries in healthy subjects andhinggghrenia: a diffusion

tensor MRI study,Neuroimagevol. 23, no. 1, pp. 213-223, 2004.

[73] PARKER, G. J. M., WHEELER-KINGSHOTT, C. A. M., and B\RKER, G. J., “Es-
timating distributed anatomical brain connectivity usfagt marching methods and
diffusion tensor imaging,TJEEE Trans. Med. Imagingvol. 21, no. 5, pp. 505-512,
2002.

103



[74] PERRIN, M., PoupoN, C., COINTEPAS, Y., RIEUL, B., GOLESTANI, N., PAL-
LIER, C., RVIERE, D., CONSTANTINESCQ A., BIHAN, D. L., and MANGIN, J.-
F., “Fiber tracking in g-ball elds using regularized pa trajectories,” in Chris-

tensen and Sonka [16], pp. 52—63.
[75] PicHON, E., “Novel methods for multidimensional image segmentati2005.

[76] PICHON, E., WESTIN, C.-F., and ANNENBAUM, A., “Anisotropic conformal

ows and dt-mri tractography,” irfMICCAI, 2005.

[77] ScHAAP, M., METZ, C.,VAN WALSUM, T., VAN DER GIESSEN A., WEUSTINK,
A., MOLLET, N., BAUER, C., BoGUNOVIC, H., CASTRO, C., DENG, X., and
OTHERS “Standardized evaluation methodology and referencebdata for eval-
uating coronary artery centerline extraction algoritinidedical Image Analysjs

vol. 13, no. 5, pp. 701-714, 20009.

[78] SCHMAHMANN, J. and BNDYA, D., Fiber Pathways of the BrainOxford Univer-
sity Press, 2006.

[79] SKELLY, L., CALHOUN, V., MEDA, S., KiM, J., MATHALON, D., and EARL-
SON, G., “Diffusion tensor imaging in schizophrenia: Relasbip to symptoms,”

Schizophrenia Research008.

[80] SkoLD, M., RYDEN, T., SAMUELSSON, V., BRATT, C., EKBLAD, L., OLSSON,
H., and BALDETORP, B., “Regression analysis and modelling of data acquisitio

for SELDI-TOF mass spectrometnBioinformatics vol. 23, no. 11, p. 1401, 2007.

[81] SMIRNIOTOPOULOS J., “The new WHO classi cation of brain tumors.Neu-

roimaging Clinics of North Amerigavol. 9, no. 4, p. 595, 1999.

[82] SUNDARAMOORTHI, G., YEZzI, A. J., MENNUCCI, A., and S\PIRO, G., “New

possibilities with Sobolev active contours,” 86VM pp. 153-164, 2007.

104



[83] TAKASE, K., TAMAGAKI, C., OKUGAWA, G., NOBUHARA, K., MINAMI, T.,
SUGIMOTO, T., SAWADA, S., and KNOSHITA, T., “Reduced white matter volume
of the caudate nucleus in patients with schizophremNafiropsychobiologyol. 50,

no. 4, pp. 296-300, 2004.

[84] TAKATS, Z., WISEMAN, J., GOLOGAN, B., and @oKs, R., “Mass spectrometry

sampling under ambient conditions with desorption elexdray ionization,” 2004.

[85] TIBSHIRANI, R., HASTIE, T., NARASIMHAN, B., SOLTYS, S., $HI, G., KOONG,
A., and LE, Q., “Sample classi cation from protein mass spectromelry peak

probability contrasts,Bioinformatics vol. 20, no. 17, p. 3034, 2004.
[86] TIPPING, M., “Relevance vector machine,” Oct. 14 2003. US Pater@{&b7.

[87] vaN BEMMEL, C., WINK, O., VERDONCK, B., VIERGEVER, M., and NESSEN
W., “Blood pool contrast-enhanced MRA: improved arterigualization in the
steady state IEEE transactions on medical imagingol. 22, no. 5, pp. 645-652,
2003.

[88] VAsILEVsKIY, A. and 3DDIQI, K., “Flux maximizing geometric ows,”|IEEE

Trans. Pattern Anal. Mach. Inte]lvol. 24, no. 12, pp. 1565-1578, 2002.

[89] WAGNER, M., NAIK, D., and ®THEN, A., “Protocols for disease classi cation
from mass spectrometry datdfROTEOMICS-Clinical Applicationyol. 3, no. 9,
pp. 1692-1698.

[90] WANG, F., SUN, Z., Cul, L., Du, X., WANG, X., ZHANG, H., CONG, Z.,
HONG, N., and HANG, D., “Anterior cingulum abnormalities in male patients kit

schizophrenia determined through diffusion tensor imggia004.

[91] WANG, L. and BHALERAO, A., “Model Based Detection of Branching Structures,”

Proc. Medical Image Understanding and Analysis, PortsinpuK, 2002.

105



[92] WANG, Z. and \EMURI, B. C., “Dti segmentation using an information theoretic
tensor dissimilarity measurd EEE Trans. Med. Imagingol. 24, no. 10, pp. 1267—-
1277, 2005.

[93] WEN, P. and KsARI, S., “Malignant gliomas in adultsNew England Journal of

Medicine vol. 359, no. 5, p. 492, 2008.

[94] WHITAKER, R., “A level-set approach to 3D reconstruction from rangead Inter-

national Journal of Computer Visionol. 29, no. 3, p. 231, 1998.

[95] WILSON, D., NoBLE, J., and CSIRO, N., “An adaptive segmentation algorithm for
time-of- ight MRA data,” IEEE transactions on medical imagingol. 18, no. 10,
pp. 938-945, 1999.

[96] WISEMAN, J., RUOLITAIVAL , S., TAKATS, Z., Cooks, R., and @PRIOLI, R.,
“Mass spectrometric pro ling of intact biological tissug bising desorption electro-

spray ionization,’/Angew. Chem. Int. Edvol. 44, pp. 7094-7097, 2005.

[97] Wu, B., ABBOTT, T., FASHMAN, D., MCMURRAY, W., MOR, G., STONE, K.,
WARD, D., WiLLIAMS, K., and A0, H., “Comparison of statistical methods
for classi cation of ovarian cancer using mass spectroyndata,” Bioinformatics

vol. 19, no. 13, p. 1636, 2003.

[98] Xu, C., FHAM, D. L., and RRINCE, J. L., “Finding the brain cortex using fuzzy seg-
mentation, isosurfaces, and deformable surface model$?MI (DUNCAN, J. S.
and GNDI, G., eds.), vol. 1230 dfecture Notes in Computer Scienpg. 399-404,
Springer, 1997.

[99] YEZzzI, A. J., KICHENASSAMY, S., KUMAR, A., OLVER, P. J., and ANNEN-
BAUM, A., “A geometric snake model for segmentation of medicagery,”|EEE

Trans. Med. Imagingvol. 16, no. 2, pp. 199-209, 1997.

106



[100] Zal, G., KING, N., WIGG, K., CouTo, J., WONG, G., HONER, W., BARR,
C., and KENNEDY, J., “Genetic study of the myelin oligodendrocyte glycdpm
(MOG) gene in schizophreniaenes, Brain & Behavigrvol. 4, no. 1, pp. 2-9,
2005.

[101] ZHANG, F., GOODLETT, C., HANCOCK, E. R., and GRIG, G., “Probabilistic ber
tracking using particle lItering,” iInMICCAI (2) (AYACHE, N., OURSELIN, S., and
MAEDER, A. J., eds.), vol. 4792 dfecture Notes in Computer Sciengp. 144—
152, Springer, 2007.

[102] ZHu, L., HAKER, S., and RNNENBAUM, A., “Flattening Maps for the Visualiza-
tion of Multibranched Vessels|EEE Transactions on Medical Imagingol. 24,

no. 2, pp. 191-198, 2005.

107



VITA

Vandana Mohan was born in Mumbai (then Bombay), India onéeper 3rd, 1982. She
received her Bachelor's degree in Electronics and Comnatiioic Engineering from PSG
College of Technology, Coimbatore, India in 2003 and wonkth Oracle Corporation in
India for over a year before coming to Georgia Tech to pursereRhD. Her doctoral re-
search focused on computer vision, speci cally its appilaato the analysis and interpre-
tation of medical imagery towards aiding clinicians and mabprofessionals in decision-
making, both of ine and as part of the surgical work ow. Thigork focused primarily on
brain and cardiac disorders. During her PhD, she also eggltre eld of breast cancer
detection via an internship with Siemens Medical Solutiwhgre her work resulted in an

invention disclosure on a novel pharmacokinetic model.

108



