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Abstract

Neuro-imaging and neurocomputing have benefited greatly by the rapid development of machine
learning and pattern recognition algorithms and have been instrumental in automating disease classification
and prediction of various ailments. Image processing has helped in extracting structural and functional
information from brain images that may suffer from distortions or artifacts. Tumors and other pathological
tissues demonstrate considerable heterogeneity, and isolated regional biopsies may give misleading
information. These limitations have led to the development of imaging-based methods like Magnetic
Resonance Imaging (MRI) for documenting the physiological activities of the lesions. Automated
classification and segmentation of tumors can help in reaching a conclusive diagnosis faster and more
effectively.

This dissertation explores the use of machine learning techniques to classify and segment brain tumor
subjects and analyze the quantitative effect of B1 correction on the functional imaging while providing
clinically meaningful measures, quantifying normal and pathological variation in the brain. To this end, a set
of computational algorithms to explore, understand, and characterize neuroimaging (functional and/or

structural MRI) data derived effective brain connectivity have been proposed and tested.

We contribute towards learning the use of machine learning in neuroimaging under various
categories, namely, classification, and segmentation of tumor, tumor gradation and functional analysis of
tumor subjects using B1 inhomogeneity corrections. The face validity of all proposed methods is established
over experimental data taken from a clinical setting. Contributions are made by making the classification
algorithm suitable for a clinical setting by using the entire patient data. The use of principal component
analysis is debated, and a three-step algorithm is used for subject classification and tumor segmentation to
achieve ceiling level accuracy. The objective of this study is to eliminate the first step of scanning through
the images to confirm pathology and segment the tumor. The time taken by the radiologist depends on
the experience of handling 3D data and his diagnostic capabilities. The method proposed attempts to

analyze multiple data set in a smaller time frame.

Once the tumor is segmented, gradation of the tumor becomes the next challenging question. A
tumor can have four grades from grade 4 to grade 1 with areas of necrotic and edema. There are multiple
studies that grade tumors based on the intensity pattern seen in T1 or T2 weighted images. The most
accurate method currently used for the grading of tumors is perfusion imaging. The studies in this area do
not compare their results with this sequence. Another way of attempting this problem is by grading the
tumor using T1 and T2 maps that are generated by using the T1, T2 and PD fat suppressed sequences.
The results can be compared to perfusion imaging to analyze the grading, which is being attempted in
this work. There is only one paper in literature which shows the positive and negative predictive value of
glioma grading for T2 map and its comparison with perfusion metrics. This study was motivated by the

results shown in the above mentioned paper.
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Another important methodology slowly gaining importance is the functional MRI (fMRI). Tumors in
the brain occupy regions which may be functionally indispensable. fMRI studies reveal the areas of the brain
which are functionally connected and are thus important for various functions and are referred to as eloquent
areas. This makes it easy for clinicians to better the surgical planning. The analysis that is used for fMRI
images does not account for B1 field inhomogeneity which is an important issue on field strength on 3T and
above, which is being routinely used in the clinical practice. This result is qualitatively well documented but
lacks quantifiable justification especially when sequences used for fMRI is concerned. The correction can lead
to activation effects seen at lower p-values therefore improving the SNR depending on the B1 correction done
changing the activation pattern for control as well as tumor patients.

The primary motivation of this thesis was to combine classification and segmentation techniques to
form a robust system for identification of tumors using all the slices of each patient as a single component to
classify patients into two classes of pathology and physiology. After the tumor was segmented, this study
attempted to understand tumor grading and examine the changes in functional effects of the tumor by

improving current techniques used for fMRI image analysis.

The results show that the machine learning approaches, proposed in this dissertation, under different
data categories are computationally more efficient, reliable and robust than existing approaches for learning

effective connectivity estimates of human brain.
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LS1RS

U-SATHI IR FgURIFfEar o FMeT FAfelar iR Yoot AT TeaReH & aolt & fashra & ey
BIIET 35T & 3R STARY affetor 3R faffiet ARt it siasgaroh s Faarfod #tet # Ageaqu]
AT TS & | ST THERIUT o ATETSeh SIAAT T TAATHD 3R FHAcH SATAhR] TAehTolet # Heg
T & St faepfcrait ar sherepfaat & NS 81 Tehchl & | TFR 3R 317 AUV ST FSTehel icfeh hrehT fasHT AT
Yeeie Fd ¢, 3N qUSF & JRACH HIHE SRR & Fhd &1 3o AT o wral i iR
TATATEIT hY SEATST et o TeTT Yl 37eTelTe; SATHIIT (THIRINTS) SiEY SATHI-3MENTRA Tdient &
e @l Sfed 13T §1 TR & Faanfard gaffertor 3R [ermstet ver fAvTiares faere ae do & 3k
31T YT &1 & Ig e H Heg X Hohel 8

Ig AT T ATETSh A Fawl t aaffenet 3 fasiore et & forw #ehet Sifelar qepefent & 3uiter
T ISclTel el © 3R ATETSeh H HIHE 3R AATelToTehel [ReeTdl &l A, sAeTieieh 31IqUT 3UTAT ot
G g‘tfqolq‘lca-ich SATSIET T &Y 1 GUR & ATAIcHS FHTS T TAReNOT Il o 59 37T &, gerrer
AT Thol T fael SPctoet QUSATIT (HIiTcH 3/ AT ELATcHS THIRIATS) ST ol Tl ofallat,
THSTA AR TIATAT A o Tl shacgeeratel TeaNREH ol Teh HE TEATTA 3R gdeTor feram aram g

g Tafiet A0, 32T qaffertor, 3R AR, TER AU 3R ol 1 SAAINTAE FERT T ST A
BT TR AT o FriTcateh fAReIS0T & g sgQgHToreT H AT Afelar & 3TANT 1 {GA 7 Fareret
S & | sieTfere AT & ohT 31T TAaTTcaeh 3T IR THT TTATTad diehl Sl UT JEIT T &l 315 g |
TrateTet g VT SeT T 3ANeT & feerfoienel ATEaT & foIT 3ugercl gaiienioT Toal e aeirehT fohalm Sire
&1 DA ge g [T &7 39A1RT 989 fhar STar £, 3R ©d TR Téehdr ured s & fow fasy
FITTeRYuT 3R TFAT TIHCUA o TIT A1eT-TROT TeNTREH T 3TN {ohdT ST & | $H 37T 1 3820
AeTST hT e et AR TIHAT QAT et & T STATT & ATETH § THTalaT o Tgel TROT I WA
T & | XBATATToTee SarT foram 31T A 3 21 32T 3R 3HRT aYerielen STHATIN T HeTelal & 37eT8a T
AR Far | Al 3 I 37 et & T 32T AT FT fILATOT et 7 92T fovam|

Teh IR TFAT QITHC 81 ST oh 16, AT hl shaT 3ol YeAlcTqOT JeaT &1l ST § | Teh SFR A NS4 H
IS 1TF IR ISP TR 8, Tad afed IR @A F T I A1 AT 2 R oA A a1
i deet & MR W) A3 TYFT S 3ETTA § | AT T AT & Fw acfaAret 7 3uier & St arelr
T8 T TAft Rogetet SATSIT 1 50 &1 & 31EqTA H 3eTshd o A1Y 3191 GROMHAT Y Jofell wTgr



A B | S FHAEAT T YATH e Al Ueh 3T AT €7 1 3R & 2 AATIET 361 39AT ek T AfSar
AT S ST &Y 1, & 2 3R AT GET STt aTet ITTshaAT hT SUATT hieh Scee 81 & | TROTAT &l AT AT
TI2RIYUT Tet o TIT 39 T SATSHIT A JoIeT T 7 Hehell &, ToTEhT S0 TATH H TATH 62T ST 6T B |
I A hael Ueh T & ST & 2 ATATAT o fIT TTA3NAT TSI & FRRIHS 3R ARRIcHS AT A
Ao AR [OeuT AT & A1 38T Joret fe@ram §1 I8 3163 Iuderd 9w & fewne a7e gRomH &
ERGRIN

- Aged ITed et dTell Teh 31 HEcdUT TE T hTcHeh THITNIS (THhUANRIS) § | ATETSH
H T 37 8141 T ool &l § Sl hrdicHe & U 31TeTard g1 Hevel § | THUANRITS AT ATEASH
& 37 &Y Y Tehe A & ST FIATcHS Wﬁ@?g@%ﬁ?%ﬁﬁ%@ﬁﬂ%ﬁvﬂﬁqﬁ%ﬁ?
=Y aruefier 8131 & §9 & ST ST & | 389 fafehcaent & fav ey Rifshcar Jietar sga) & Sy g
THUHIRITS SIAT & forT 3uer fhar STy arelt fa2avor st 1 Hres st fady & forw fSeaeR =18t
& SiT 37 3R ST I tles dlehc I Teh HEedquT HET ©, [orHent Iifd &9 @ slerieleh 313-re & 3ugier
foRam ST @1 8| J§ AROTH IOTIcHT T A 3 dE A T & Afehed ATAICHS AT Fr FAT g,
WIEHY SId UHUHIRINE o foIT UGN fhT 1T 37TshaAl T Heer §1 GUR A N-AE T & a0
AhAUT THTET T HRUT T Hehell & SHTAT G0T o AT-HTA TIFT AT o ATshIoT Yot Y Seefal
arel f 1 GUR & YR R THUAIR 7 GUR eI g

g NJT Hr grafAe 9o geifertor 31k f9TsteT aepeileh 1 TToaerT 3 R A= & g gait & et
Y gafichel et oh TN Ycdeh AN & Hef TATSET T 3ULNIT hich TF T IgaTel oh [T Teh Holed
YTl Sellel & foIT Ueh HoTelcl YOUTTON &ellel & ol aTGatie] el ATl TYAT QIAC Bl & TG, 3H
HEYTA o AT AT BT FASTA 3N THTAIRNS ST fAAT0T & forw 3uier 1 A= arelr Alsiar
cTehetlehl H FUR &lch TYFR & HIATcHS FHTT H TRectall T ST1e st T TATH foha |

Adret adTd & T [Affee aer AT0T & dagd, 3§ Ay waer & yEarad JMeT dAfelar gieehor AT
AT & FeATal oA {Fe [T ITTATAT T WGe o [T HiS[ET TTEEhITI &l Tolell H HEcgeerTel &9 &
3T e, IRGHE 3R AT & |
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