RAMAN SPECTROSCOPIC AND

MICROSCOPIC ANALYSIS OF TISSUE TYPE,

MOLECULAR COMPOSITION, AND

GLIOBLASTOMA IDENTIFICATION IN BRAIN

TISSUE SECTIONS

by

Hiilya TORUN

A Dissertation Submitted to the
Graduate School of Sciences and Engineering
in Partial Fulfillment of the Requirements for

the Degree of
Master of Science
n

Biomedical Sciences and Engineering



RAMAN SPECTROSCOPIC AND MICROSCOPIC ANALYSIS OF TISSUE
TYPE, MOLECULAR COMPOSITION, AND GLIOBLASTOMA IDENTIFICATION
IN BRAIN TISSUE SECTIONS

U
. . KOG
UNIVERSITES]

February 8, 2021

RAMAN SPECTROSCOPIC AND MICROSCOPIC ANALYSIS
OF TISSUE TYPE, MOLECULAR COMPOSITION, AND
GLIOBLASTOMA IDENTIFICATION IN BRAIN TISSUE

SECTIONS

Kog University
Graduate School of Sciences and Engineering

This is to certify that I have examined this copy of a master’s thesis by

Hiilya TORUN

and have found that it is complete and satisfactory in all respects,

and that any and all revisions required by the final

examining committee has been made.

il



Committee Members

COMMITTEE MEMBERS

Prof. Ihsan Solaroglu (Advisor)

Asst. Prof. Mehmet Cengiz Onbasli (Co-Advisor)

Prof. Yasemin Giirsoy Ozdemir

Assoc. Prof. Sedat Nizamoglu

Assoc. Prof. Ilke Giirol

Date: February 8, 2021

il



DEDICATION

DEDICATION

I dedicated this work to;

My paternal grandfather, Hilmi Torun, had always desired his granddaughter to be

a Professor, and unfortunately, his life was not long enough to see his dream come true.

I can feel that you are so proud of me and I promise I will honor you one day by making
your dream come true...

My enatic grandfather, Turgut Baykal, your girl will always remember your faith in
her and strive to do her best in whatever she undertakes...

My grandmothers, Mesude Torun and Sadiye Baykal, I cannot thank you enough for
your prayers and moral supports in everything I was thriving for. At least, one of you
are witnessing me reaching my goals step by step, whilst the other is watching me from
the other side, with love.

Mom, Dad, and Brother, Ayse, Mustafa, and Kenan Torun, for your endless love,
support, and encouragement for everything I intended to do. I could not accomplish
anything without you, and your infinite love and faith in me.

To all my teachers and mentors, who have taught me even a word, I have always
been very lucky about my teachers and always met the best ones in their fields. I am so
grateful to all of you for paving the way for me to be where I am today.

Kardelen Yangin, and Ece Cepni, for being far more than a best friend and for
always being with me through my darkest and the brightest days.

To all women, who share similar goals and dreams with me, who thrive for
becoming the best version of themselves every single day, and who never give up, no
matter what the conditions are.

v



ABSTRACT

ABSTRACT
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TYPE, MOLECULAR COMPOSITION, AND GLIOBLASTOMA
IDENTIFICATION IN BRAIN TISSUE SECTIONS
Hiilya TORUN
Master of Science in Biomedical Sciences and Engineering
February 8, 2021

Glioblastoma (GB) is the most common primary malignant brain tumor. Despite
improvements in treatments, survival probability has remained shorter than 2 years for
most patients over the last 20 years. Accurate diagnosis of GB requires pathological
evaluation of the tumor tissues using light microscopy, along with routine or specialized
staining. Recent research also identified significant genetic/epigenetic alterations that
influence diagnosis, prognosis, and treatment in addition to routine pathological
evaluation. Identification requires the tissue to be sampled many times and analyzed using
different methods that require additional time, resources, and expertise.

To determine whether the tissue used for routine analysis can also be used to perform
more detailed and comprehensive analysis without staining, we propose to use Raman
Spectroscopy (RS), which is a label-free and non-destructive technique. RS provides
molecule-specific spectra from the chemical composition of the sample for rapid analysis.
In this thesis, we investigated GB, white matter (WM), gray matter (GM), and necrosis
(NC) regions of GB patients using RS to determine whether a similar precision can be
achieved as the routine histomorphologic diagnostic process.

First, we proposed a refined protocol for effectively clearing paraffin from Formalin-
Fixed Paraffin-Embedded brain tissue sections, without destroying the sample
morphology and chemical composition, for eliminating the substantial Raman spectra of
paraffin. We demonstrated that the less expensive and less toxic clearing agent
Clearene™ removes paraffin as effectively as p-Xylene, the mostly used clearing agent
in histopathology laboratories. Thus, we suggest substituting Clearene™ with p-Xylene
for deparaffinization of brain tissue sections for Raman spectral analysis. Second, we
optimized the choice of Raman spectrum acquisition parameters (excitation wavelength,
acquisition time, accumulation count,), tissue thickness, and Raman substrate type (CaF»,
glass). Third, we acquired the Raman spectra of GB, WM, GM, and NC regions and
analyzed the spectral profile regarding the Raman peaks given in the literature. Raman
spectra of GB and WM regions (ngs = 20, nwm = 18), which were annotated by an expert
neuropathologist, have been classified with 87.2+1% GB and 90.7+1% WM training/test
accuracies using machine learning models (SVM, kNN, RF). The effect of pre-processing
of Raman spectra on classification accuracies has been investigated.

Sample preparation conditions, Raman acquisition protocols, and machine learning
classification models showed a successful proof-of-concept demonstration for the
proposed Raman-based GB identification workflow. While there is room for further
refining the machine learning models for improved training and validation accuracies,
these protocols could be improved for eventual clinical utility. Once the clinical
applicability and refined classification accuracies are demonstrated, these protocols might
assist neuropathologists in error-free identification of GB in the clinics.
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BEYIN DOKU KESITLERINDE RAMAN SPEKTROSKOPI VE
MIKROSKOPiSi KULLANILARAK DOKU TiPi, MOLEKULER
KOMPOZISYON VE GLIOBLASTOMA TESPITi
Hiilya TORUN
Biyomedikal Bilimler ve Miihendislik, Yiiksek Lisans
8 Subat, 2021

Glioblastoma (GB) en sik goriilen birincil malign beyin timoriidiir. Tedavilerdeki
gelismelere ragmen, son 20 yilda ¢ogu hasta icin hayatta kalma olasiligi 2 yildan daha
kisa kalmistir. GB'nin dogru teshisi, rutin veya 6zel boyama ile birlikte 151k mikroskobu
kullanilarak tlimér dokularinin patolojik degerlendirmesini gerektirir. Yakin zamanda
yapilan aragtirmalar, rutin patolojik degerlendirmeye ek olarak tani ve tedaviyi etkileyen
onemli genetik/epigenetik degisiklikleri de tespit etmistir. Tiimdr tespiti, dokunun bircok
kez orneklenmesini ve ek zaman, kaynak ve uzmanlik gerektiren farkli yontemler
kullanilarak analiz edilmesini gerektirir.

Rutin analiz i¢in kullanilan dokunun boyama veya genetik analiz yapmadan daha
detayli ve kapsamli analiz yapmak i¢in kullanilip kullanilamayacagini belirlemek i¢in
etiketsiz ve tahribatsiz bir teknik olan Raman Spektroskopisini (RS) kullanmay1
oneriyoruz. RS, hizli analiz i¢in bir numunenin kimyasal bilesiminden molekiile 6zgii
spektrumlar ol¢ililmesini saglar. Bu tezde, rutin histomorfolojik tani siirecindekine benzer
bir tan1 hassasiyetinin elde edilip edilemeyecegini belirlemek i¢in RS kullanarak
glioblastoma, beyaz madde (BM), gri madde (GM) ve nekroz (NK) bolgelerini arastirdik.

Ik olarak, parafinin giiclii Raman spektrumunu ortadan kaldirmak icin, doku
morfolojisini ve kimyasal bilesimi bozmadan, formalin ile fikse edilmis parafine gomiilii
beyin dokusu kesitlerinden parafini etkili bir sekilde temizlemek i¢in gelistirdigimiz bir
protokol onerdik. Ikinci olarak, Raman spektrum 6lgiim parametreleri (uyarma dalga
boyu, edinim siiresi, 6l¢iim sayis1), doku kalinligr ve Raman alttas tiirii (CaF2, cam)
se¢imini optimize ettik. Ugiinciisi, GB, BM, GM ve NK bolgelerinin Raman
spektrumlarii olctiik ve elde ettigimiz spektral profillerini literatiirde verilen Raman
pikleri ile analiz ettik. Uzman bir ndropatolog tarafindan belirlenmis GB ve BM
bolgelerinin (ngs = 20, nwm = 18) Raman spektrumlari, makine 6grenimi modelleri
kullanilarak %87.2+1 GB ve %90.7+1 BM egitim / test dogrulugu ile simiflanmistir.
Raman spektrumlarinin  6n islenmesinin  siniflandirma  dogruluklarina etkisi
arastirilmastir.

Ornek hazirlama kosullari, Raman 6l¢iim protokolleri ve makine dgrenimi siniflama
modelleri, 6nerilen Raman temelli GB tanimlama is akisinin basariyla uygulandiginm
gostermektedir. Gelismis egitim ve test dogruluklari i¢in makine 6grenimi modellerinin
daha da c¢alisilmas1 gerekse de, bu protokoller ileride klinikte fayda saglamak {izere
gelistirilebilir. Bu tekniklerin klinige uygulanabilirligi ve daha yiiksek Orneklemle
ilerletilen smiflandirma dogrulugu gosterildikten sonra, bu protokoller kliniklerde
patologlara GB'nin daha ytiksek dogrulukla tanimlanmasinda yardimei1 olabilir.
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INTRODUCTION

Chapter 1: INTRODUCTION

1.1 Glioblastoma

Glioblastoma (GB) is the most common and malignant Central Nervous System
(CNS) neoplasm in adults and is considered a major tumor type among gliomas [1-3].
According to the World Health Organization (WHQO) CNS tumor classification update in
2016, GB is classified as a WHO Grade IV tumor due to its histological and molecular
features [2-4]. GB is the most lethal and invasive type of gliomas with highly aggressive
cellular and molecular characteristics [5, 6]. GBs originate from neural stem cells (NSCs),
NSC-derived astrocytes, and oligodendrocyte precursor cells and the tumor shows
significant cellular and molecular heterogeneity [7]. GB also demonstrate aggressive and
destructive features at the molecular level, such as diffuse infiltration pattern, mitotic
activity, cellular pleomorphism, astrocytic differentiation, nuclear atypia, microvascular
proliferation, and/or necrosis, with or without isocitrate dehydrogenase (IDH) gene
mutations in addition to numerous morphological patterns [2, 3, 8].

IDH-mutant GB corresponds to ~10% of all GBs and is termed as ‘secondary GB’
as it develops by the progression of WHO Grade 1I diffuse astrocytoma or WHO Grade
IIT anaplastic astrocytoma [2]. Morphologically, other than the lesser amount of necrosis,
secondary GBs are histologically indistinguishable from IDH-wild type (wt) GB. IDH
mutant GB 1s mainly observed in younger patients (average age of ~45) and has a
remarkably better prognosis than IDH-wild type GB (Table 1.1) [2, 3]. IDH-wt GB
corresponds to ~90% of all GBs and is termed as ‘primary GB’, as it naturally arises de
novo, without any definite precursor lower grade tumors (i.e., Grade II or III). The
incidence of IDH-wt GBs is common in relatively older patients, with an average age of
~62 and with a 1.35:1 male-to-female ratio. IDH-wt tumors are infiltrative and these

tumors spread to neighboring or distant structures within the brain [3].
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Table 1.1. Patient profiles of histologically diagnosed IDH-wild type (primary) and
IDH-mutant (secondary) glioblastoma (GB) (Adapted from Louis et al., 2016) [3].

IDH-wild type IDH-mutant GB

(primary) GB (secondary)
PTEN mutation 24% 5%
ATRX expression loss 0% 100%
TERT mutation 72% 26%
TP53 mutation 23% 74%
Loss of 19q 4% 32%
EGFR amplification 42% 4%
Age at diagnosis 59 years 43 years
Male-to-female ratio 1.4 1
Clinical history length 3.9 months 15.2 month

Figure 1.1. Hematoxylin and Eosin (H&E)-stained Glioblastoma (GB) tissue section,
Sum-thick. Image obtained from the University of California, San Francisco, Department
of Pathology, Division of Neuropathology archival tissue blocks.
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Despite the rapidly improving treatment modalities with current healthcare
technologies, the prognosis of IDH-wt GB remains poor [3]. Histological and molecular
variability of GBs requires expertise in neuropathology for accurate diagnosis and
interpretation. Histological and morphological features are readily recognized using the
standard hematoxylin and eosin (H&E) stain and light microscopy. H&E staining and
light microscopy are known as the gold standard in the histopathological evaluation of
GB (Figure 1.1). Despite the utility of this gold standard, recent studies suggest that
detailed molecular tests are necessary for the identification of molecular alterations of the
tumor before the final diagnosis can be established [9]. The recent updates in the
classification of CNS tumors [10] demonstrated the molecular heterogeneity-related
limitations in histological classification only and involved the genetic features and
molecular markers into the neuropathological diagnosis criteria [6, 9, 11] (Table 1.2).
While the diagnosis was carried out based on the histological patterns of H&E-stained
tissue sections according to the preceding WHO classification [12], 2016 WHO updates
in CNS tumors classification shifted the histomorphological evaluation to a different
scheme based on the combination of morphological and molecular features. The essential
classification parameters remained the same by classifying the tumors based on the
constituents of the CNS cells, yet it is improved by consideration of the molecular features
of these «cells [9, 13]. These analyses often require methods such as
immunohistochemistry, fluorescence in-situ hybridization (FISH), Sanger sequencing, or
next-generation sequencing [5, 9]. The long examination time of molecular testing of
tumor specimens and the subjective precision of histopathological evaluation, however,

pose the most important challenge in the diagnosis of high-grade gliomas [14-16].

17



INTRODUCTION

Table 1.2. Genetic Alterations of IDH wild-type Glioblastoma (GB) [3].

Genetic Alterations Percentage
TERT promoter mutations ~80%
Homozygous deletion of CDKN2A/CDKN2B ~60%
Loss of chromosome 10p ~50%
Loss of chromosomes 10q ~70%
EGFR alterations ~55%
PTEN mutations or deletion ~40%
TP53 mutations ~25-30%
PI3K mutations ~25%

A high-resolution method that can analyze tumors histologically and analytically
would be highly useful for further understanding of tumor biology. This method may
improve diagnostic accuracy, save time, eliminate the use of excessive and hazardous
reagents, and may help reduce expenses by assisting neuropathologists in the diagnostic

examination of GB candidate tissues in the clinic.

1.1.1 Detection, Imaging, and Treatment Modalities of Glioblastoma (GB)

Despite the improvements in healthcare technologies, GB remained incurable with
poor prognosis and complicated treatment due to the infiltration of the tumor [17, 18] to
the surrounding brain parenchymal18]. An overall median life expectancy of GB patients
remained 15 months following the tumor resection and chemo/radiotherapy for the last
decades [1, 5, 17, 19, 20].

Magnetic resonance imaging (MRI) is the most used technique in the detection of
GB. Computed tomography (CT) is another modality of choice used in GB detection,
which is mostly preferred for those patients who cannot tolerate MRI. Positron Emission
Tomography (PET Scan) is preferred when anatomic imaging techniques (i.e. MRI or
CT) are inadequate in differentiating remaining or recurrent tumors from treatment-
related changes such as radiation necrosis or pseudo-progression. The PET scan also has
limitations in the accuracy of interpretation of tumor boundaries [21]. Current treatment

modalities centered on maximum safe surgical resection followed by adjuvant
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chemo/radiotherapy [17, 22, 23]. Temozolomide and bevacizumab are the only U.S. Food
and Drug Administration (FDA)—approved drugs for GB treatment [22].

In almost all patients with GB, the tumor has a recurrence within two years after the
initial operation. The role of surgery has the utmost importance to determine the extent
of resection which solely depends on the intraoperative perception of the neurosurgeon
[24]. Maximum safe resection of the tumor is the most crucial factor for therapy
management of patients with GB, in terms of decreasing the tumor burden before
chemotherapy and radiotherapy, improving life expectancy [17], reducing the risk of
recurrence, and achieving a better outcome for the patients [18]. The lower extent
resections of non-eloquent lesions might increase the risk of worsening in the course of
the disease [25]. One of the most conjectural prognostic factors of survival after surgery
is a residual tumor for GB patients. One such study demonstrated that GB patients with
residue tumors had ~6.6 times more mortality risk than the patients without residing
tumors [24]. As the healthy brain tissue and the boundaries of the tumor cannot be
distinguished by the human eye, the tumor boundaries are identified by the present pre
and post-operative techniques such as a standard surgical microscope, intraoperative MRI
(IMRI), ultrasound (US), fluorescence-guided microsurgery, and optical coherence
tomography (OCT) [18].

Functional neuro-navigation is a technique preferred in most eloquent lesions based
on ultrasound, pre-operative functional magnetic resonance imaging (fMRI) images, or
diffusion tensor imaging. However, pre-operative MRI imaging is limited due to the
existence of infiltrated tumor cells [25] that are away from the contrast-enhancing regions,
as well as during microsurgery-assisted resection of gliomas. Moreover, intraoperative
MRI imaging does not provide continuous guidance [18]. Despite the accessibility and
availability of intraoperative ultrasound (IOUS) in comparison with the other
intraoperative imaging techniques, the use of 3D-IOUS during tumor resection is
considerably affected by the quality of ultrasound images, and the worth of this technique
is diminished in the existence of edema and hemorrhage in the tumor and tumor

environment [18, 25].
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Figure 1.2 (A) Preoperative axial T1-weighted image after a contrast administration
revealed a left temporal cystic tumor (arrow). (B) postoperative axial T1-weighted image
after a contrast administration shows total removal of the tumor. (C) Intraoperative
resection cavity view under white light. (D) At the same time, the same region presented
high fluorescence yellow color (arrow) under the YELLOW 560 filter, shows the area of

the remnant tumor that needed to be resected (Pictures were obtained from the archives
of Prof. Ihsan Solaroglu).

Fluorescence-guided surgery has emerged as an advanced adjunctive technique,
which had demonstrated an increase in the extent of tumor resection [26]. 5-
aminolevulinic acid (5-ALA) is an agent that induces the production of fluorescent
porphyrins which is selectively synthesized in malignant tissues after 20 mg

administration per kg and provides detection of malignant gliomas to surgeon under the
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xenon-light microscope during the surgical intervention [27, 28]. Due to the limitations
of currently available techniques, sodium fluorescein-guided surgery recently gained
more attention from neurosurgeons [26]. When combined with T1 weighted contrast-
enhancement neuronavigation, sodium fluorescein-guided surgery was proved to be safe
and effective in the resection of GBs (Figure 1.2). Despite the usefulness of 5-ALA as a
supportive technique in identifying tumor boundaries that are not contrast-enhanced areas
on T1 MRI [29], some research reported false-positive fluorescence enhancement in the
non-neoplastic brain parenchyma [30, 31]. Moreover, it has several side effects [32] and
requires patient consent prior to administration. Removal of the healthy tissue near the
tumor environment during the resection of tumors located in functional areas of the brain
or adjacent to the brain poses risk for neurological sequelae.

To prevent this risk, there is a need for an intraoperative technology that can

distinguish normal and tumor tissue at high resolution during surgical intervention.

1.2 Raman Spectroscopy (RS)

Raman spectroscopy (RS) is a promising tool and could be used to develop
technologies either for developing a digital pathology method to analyze pathology
archival Formalin-Fixed Paraffin-Embedded (FFPE) tissue sections or fresh tissue as it is
not affected by the water content and provides information on the chemical content of the
given sample.

When a coherent light beam is exposed on a surface, photons scatter elastically and
inelastically. In elastically scattered photons, also known as Rayleigh scattering, photons’
kinetic energy is conserved, and the wavelength of the scattered photon remains the same
as that of the incident photon. On the other hand, a rare fraction (10 or less) of the
incident photons scatter from the surface inelastically. One of the forms of inelastic
photon scattering is Raman scattering, in which the wavelengths of the incident and the
re-emitted photons are different (Raman shift). There are two types of Raman shifts:
Stokes and anti-Stokes shifts. In Stokes shift, the emitted photon is of lower energy
(longer wavelength) than that of the incident light. In the anti-Stokes shift, the emitted
photon has higher energy than that of the incident photon due to the molecules losing

energy to the emitted photons (Figures 1.3-1.5). In this thesis, we focus only on Stokes
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shifted (red-shifted) photons, which have positive Raman shift wavenumbers (cm™) since

the brain tissue sections absorb photons [33, 34].

RS is a reagent and label-free, non-destructive, and highly specific analytical
technique based on detecting the inelastically scattered photons. RS provides the
molecular bond information of a sample under study. Raman spectral peaks (or shifts)
originate from the scattering of photons by vibrational modes and their corresponding
vibrational resonance frequencies of chemical bonds. Raman is a molecule and bond-

specific method and highly useful in composition analysis of the samples [33, 34].

— Rayleigh scattering
Incident Light ——> Raman scattering

‘*Sample

Surface
substrate

Figure 1.3 Raman and Rayleigh Scattering. Rayleigh scattered photons have the
same wavelength as the incident light, Raman scattered photons (1/1.000.000
incidence) have a different wavelength from the incident light. Adopted from
Egeland, N., 2015 [35].
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Figure 1.4. Representation of Stokes-Antistokes Shifts. Reprinted from Copyright ©
2012 Timothy J. Johnson et al. under the Creative Commons Attribution License [36].

A
Excited
state
“"‘f'"'"“""‘_ """"" '. """""""" Virtual
___.._____-_-__‘;'_.’.-..______“.f_' ______________ state
2
(o))
1™
g 2 o =
| | [ wl| |2 w| |2
hug £ hug 'ix hug -ED
= < =
A Vibrational
: 5 levels
Av v v Av 1 Lvib
Ground
Raman Rayleigh Raman state
anti-Stokes scattering Stokes Infrared
scattering scattering  absorption

Figure 1.5. Jablonski diagram represents the vibrational energy states of infrared
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energy, Av = Raman shift, vviv = vibrational frequency.

Reprinted from Baker, Matthew J., et al., (2016) [37], with the permission of Copyright

Clearance Center.
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The key competence that enables this technology to distinguish tumors is being able
to read the differences in the chemical content of normal and tumor cells by optical
methods. Without requiring additional chemicals, a rapid and precise analytical technique

is needed in assisting neuropathologists for error-free diagnosis of GB.

1.3 LITERATURE REVIEW

1.3.1 Raman Spectroscopy in Biomedical Applications

RS and microscopy are emerging techniques for characterization of composition
analysis of biological materials as it provides highly specific chemical bonding
information of a given molecule. RS is growing among biomedical applications as it
rapidly offers fingerprint information of the biochemical composition without the use of
additional reagents. RS has previously been used in biomarker and cancer research and
tissue composition analysis for different diseases [34, 38-40] (Table 1.3). RS has
previously been used as a tool in the research for bladder and prostate [41, 42], laryngeal
[43, 44], breast [45, 46], lung [47, 48], cervical [49, 50], skin [51], stomach [52, 53],
pancreatic [54], colon [55], brain cancers [13, 15, 56-61] and leukemia [62, 63].

Table 1.3. Application of Raman Spectroscopy for Various Cancer Types

Biological material of interest &
Disease
Data analysis method & References

Bladder and Snap-frozen bladder and
Prostate Cancer prostate tissue Bladder and prostate cancer

Principal components analysis cell lines

(PCA)/ Linear Discriminant PCA [42]
Analysis (LDA) [41]
Laryngeal Fresh laryngeal tissue )
. Fresh laryngeal tissue
Cancer PCA/LDA + Savitzky Golay
PCA/LDA [44]
Filter [43]

Breast Cancer Fresh breast tissue Fresh breast tissue
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PCA/LDA [45]

PCA [46]

Lung Cancer

Fresh bronchial tissue

PCA [47]

Fresh tissue

[48]

Cervical Cancer

Fresh cervix tissue
maximum representation and
discrimination feature,
sparse multinomial

logistic regression [49]

Pap-smear cervix

Savitzky-Golay Filter [50]

Skin Cancer

Fresh skin tissue
maximum representation and
discrimination feature, sparse

multinomial logistic regression

[51]
Stomach Fresh gastric tissue Fresh gastric tissue (w/probes)
Cancer PCA, multinomial logistic ant colony optimization
regression [52] (ACO), PCA/LDA [53]
Pancreatic Fresh pancreatic tissue from a
Cancer mouse model

PCA and discriminant function

analysis (DFA) [54]

Colon Cancer

Fresh colon tissue

Cluster analysis [55]

Leukemia

ATCC cancer cell lines,
normal lymphocytes,
paraformaldehyde, and
methanol-fixed cells

PCA [62]

Normal human peripheral
blood mononuclear cells
(PBMCs) and leukemia cells
PCA/LDA [63]

Brain Cancer

Frozen brain tissue
PCA/DFA [59, 64]
Fresh brain tissue

PCA/LDA [65]

Fresh, cryosection, and
Formalin-Fixed Paraffin-
Embedded (FFPE) brain tissue
PCA/LDA [56]
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RS and microscopy have been used in the analysis of various tissues and tumors in
recent years [39, 66]. Raman studies also include fresh brain tissue analysis or
intraoperative frozen process of brain tumors for diagnosis. These studies also aimed at
identifying specific tissue characteristics such as white and gray matter based on their
lipid, nucleic acid, and protein contents [59, 64]. Raman spectroscopy and microscopy
are also used for determining the brain tumor boundaries intraoperatively, and for aiding
in brain tumor classification [67-69]. Others have employed RS for in-vivo and ex-vivo
diagnosis of brain tumors in mouse and human xenografts [68-70]. Some studies
attempted to develop algorithms to detect EGFR gene mutation/amplification status using
Raman spectral analysis [71, 72].

The recent advances, the increasing number of recent Raman publications, and our
initial experimental observations all suggest that Raman spectroscopic analysis can be a
powerful tool for the diagnosis and characterization of human tissues. Many studies also
showed that normal and tumor tissues can be distinguished, and molecular characteristics
of tissues can also be determined with the use of this technique [59, 64]. When coupled
with the current golden standard as well as additional techniques using different
characteristics of light in different parts of the electromagnetic spectrum, analyzing
tissues optically might be possible without the need for additional sophisticated molecular
and genetic tests.

To obtain better quality Raman spectra for better analysis of tissue compositions, we
investigated the key factors such as Raman substrate (i.e. glass, borosilicate, CaF2), tissue
type (i.e. fresh, frozen, or FFPE), sample preparation (i.e. deparaffinization protocols),
and Raman measurement (excitation wavelength, laser acquisition time, laser
accumulation count) conditions and improved these parameters concerning the earlier

studies.

Sample Preparation and Substrate Choice for Raman Spectroscopy

For better experimental analysis of tissue samples and eliminating the overwhelming
paraffin background in Raman spectra, sample preparation and paraffin clearing protocols
must be developed. The importance of tissue clearing methods has been highlighted, as
the challenge of deparaffinization of FFPE tissue sections increases due to their long-term
storage [73]. Sample preparation conditions for RS for biological materials in different

forms (fresh, snap-frozen, fixed, and liquid samples) were extensively reviewed by Butler
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et. Al., 2016 pointing the following important points in the use of FFPE tissues. While
one may analyze fresh tissues directly without processing, obtaining thin sections from
FFPE tissues with desired thicknesses is easier. Despite this advantage of FFPE tissues,
the deparaffinization step creates challenges as the paraffin or formalin residuals can
substantially overlap with the specific Raman shifts of the sample. Paraffin or formalin
residuals must therefore be removed effectively from tissues without altering tissue
composition. Nonetheless, fixation can alter the tissue composition by creating cross-
linking in the proteins and this may alter the protein-originated peaks in the Raman
spectral range between 1500 and 1700 cm™ [39]. Several Xylene [39, 74, 75], hexane,
and histoclear [75]-based deparaffinization protocols for RS have been tested in the
literature. Although these chemical clearing agents such as xylene, hexane, and histoclear
reduced the paraffin, they could not eliminate the presence of paraffin residuals. Also, the
tissues could be preserved in the clearing agent for up to 18 hours long for the optimized
protocols [74, 75]. As prominent paraffin spectra interfere with the Raman spectral
analysis of tissues, Ibrahim, O., et al. developed a digital deparaffinization protocol by
subtracting the paraffin spectra from the tissue spectra using a least-squares analysis and
non-negative constraints.

Ibrahim, O., et al., 2017 have emphasized the effect of glass slide substrate use in
spectral analysis of tissues in medicine. Besides, the use of glass substrates in Raman
spectroscopic analysis of biological samples with different excitation wavelengths (532
and 785 nm) were evaluated in addition to the natural substrates such as CaF, and
magnesium fluoride. The background of the glass substrate is reported to be higher when
compared to these natural substances. These natural substrates have higher costs than
glass. It is also reported that the fluorescence contribution of glass substrates is
significantly lower with 532 nm laser excitation wavelength when compared to the 785
nm [74]. Therefore, substrate and wavelength choice should be considered together to
obtain better results, especially in biomedical research. Lewis, Aaran T., et al. evaluated
the use of CaF,, stainless-steel, quartz, and standard glass substrates and pointed that CaF»
is the most widely used Raman substrate. The authors provided background absorption
(except the characteristic peak at 321 cm') and the transmission of visible and near-
infrared light without high losses. Quartz and standard glasses were reported as mostly
preferred in Surface Enhanced Raman Spectroscopy (SERS) and coherent anti-stokes RS
studies as they have higher backgrounds than CaF». Despite the advantages of CaF> over
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quartz and glass substrates, stainless steel substrates were reported as more practical for
clinical use as they are cost-effective and provide high SNR and spatial resolution if the
Raman device is adapted to the biomedical sample measurements [76]. A previous study
[77] concluded that CaF> Raman substrates give the most consistent backgrounds for all
excitation wavelengths despite their high cost. CaF; is increasingly used by researchers

as a low-background Raman substrate [78-80].

Excitation Wavelength and Measurement Parameters for Raman Spectroscopy

A previous study [77] investigated some of the trade-offs in the laser excitation
wavelength choice and the Raman substrate combinations for RS. Kerr, L. T. et. Al, 2015
evaluated the use of 473, 532, 660, 785, and 830 nm excitation wavelengths with different
Raman substrates such as Raman-grade CaF,, IR polished CaF,, magnesium fluoride,
standard glass, zinc selenide, sodium chloride, potassium bromide, fused silica while
keeping the other experimental parameters constant as possible [77].

Butler et. al, 2016 have broadly examined the factors that affect the measurements
such as spectral resolution, wavelength choice, fluorescent background, the numerical
aperture of the objective, to avoid causing photoablation (sample burning) or saturation
of the detector. In this study, the fluorescent background is reported to be susceptible to
the background when 532 nm laser is used and is relatively free when high-energy (UV)
and lower-energy IR wavelengths are used (i.e. 244 and 1064 nm). The most commonly
used lasers are 786 and 830 nm (NIR region lasers) in biomedical research as they
generally do not cause photodamage in the samples [39]. Although it is dependent on the
sample, the laser acquisition time is defined to be sufficient when shorter than 10 seconds
for quick measurements. It is also highlighted that the spectral quality relies on the
instrumentation, sample type and suitability, laser power, laser acquisition time, and laser

accumulation time.

Raman Spectral Data Processing and Classification

Recent studies have shown that cancer diagnostics are possible using RS and machine
learning. Classification models are used together with RS for tissue identification and
tumor classification [38, 81]. Gajjar et al. demonstrated that RS is a potential diagnostic

approach in the accurate and intra-operative diagnosis of brain tumors, distinguishing the
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GB and normal brain using PCA and LDA [15]. Koljenovic et. al. also developed an
LDA-based prediction model for discriminating vital tumor tissue from necrotic tissue in
frozen human glioblastoma samples and yielded 100% accuracy [82]. Kast et al. studied
to identify the regions of the normal brain from glioblastoma and necrosis in frozen brain
tissue sections using RS by creating Raman images [64]. Recently, Zhou et al
discriminated against the normal brain, low grade (I-II), and high grade (III-IV) gliomas
using visible resonance Raman VRR Spectroscopy with 75.1% total accuracy using PCA
and Support Vector Machine (SVM) for classification [13]. In another study, Parlatan et
al. applied RS to diagnose endometriosis using PCA with the SVM and k-Nearest
Neighbors (k-NN) and yielded 100% specificity and sensitivity with unseen testing data
[81]. Orringer et al. used stimulated Raman scattering microscopy in the operation room
and acquired stimulated Raman histology images. Using multilayer perceptron-based
image processing and by providing intraoperative pathologic consultation for brain tumor

detection, the authors reported accuracies around 92% [60].

Developing an advanced RS diagnostic tool might allow for advanced analyses of
tissues without using additional techniques or reagents. Our study aims to develop RS
and microscopy as a viable adjunct to the current standard of light microscopy providing

more advanced, comprehensive, and detailed analyses of GB.
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1.4 HYPOTHESIS AND SPECIFIC AIMS:

1.4.1 HYPOTHESIS:

Raman spectroscopic techniques and machine learning analysis can provide
additional actionable molecular level information in morphological analysis of tissue
sections to further our understanding of tumor biology.

This hypothesis will be tested through the comparative analysis of normal brain
tissue and a molecularly uniform set of IDH-wt GB samples using RS. With this
approach, we aim to obtain further information beyond that gained through the study of
routine pathological evaluation. This thesis project specifically focuses on understanding
the Raman spectroscopic features of normal constituents of brain tissue and the

differences of these spectroscopic features from a group of /IDH-wt GBs.

1.4.2 SPECIFIC AIMS:

SPECIFIC AIM 1: To define Raman spectroscopic characteristics of FFPE normal
brain tissue and major tissue types of the central nervous system, to construct a baseline

for tissue diagnosis (See: Chapters 2 and 3).

Aim-1A. (OPTIMIZATION) The most abundant and available archival and routine
material for brain tissues is found in the form of FFPE tissues. Since FFPE samples can
provide repeated analysis of the same tissues by multiple methods (such as light
microscopy and RS), we selected to use FFPE tissues as our material in this study. In
AIM 1A, we aimed to develop a methodology that can generate spectroscopic data from
this material. Establishing the methodology for FFPE allows us to use archival tissue and
generate data that can be compared to the light microscopic information. For this aim, we
collected paraffin blocks of tissues from the University of California, San Francisco
(UCSF), Kog¢ University Hospital (KUH) Department of Pathology, and Gazi University
Hospital (GUH) as samples for our study. This stage also includes the optimization of
parameters such as tissue thickness to maximize the signal-to-noise ratio (SNR) for

precise Raman spectroscopic analysis of CNS tissue. Some of the parameters for
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optimization involve the choice of excitation wavelength, accumulation time, acquisition
conditions, laser power, and magnification.

First, we developed an optimal deparaffinization protocol for the efficient and
effective removal of paraffin from FFPE sections to create a reliable Raman signal
acquisition while retaining the morphological and chemical composition of the tissue
samples. We determined the effectiveness of deparaffinization protocols and validate our
protocol.

Second, we optimized the spectral analysis of CNS tissue by modifying analytical
parameters such as tissue thickness, Raman substrate choice, spectral excitation

wavelength parameters, magnification, scanning time, etc. (See: Chapter 2).

Aim-1B. (CHARACTERIZATION) We aimed to test these optimal parameters and
generate specific signals from normal versus abnormal tissue types of CNS (i.e. GB vs
white matter) for allowing the best molecular composition analysis by RS, once the

Raman data acquisition parameters are optimized. (See: Chapter 3).

SPECIFIC AIM 2: To define Raman spectroscopic characteristics of /IDH-wt GBs
and compare them with morphological and molecular composition of tumor tissues in
routine sections. The experiments in this phase aimed to develop characteristic profiles
of tissue types such as gray matter, white matter, necrosis, and the tumor. Determine the

distinguishing spectral features of GBs regarding the normal constituents of CNS (See

Chapters 4 and 5).

Aim-2A. Using a genetically and pathologically uniform group of tumors (/DH-wt
GBs), we expect to characterize cytological and histological features that can be
compared with the normal constituents of CNS tissue. Specifically, we aimed to develop
specific spectral profiles for these components of GBs such as necrosis, tumor, white

matter, and gray matter. (See: Chapter 4)

Aim2B. The aim of this stage is to develop a digital pathology method as a proof-of-
concept from the spectral database of tissue profiles that can be used as a reference base
for analyzing samples to determine their composition and nature (neoplastic versus non-

neoplastic). After collecting the spectral profiles for different tissue types (tumor,
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necrosis, white matter, and gray matter), we aimed to classify these tissue groups using

several machine learning algorithms. (See: Chapter 5)

1.5 Anticipated Results, Novelty, and Impact

* We anticipate being able to determine morphologic features of tissues in normal
and tumor tissues using routine staining methods and construct the Raman spectroscopic
profiles of the same tissues using FFPE samples. This will allow us to construct a database
containing various qualities of types and normal and abnormal morphological features in
tissues.

* The Raman spectral profiles are expected to identify the nature and qualities of
the tissues without disturbing the tissue integrity and without using any chemicals or
pigments for staining.

* The integration of additional spectral data on the routine sections is expected to
provide more information about the cells and tissues beyond that provided by the routine
staining methods such as H&E and might complement the information that could be
obtained with the use of immunohistochemical or genetic techniques.

* These results could give us the ability to construct a database that can eventually
be used in the clinic to determine the nature of a particular tissue without the need for any

further tissue processing or staining.
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Chapter 2:
MATERIALS & METHODS

In this thesis study, we analyzed FFPE brain tissue sections using RS and microscopy
to identify tissue compositions and distinguish normal and abnormal tissue regions in
patient samples with GB. In this chapter, we first explain the tissue preparation methods
for RS measurements. Next, we present our pointwise and map Raman spectral data
acquisition techniques. Finally, we present our data analysis techniques for the

classification of tumor samples annotated by pathology specialist, Dr. ibrahim Kulag.

2.1  Sample Size Calculation

Sample size calculation for this study was carried out by Biostatistician Dr. Arzu
Baygiil from Kog¢ University, as described by Bujang et al [83].

The number of samples to be included in the study was determined as 24 for
Sensitivity and 24 for specificity. Accordingly, considering the upper limit,

approximately 30 people should be included in the study, considering a 20% loss suffix.

2.2  Material Transfer Agreement (MTA), Institutional Review Board (IRB), and
Committee of Human Research (CHR) Approvals:

This study was conducted under the Koc University Institutional Review Board
(IRB) approval number 2018.082.IRB1.011 and the University of California, San
Francisco (UCSF) Committee of Human Research (CHR) approval number 17-23351.

This study was conducted under the ‘Material Transfer Agreement (MTA)’ between
Koc University Research Center for Translational Medicine (KUTTAM) and the
Department of Neuropathology, University of California, San Francisco. This study was
conducted under the MTA between KUTTAM and the Department of Pathology, Gazi
University Hospital (GUH), Ankara.
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2.3 Pathological Evaluation and Diagnosis:

H&E staining and analysis of normal and tumor tissues and whole slide imaging by
neuropathologists H&E staining were performed according to established and validated
protocols [68]. An Aperio ScanScope XT system with 150 slide capacity (Leica
Biosystems, Buffalo Grove, IL) was used and the digital images were obtained using
publicly available software (Image Viewer, Aperio Technologies, Leica Biosystems
Buffalo Grove IL, USA). The digital images were shared between the institutions for

consensus assessment.

2.4  Material Selection

11 GB FFPE brain tissue blocks from 11 GB patients were transferred for this thesis
study from the Division of Neuropathology, Department of Pathology at the UCSF,
according to the MTA between Kog¢ University and UCSF Neuropathology. 44 GB FFPE
brain tissue blocks from 23 GB patients supplied from Koc¢ University Hospital,
Department of Pathology. 8 GB FFPE brain tissue blocks from 8 GB patients transferred
from Gazi University Hospital (GUH), Department of Pathology, according to the MTA
between Koc University and GUH Department of Pathology. We employed a total of 38
GB, 18 WM, 19 necrosis (NC), and 16 gray matter (GM) samples from 42 patients for
this study (n=42).

The tissue samples were selected among previously diagnosed excision biopsies
from the archives of KUH Pathology, GUH Pathology, and the UCSF Neuropathology.

One IDH-wild type WHO Grade IV GB tissue block was included in Raman
optimization and 5 GB tissue blocks were included in deparaffinization protocol
optimization studies. /DH mutant or lower grade glial tumors were not included in this
study. 4 tissue blocks obtained from 2 recurrent GB patients were excluded from this
study. Excess or residual tissues from diagnostic or surgical procedures were used in this
study. In this study, we focused on the classification of GB, WM, GM, and NC tissue

spectra using machine learning models.
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2.5 Sample Preparation

2.5.1 Tissue Preparation for Histopathological Diagnostics:

Tissue samples were sectioned in Sum-thick and mounted on positively charged glass
slides (Thermo Scientific™ Polysine Adhesion Slides) by microtome (Leica Biosystems,
RM2245). Sections were undergone deparaffinization and H&E staining steps for
histopathological analysis using Tissue-Tek Prisma (Sakura Finetek, CA, USA) device
according to the standard operation procedures of UCSF and KUH pathology
laboratories. Histopathological diagnosis was carried out by two Neuropathologists from
KUH and the UCSF (Dr. Ibrahim Kulag and Dr. Tarik Tihan, respectively) according to
2016 WHO CNS Tumor Classification [2, 3, 9, 10].

Two tissue slices were sectioned from the same tissue blocks: One was used for
histopathological diagnostics, the other was used for Raman spectral measurements. The
tumor and white matter regions on the sections were marked by a neuropathologist on an
H&E-stained slide to be used as a guide for spectral measurements. Upon the completion
of Raman measurements, the sections that were used in Raman measurements have

undergone histopathological analysis for double-checking (Figure 2.1).

H&E staining

Formalin-Fixed
Paraffin-Embedded

Deparaffinization
with p-Xylene or
Clearene

Tissue

Histopathological
Sectioning Ristopatnological

)

Brain Tissue

Analysis

Raman
Measurements

Figure 2.1. Workflow Diagram of FFPE Tissue Sections

2.5.2 Tissue Preparation for Deparaffinization Protocol Optimization:

Two FFPE tissue blocks were used in the development and optimization of
deparaffinization protocols. Two blocks were sectioned in Sum-thick onto glass slides in

two sets, one for Clearene™[84] and another one for p-Xylene [85] deparaffinization.
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The deparaffinization protocols were developed by applying several modifications to the

protocols [39, 86].

Tissue sections were deparaffinized according to the following protocols:

Tissue sections were immersed in the cuvette filled with p-Xylene (p-Xylene for
synthesis, Sigma-Aldrich, Merck Milipore) for 5 minutes at room temperature. This step
was repeated twice to ensure the paraffin was dissolved effectively and replaced with
xylene. Then, the tissue sections were immersed into the next cuvette filled with the
Ethanol Absolute (99.9% by vol.) (ISOLAB 920.026) for 5 minutes to replace xylene and
paraffin residuals with absolute ethanol. This step was repeated three times to ensure the
effective clearing of paraffin and xylene residuals from the tissue sections. The sections
were then immersed into the cuvette filled with 90% (by vol.) ethanol for 5 minutes to
replace the alcohol with a less dilute one. After repeating this step 3 times, the tissue
sections have been immersed into another cuvette filled with 70% (by vol.) ethanol for 5
minutes to remove the alcohol from the tissue sections by reducing the concentration.
After repeating the last alcohol wash, the tissue was immersed into the cuvette filled with
distilled water and held for 5 minutes once to remove the alcohol from the tissue section

and supplemented water that the tissue sections lost during the paraffinization process.

Immersed in
Sample Sample Sample Sample Sample
A A A A A

Dissolving Substitution Dilution of Dilution of Wash and
paraffin of clearing alcohol alcohol rehydration
(2 x 5 min) agent (3 x 5 min) (3 x 5 min) (1 x 5 min)
(3 x 5 min)

Figure 2.2. Deparaffinization Protocols w/p-Xylene or Clearene™ Solvents
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The second deparaffinization protocol was applied by replacing the clearing agent p-
Xylene [85] with Clearene™ Solvent (Leica Biosystems, 3803600) [84] in the previously
described protocol (Figure 2.2). Sections were then stained using the Tissue-Tek Prisma

device for morphologic analysis under the light microscope.

2.5.3 Tissue Preparation for Tissue Thickness, Substrate, and Raman Measurement

Optimization:

One GB tissue block was included in thickness, substrate, and Raman measurement
optimization studies. One GB tissue block was determined as an optimization tissue block
and was sectioned in Spym and 10 pm-thick by microtome as two sets to be mounted onto
positively charged glass and Calcium Fluoride (CaF;) Raman substrates (CAFP76-26-
1U, Crystran, U.K.).

2.5.4 Tissue Preparation for Raman Spectral Mapping

Tissue samples for spectral measurements were sectioned in 10um-thick (x2) and
mounted onto CaF. Raman substrates at Koc¢ University Hospital, Department of
Pathology.

Tissue sections were deparaffinized using Clearene™ Solvent [84] according to the
given protocol in Figure 2.2 and underwent the Raman spectral measurements after the

sections were dried.

2.5.5 Sample Preparation for Tissue Microarray (TMA) Construction

38 FFPE tissue blocks from previously diagnosed 25 IDH-wt GB patients that were
supplied from UCSF, Department of Pathology, Division of Neuropathology were used
in Tissue Microarray (TMA) construction but only 11 FFPE tissue blocks in the TMA
from 11 GB patients were included in this thesis study, the rest will be used in the future
studies. All tissue blocks were sectioned onto positively charged glass slides as Sum-thick
and H&E stained at UCSF Neuropathology. Each H&E-stained section was analyzed by
a board-certified Neuropathologist under the light microscope as a Gold standard and

different tissue types (i.e., white matter, gray matter, necrosis, tumor) were marked onto
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the slide with color codes (Figure 2.3). The slides were overlapped with the FFPE blocks

and the same tissue regions were annotated for TMA preparation.

o~

yo—

)
Vi

Figure 2.3. Tissue MicroArray (TMA) Preparation (A) H&E-Stained section was
analyzed under the light microscope and the tumor region was marked with a blue pen on
the slide. (B) The marked region was overlapped with the tissue block and the same region
was marked on the tissue block. (C) The tumor region was removed using a punch needle
via the TMA Master device and transferred into the TMA block (D). TMA block was
sectioned, and H&E stained for histopathological analysis. (Red circles represent tumor
regions)

120 regions including white matter, gray matter, necrosis, and the tumor that were
marked on 38 FFPE tissue blocks and 4 blocks were placed into 3DHistech TMA Master
device at a time. An array was prepared for constructing each tissue microarray (TMA)
block. Four intact paraffin blocks were produced as TMA blocks and 31 holes (5x6 for

samples and 1 control) were drilled onto these blocks using a 1.5 mm diameter needle
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using the TMA Master. Drilled TMA block placed into the device with 4 other brain
tissue blocks each time and height analysis were done. Tissue blocks were scanned and
previously marked regions on the blocks were selected on the software. Regions of
interest were transferred into the related previously drilled holes in the TMA block.
(Figure 2.3) Each block was prepared involving 30 brain tissue cores and one lung tissue
core as a control and annotating starting point. (Figure 2.3) Tissue microarray block
(Figure 2.4.A) sectioned as sectioned in Sum for histopathological analysis (Figure 2.4.C)

and 10 pm-thick for Raman measurements (Figure 2.4.B)
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Figure 2.4. Tissue MicroArray (TMA) Block (A), Raman Section (B), and H&E-
Stained Section (C)
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2.6  Raman Spectral Measurements

All Raman spectra were acquired with a Renishaw inVia™ Raman Microscope at
TUBITAK MAM (Figure 2.5) using a 50x objective (Leica 50x/0.75). The device was
calibrated for each measurement setup according to user instructions given in the manual

provided by Renishaw.

ISERNISMHA\M@] \ I
inVia Raman Microscope —

Figure 2.5. Renishaw inVia™ Reflex Raman Microscope

2.6.1 Pointwise Raman Spectral Acquisition

Raman spectra of the sections were recorded using 532, 633, and 785 nm wavelength
lasers under various acquisition times (1, 10, 20, 30, 40, 50 sec), accumulation counts (1,
3, 5, 10, 20), and laser power fractions (1, 10, 50, and 100%) for the optimization of
Raman spectra acquisition parameters. Single point Raman spectra of previously
annotated GB and white matter regions were recorded from each region with three

repetitions to remove the cosmic rays using the Wire 4.3 Software of the instrument.
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Raman spectra from at least one location point were recorded using previously given

acquisition parameters for each excitation wavelength.

2.6.2 Spatial Map Acquisition of Raman Spectra

Raman spectra were recorded using the Renishaw Invia Raman Microscope after
calibration was done for each measurement setup. 50x objective (Leica 50x/0.75) and 785
nm laser were used for mapping acquisitions. Previously optimized parameters (10
seconds acquisition, 100% power, and 1 accumulation count) were applied for map
acquisition after the white light image was acquired for each region of interest or each
core on TMA sections. Origin was set for each slide, calibration values, and the
coordinates of each measurement were recorded for reproducible spectral acquisitions
(Figure 2.6 and Figure 2.7). Cosmic Ray Removal option was selected for each

measurement providing three repetitions for each spectrum acquisition.
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Figure 2.6. Origin setting and calibration of Renishaw InVia Raman Microscope using
Wire 3.4 Software
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Figure 2.7. Raman Measurement Setup (A) White Light Image of the region of
interest. (B) Area Setup and representative image of the measured area.
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2.7  NIR Spectroscopy Measurements

UV-3600 Shimadzu UV-VIS-NIR Spectrophotometer was used for absorbance and
transmittance measurements in tissue thickness optimization for Raman measurements.
Absorbance and transmittance values of the tissue sections (10um-thick) were recorded
for three available Raman laser wavelengths (532nm, 633 nm, 785 nm) in our facility.
Penetration depth values were calculated according to Beer-Lambert Law for each

wavelength.

2.8  Data processing and analysis:

The cosmic-ray removal operation was applied to all datasets using Renishaw Wire
(Windows-based Raman Environment) 4.3 software (©2014 Renishaw plc, U.K.) and
plotted using MATLAB R2020a and Python. Then, spectra were classified either using
the following pre-processing methods or without pre-processing with three different
machine learning algorithms: SVM, kNN, and random forest classifiers (RF). Machine

learning classifications of tissue spectra were performed with Numan Batur.
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2.8.1 Pre-Processing

Normalization
Spectra were normalized with min-max normalization [87] according to the

following formula:

x = Raman spectra
Xminimum = mlnimum(x], XZ, ey Xn)
Xmaximum = maxlmum(x], X2y veny Xn)

Xnormalized = (X — Xminimum) / (Xmaximum'Xminimum) [87]

The minimum and maximum values of the intensities of the spectra were determined
and the Raman intensities of related peaks were replaced with the new intensity values
by subtracting minimum values. Then, the new intensity values were divided by the

difference between maximum and minimum intensities [87].

Savitzky-Golay Smoothing Filter

The Raman spectra were smoothed using the Savitzky-Golay smoothing filter, which
is the most frequently used Raman spectra smoothing method based on the local
polynomial fitting procedure. The filter fits a polynomial with the given order by the
linear least-squares method to the points inside the window of the specified width to
eliminate the noise from the spectra [87]. Although there is no suggested window size
and polynomial order for denoising Raman spectra, we determined an optimum pair by
iterative combinations that allow us to remove the low-frequency components in our

dataset.

Principal Component Analysis (PCA)

Principle component analysis (PCA) is a multivariate pre-processing method based
on the axis rotation technique in the dataset and was employed to understand the affecting
factors on spectral variation within the samples. PCA aligns a new group of axes that are
termed as principal components (PCs), with the largest directions of variation in the

dataset and determined from the covariance matrix of the main data table. The determined
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PCs are used as the new feature set of the data, on which the model is trained[88]. In our
classification process, the PC set that is enough to explain 90% of the data is chosen
within all pre-processing pipelines. Since all pre-processing operation changes the
general structure of the data, the number of PCs that explains the 90% of the data could

vary depending on the pre-processing pipeline.

Standard Scaling

The scaling operation was employed for each feature on the dataset by subtracting
the mean from the feature and scaling by the variance of the spectrum (standard
deviation). The purpose of this operation is to have zero mean and unit standard deviation
for each feature. The scaling operation was applied by using the ‘StandardScaler class’ in

the “sci-kit learn’ library of Python.

2.8.2 Machine Learning Algorithms

Support Vector Machine (SVM)

SVM is a machine learning algorithm based on the separation of labeled data points
to positive and negative classes in real numbers (R"). The principle of the SVM model is
to find the separating hyperplane with the possible widest margin of separation of two
classes that are termed as the margin of error. This widest margin of the separating
hyperplane carries data points that are the vectors from positive or negative class and
these data points are termed as support vectors (SVs). The position of support vectors
determines the location of the optimal separating hyperplane [89]. The ‘C’ parameter that
resembles the trade-off between error toleration and maximization of the separation

margin is one of the most important parameters in the SVM model [90].

k-Nearest Neighbors (kNN)

The kNN model is one of the basic machine learning algorithms and it relies on the
principle is that the nearest samples to each other have similar characteristics. This leads

to predicting the nearest neighbors’ characteristics based on the ones whose
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characteristics are already known, where the ‘k’ value is a positive integer [91]. kNN is
the closest neighbor technique and is based on the idea that 'k' neighbors of any new
sample can be classified by majority vote. kNN is one of the simplest and most
straightforward data mining techniques and as training instances must be in memory at
runtime, it is referred to as Memory Based Classification. The difference between the
continuous attributes is calculated upon the Euclidean distance formula and the
considerable issue while coping with the formula of Euclidean distance is the frequency
of large values sinks the frequency of smaller values. Thus, continuous attributes are
normalized to a defined interval to deal with this issue, so that both frequencies have the

same effect on the distance value between instances [92].

Random Forest (RF)

RF is a machine learning method that is utilized for classification and regression of
the dataset and is known for its high superiority and accuracy. RF is based on the
combination of several decision trees and constructing a forest from decision trees [93]
using training data bagging and creating an ensemble model. Each decision tree in the
ensemble is created using a sample that replaces training data. Decision trees in the forest
play arole as a base classifier for determining the class tag of an untagged instance. This
is done by a majority vote where each classifier gets one vote for the predicted class tag,

then the top-rated class tag is used for classifying the given sample [94].

46



OPTIMIZATION OF SAMPLE PREPARATION AND RAMAN SPECTRAL
ACQUISITION PROTOCOLS

Chapter 3:
OPTIMIZATION OF SAMPLE PREPARATION AND RAMAN
SPECTRAL ACQUISITION PROTOCOLS

GB, the most frequent and lethal type of brain cancer, is diagnosed upon
histological and genetic features of the tumors by neuropathologists. In the clinics, FFPE
tissue sections are evaluated after H&E and/or several immunohistochemical staining and
classified based on morphological features for final diagnosis. After the 2016 update of
the WHO CNS tumor classification [10], molecular and genetic alterations of the tumors
have been involved in the traditional histological evaluation-based diagnosis only.
According to the 2016 update in WHO CNS tumor classification, highly heterogeneous
molecular and genetic features of GB have also been started being evaluated in addition
to the morphological and histological evaluation of GB [9]. This update increased the use
of genetic tests used in the diagnosis of GB, however, prolonged evaluation time of tumor
sections and high costs of the molecular tests have been recognized as the challenges in
the diagnosis of GB. Moreover, diagnostic variability among pathologists due to the
heterogeneity of the tumor and the variations in expertise level of pathologists may result

in differences in the final diagnosis.

To minimize interobserver variability and to reduce the time and cost spent in the
tumor evaluation; an analytical, rapid, and reproducible digital pathology technique
would be highly useful to aid neuropathologists in error-free diagnosis. According to this
motivation, we use RS to analyze the molecular composition of the tumor sections. While
RS provides bond-specific signals, the signal contrast must be maximized by optimizing
the brain tumor section sample preparation conditions and Raman spectrum acquisition
parameters. In sample preparation, since the samples are obtained mainly from FFPE
archival tissues, the paraffin content must be dissolved without damaging the morphology
or the chemical content of the tissue section. The Raman spectrum acquisition parameters
must also be optimal to avoid burning the samples with too much laser power density or
heating effects while the spectral contrast must also be as high as possible to classify

samples accurately.
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In this chapter, we present our optimized tissue preparation parameters (i.e. tissue
thickness, paraffin clearing protocol) for repeatable RS measurements in addition to safe,
rapid, and high-contrast Raman measurement parameters (i.e. laser excitation
wavelength, acquisition time, accumulation time, and accumulation count, substrate
type). This optimization study (8 FFPE blocks, n=6) allows us to obtain the optimal
signal-to-noise ratio (SNR) without damaging the tissue morphology. Thus, these
methods could be used reproducibly in the analysis of FFPE GB tissue sections. Previous
studies indicated that Raman spectra are highly affected by the sample [39], substrate type
[39, 77-80], and measurement conditions [39, 77]. Kerr, L. T. et al presented a study about
optimal laser excitation wavelength and Raman substrate choice for biological specimen
analysis using RS. This study highlighted that CaF> is the optimal Raman substrate
despite its high-cost and compared the Raman spectra of healthy human cheek cells using
various excitation wavelengths [77]. As a low-background Raman substrate, the interest

in CaF» substrate use is increased among researchers in recent years [78-80].

On the other hand, FFPE tissue section preparation is one of the most important
factors to obtain reliable spectra since the strong paraffin-related spectrum suppresses the
tissue spectrum and prevents tissue classification through the Raman spectrum. Figure
3.1 shows the Raman spectra of a representative brain tissue sample before (FFPE GB)
and after (deparaffinized GB) dissolving paraffin. The characteristic bond peaks of the
brain tissue sample appear after eliminating the paraffin peaks around 888, 1062, 1132,
1169, 1295, 1417, 1440, and 1460 cm’! by dissolving paraffin (Figure 3.1) (Table 3.1)
[75, 95-97]. Since the paraffin peaks provide broad and strong background, paraffin
residuals need to be cleared from the tissue sections while preserving the tissue
morphology and chemical composition of the samples. Eliminating paraffin background
and preserving tissue composition intact provide repeatable and accurate analysis of brain
tissue sections using RS. If the tissue preparation and paraffin clearing process are harsh
and chemical composition is not preserved in deparaffinization, Raman spectra cannot be
used for the identification or classification of tumors. For translational medicine
applications and clinical testing of RS use in cancer diagnostics, repeatable brain tissue

preparation and Raman measurement protocols must be established.
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Paraffin Embedded vs Deparaffinized GB Spectra
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Figure 3.1. Paraffin-embedded vs deparaffinized glioblastoma (GB) tissue spectra.
GB spectra from non-deparaffinized and deparaffinized tissue sections were acquired.
Both spectra were recorded under full laser power (100%), 10 seconds laser acquisition,
and one Raman scan on CaF, Raman substrate. Deparaffinized tissue sections were
deparaffinized according to the Clearene™-based deparaffinization protocol (See:
Chapter 2).

We present a series of protocols for reproducible and repeatable FFPE brain tissue
section preparation and Raman measurement protocols. We determined the minimum
tissue section thickness (10 um) by calculating the laser penetration depth in the tissue
and investigated the effects of deparaffinization conditions and solvent type (p-Xylene,
Clearene™). Moreover, we tested different substrate types (glass, CaF») to identify the
optimal substrate with minimum Raman background. Then, we defined the optimal laser
power (1%, 10%, 50%, 100%), laser acquisition time (1, 10, 20, 30, 40, 50 seconds), laser
accumulation count (1, 3, 5, 10, 20), and laser excitation wavelength (532, 633 and 785
nm) to obtain the best SNR without damaging the tissue for RS. While the protocols
presented in this optimization study are optimized for Raman spectroscopic analysis of

FFPE brain tissue sections (8 FFPE GB block from 6 patients), the sample preparation
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conditions, and Raman measurement parameters could be refined for other tissue types

as well.

Refining the tissue section thickness, Raman substrate type, and deparaffinization
protocols are necessary to obtain repeatable Raman spectra by reducing the variations
during either the tissue preparation and Raman measurement process. Applying these
optimized parameters also helps to eliminate the requirements for preprocessing steps

during the data analysis (i.e. background removal).

3.1 Optimal minimum tissue thickness for Raman spectroscopy

Penetration depth is a measure of how deep light can penetrate the sample and is
defined as the depth in which the radiation intensity in the sample falls to e (36.78%) of
its original value. The penetration depth value is calculated after measuring the optical
properties of tissue [98]. Beer-Lambert Law is coined after the work of August Beer and
Johan Lambert about the exponential relation between the transmission of the light and
penetration depth. According to Beer-Lambert Law, the intensity of the transmitted beam
exiting the sample logarithmically decreases with increasing concentration (August Beer)
or path length (Johann Lambert). The optical absorption relies on the incident beam
intensity, the concentration of absorbing species, the path length of the beam inside the
sample, and the extinction coefficient of the tissue [99, 100].

First, the transmission values for 532, 633, and 785 nm excitation wavelengths
were measured using NIR spectroscopy. Then, laser penetration depths for three different
laser excitation wavelengths (532, 633, and 785 nm) were calculated using the following

equations in MATLAB according to Beer-Lambert Law.

[99-101]
[ (Transmitted light)
Iy (Incident Light)

T(Transmittance) =

p(attenuation coefficient)
T=e¢e d (tissue thickness)

_,_d (tissue thickness)
T=¢e (8 (penetration depth))

o=1/a
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Absorbance (A) =2 — log(%T)

o (absorption coefficient) = 2.303 x A /d

e For the 532 nm laser excitation wavelength, penetration depth was calculated

as 8.691 (Figure 3.2).

Laser Penetration Depth in Tissue (A\=532nm)
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Figure 3.2. Penetration depth for 532 nm excitation wavelength

e For the 633 nm laser excitation wavelength, penetration depth was calculated

as 8.8 (Figure 3.3).
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Laser Penetration Depth in Tissue (A=633nm)
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Figure 3.3. Penetration depth for 633 nm excitation wavelength

e For the 785 nm laser excitation wavelength, penetration depth was calculated

as 9.128 (Figure 3.4).
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Figure 3.4. Penetration depth for 785 nm excitation wavelength

To avoid substrate background using RS, we suggest a minimum of 10 um-thick

brain tissue use for Raman spectra with better quality. Lower Raman spectrum
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background intensity also provides minimum pre-processing of spectra during data

analysis.

3.2  The Effect of excitation wavelength and the substrate type on the Raman
background and signal-to-noise ratio (SNR)

In RS measurements, the background signal induced by the sample and
substrate molecular structure and fluorescence may prevent reliable detection of
Raman peaks. Fluorescence is an emission of light from the samples or the
substrate after being illuminated by light. Electrons are excited from the highest
occupied molecular orbital (HOMO) levels to the lowest unoccupied molecular
orbitals (LUMO) with photons of energies greater than the LUMO-HOMO energy
difference. Electrons thermalize from their excited states and emit fluorescence
photons from multiple energy levels near HOMO. Owing to these multiple
emissions, fluorescence background could be observed as strong and broadband in
the Raman spectra. Since broadband fluorescence background is a strong factor
that might suppress the Raman spectral peaks of the given sample, Raman
measurements must use the optimal laser excitation wavelengths and substrate
types for minimizing or eliminating fluorescence background and obtaining stable
Raman peaks [102].

Laser excitation wavelength choice is one of the most important factors in
avoiding fluorescent background and photodamaging [39] of the tissue, and for
improving the SNR. Most frequently used excitation sources such as green or red
(532 and 633 nm) lasers with relatively higher energy photons cause strong
fluorescence background overwhelming the relatively weak Raman signal [103]
and increase the risk of photodamaging in the tissue sections. Using an infrared
laser with lower-energy photons, such as 785 nm or longer wavelength, results in
relatively less fluorescence as fluorescent background occurs when the laser
photon energy is close to the fluorescent transition energy of the sample and its
substrate [39, 103, 104].

In this optimization study, we used GB and white matter (WM) regions from
the same patient’s FFPE tissue sections. After determining the optimal tissue

thickness, the FFPE tissue block was sectioned in 10 um-thick and the tissue
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sections were tested under 532, 633, and 785 nm excitation wavelengths on
different Raman substrates. Backgrounds of CaF. and glass substrates were
compared under the exposure of three different excitation wavelengths (Figures
3.5-3.10).

For different excitation wavelengths, linewidths of the peaks and peak
positions were observed differently. Figure 3.5 represents the spectra of both GB
and WM on the CaF: slide and Figure 3.6 represents the spectra of both GB and
WM on the glass slide under 532 nm excitation wavelength. These spectra show
higher SNR and relatively low fluorescent background with respect to the other
spectra obtained 633 nm and 785 nm excitation wavelengths. (Figures 3.7-3.10)
Figure 3.7 represents the spectra of both GB and WM on the CaF: slide and Figure
17 represents the spectra of both GB and WM on the glass slide using 633 nm
excitation wavelength. Among these three different lasers, the spectra recorded
under the 633 nm excitation wavelength showed poor quality and significantly low
SNR caused by the highest fluorescent background (Figure 3.7 and Figure 3.8) with
no visible tissue damage (Figure 3.11), consistent with the studies previously
presented in the literature [39, 104]. Despite the other excitation wavelengths, 785
nm showed the lowest fluorescent background among the others (Figure 3.9 and
Figure 3.10), minimal detector saturation, and tissue damage risk (Figure 3.11).
According to these results, we suggest using the 785 nm laser source (Figure 3.9
and 3.10) and CaF> Raman slides for ideal Raman spectra with constant and low

background and the highest SNR.
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GB & WM Spectra on CaF,, Slide (A=532nm)
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Figure 3.5. Glioblastoma (GB) and white matter (WM) tissue spectra on Calcium
Fluoride (CaF) slide under 532 nm excitation wavelength
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Figure 3.6. Glioblastoma (GB) and white matter (WM) tissue spectra on the glass
slide under 532 nm excitation wavelength
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GB & WM Spectra on CaF2 Slide (A= 633nm)
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Figure 3.7. Glioblastoma (GB) and white matter (WM) tissue spectra on Calcium
Fluoride (CaF) slide under 633 nm excitation wavelength
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Figure 3.8. Glioblastoma (GB) and white matter (WM) tissue spectra on the glass
slide under 633 nm excitation wavelength
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GB & WM Spectra on CaF, Slide (A=785nm)
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Figure 3.9. Glioblastoma (GB) and white matter (WM) tissue spectra on Calcium
Fluoride (CaF>) slide under 785 nm excitation wavelength
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GB & WM Spectra on Glass Slide (A\=785nm)
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Figure 3.10. Glioblastoma (GB) and white matter (WM) tissue spectra on the glass
slide under 785 nm excitation wavelength

Although no change was observed on the tissue morphology in the optical
image of the Raman microscope after the laser exposure when 633 nm and 785 nm
lasers were applied, a color change was observed in the Raman microscope image
of the tissue surface when 532 nm laser was applied. (Figure 3.11) Even though we
obtained the higher SNR using 532 nm excitation wavelength among other lasers,
since preserving tissue morphology is the most important factor in this study, we
suggest using 785 nm excitation wavelength for the reproducible analysis of tissue
sections using RS.

Moreover, we observed that the fluorescent background was reduced and
stabilized after multiple laser exposure to the tissue (Figure 3.12), however,
multiple laser exposure increases the risk of tissue damage while using a 532 nm
excitation wavelength. Increasing the laser power, acquisition time, or
accumulation count, increased the risk of damaging the tissue (Figure 3.11).
Besides, the spectra samples’ Raman emission saturated the detector as presented

in the next section.
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Figure 3.11. Photodamage effect of lasers with 532, 633, and 785 nm excitation
wavelengths on brain tissue
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Elimination of Fluorescent Background by Repeated Measurements
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Figure 3.12. Reduction of fluorescent background by multiple laser exposures
(A=532 nm)

3.3  The Effect of Raman Measurement Parameters on Raman Spectral Contrast

To obtain the highest-SNR Raman spectra in a minimum duration for
clinical applications of RS in brain cancer, optimizing Raman measurement
parameters is necessary. In this section, we investigated the effect of laser power
(as a percentage of maximum available power density in mW-um™2), accumulation
time, and accumulation count for three laser excitation wavelengths (532, 633, and
785 nm) and defined the optimal values for each for brain tissue analysis of RS.
For each laser excitation wavelengths, Raman spectra were acquired from 10 pm-

thick GB and WM tissue sections.
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3.3.1 Optimization of Raman Measurement Parameters for 532 nm Excitation

Wavelength

Laser power optimization for 532 nm excitation wavelength

Raman spectra of 10 pm-thick GB and WM tissue sections on both CaF> and glass
substrates were acquired. Laser power was varied from 1, 10, 50, and 100% (of a
maximum of ~6.11 mW-um™? power density) and was recorded for each power
application. Each of these measurements was recorded under 10-second laser acquisition
time and 1 laser accumulation count application. The SNR of the spectra increased with
the increasing laser power and resulted in the highest value when 100% laser power was

applied as its maximum on either CaF; or the glass substrate (Figure 21-25).

The Effect of Laser Power on GB Spectra (A=532nm)
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Figure 3.13. The effect of laser power on glioblastoma (GB) spectra on CaF; slide

(A=532nm)
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The Effect of Laser Power on WM Spectra (A=532nm)
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Figure 3.14. The effect of laser power on white matter (WM) spectra on CaF; slide
(A=532nm)
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Figure 3.15.The effect of laser power on glioblastoma (GB) spectra on the glass
slide (A=532nm)
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The Effect of Laser Power on WM Spectra (A=53_2nm)
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Figure 3.16. The effect of laser power on white matter (WM) spectra on the glass
slide (A=532nm)

Laser acquisition time optimization for 532 nm excitation wavelength

Raman spectra of 10 um-thick GB and WM tissue sections on both CaF> and glass
substrates were acquired. The laser power was set to its maximum value as 100% for the
measurements in Figures 3.17-3.20 since this power level yields the highest SNR
according to the laser power optimization in the previous section (Figures 3.12-3.16). One
laser accumulation was applied to the GB and WM tissue sections for each measurement.
The laser acquisition time was increased from 1 second to 10, 20, 30, 40, and 50 seconds
for GB and WM tissue spectra measurements on both CaF, and glass substrates. We
observed that the GB spectra saturated the detector when exposures longer than 10
seconds were applied on the CaF; substrate and WM spectra saturated the detector when
exposures longer than 30 seconds were applied (Figure 3.17 and 3.18). For the tissue
sections on the glass substrate, GB spectra saturated the detector when the laser is exposed
to the tissue for more than 10 seconds and the WM spectra saturated the detector when
the laser is exposed to the tissues for more than 20 seconds (Figure 3.19 and Figure 3.20).

Some fluctuations were observed due to the fluorescent background (Figure 3.18). The
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results indicate that 10-second accumulation is needed for good spectral contrast (Figures

3.17-3.20).
The Effect of Acquisition Time on GB Spectra (A\=532nm)
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Figure 3.17. The effect of laser acquisition time on glioblastoma (GB) spectra on
CaF; slide (A=532nm)
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Figure 3.18. The effect of laser acquisition time on white matter (WM) spectra on
CaF; slide (A=532nm)
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The Effect of Acquisition Time on GB Spectra (A=532nm)
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Figure 3.19. The effect of laser acquisition time on glioblastoma (GB) spectra on
the glass slide (A=532nm)
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Figure 3.20. The effect of laser acquisition time on white matter (WM) spectra on
the glass slide (A=532nm)
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Laser accumulation count optimization for 532 nm excitation wavelength

According to the previously presented optimal laser power and acquisition time
parameters, we investigated optimal accumulation count for 532 nm excitation
wavelength under the 100% laser power and 10 seconds laser acquisition. The
accumulation count is increased 1 from 3, 5, 10, to 20. The spectra acquired from the GB
tissue section on CaF> substrate saturated the detector when more than 5 accumulation
count was applied (Figure 3.21), although no saturation detected on WM tissue section
Figure 3.22). On the glass substrate, when more than 1 laser accumulation count is
applied, either GB or the WM saturated the spectra (Figure 3.23 and Figure 3.24). Overall,
we suggest applying no more than 1 accumulation count as it did not cause any saturation

and is adequate for high-SNR spectra and rapid spectral measurements.

The Effect of Accumulation Count on GB Spectra (A=532nm)
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Figure 3.21. The effect of laser accumulation count on glioblastoma (GB) spectra on
CaF; slide (A=532nm)
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The Effect of Accumulation[Count on WM Spectra ()\=5T32nm)
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Figure 3.22. The effect of laser accumulation count on white matter (WM) spectra
on CaF; slide (A=532nm)

Effect of Accumulation Count on GB Spectra (A\=532nm)
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Figure 3.23. The effect of laser accumulation count on glioblastoma (GB) spectra on
the glass slide (A=532nm)
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The Effect of Accumulation Count on WM Spectra (A=532nm)
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Figure 3.24. The effect of laser accumulation count on white matter (WM) spectra
on the glass slide (A=532nm)

3.3.2 Optimization of Raman Measurement Parameters for 633 nm Excitation

Wavelength

Laser power optimization for 633 nm excitation wavelength

Raman spectra of 10 um-thick GB and WM tissue sections on both CaF> and glass
substrates were acquired for laser power optimization. Laser power was varied from 1,
10, 50, and 100% (of a maximum of ~2 mW/um? power density), then the spectra were
recorded for each power application, same as in the previous section (3.3.1). Raman
spectra of GB and WM tissue sections were acquired under 10-second laser acquisition
time and 1 laser accumulation count application. The SNR of the spectra increased with
the increasing laser power and resulted in the highest value when 100% laser power was

applied as its maximum on either CaF> or the glass substrates (Figure 3.25-3.28).
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The Effect of Laser Power on GB Spectra (A=633nm)
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Figure 3.25. The effect of laser power on glioblastoma (GB) spectra on CaF: slide
(A=633nm)
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Figure 3.26. The effect of laser power on white matter (WM) spectra on CaF» slide
(A=633nm)
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The Effect of Laser Power on GB Spectra (A=633nm)
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Figure 3.27. The effect of laser power on glioblastoma (GB) spectra on the glass
slide (A=633nm)
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Figure 3.28. The effect of laser power on white matter (WM) spectra on the glass
slide (A=633nm)
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Laser acquisition time optimization for 633 nm excitation wavelength

Raman spectra of 10 um-thick GB and WM tissue sections on both CaF> and glass
substrates were acquired with full laser power for the measurements in Figures 3.29-3.32
since this power level yields the highest SNR as it is described in the previous section
(Figure 3.25-3.28). One laser accumulation count was applied to the GB and WM tissue
sections for each measurement. The laser acquisition time was increased from 1 second
to 10, 20, 30, 40, and 50 seconds for GB and WM tissue spectra measurements on both
CaF; and glass substrates. We observed that neither the GB spectra nor the WM spectra
saturated the detector in any acquisition time settings between 1-50 seconds for both CaF>
and the glass slides (Figure 3.29-3.32). The SNR did not significantly increase after 10
seconds of exposure. These results indicate that 10-second accumulation is needed for

good spectral contrast and rapid measurement (Figure 3.29-3.32).

The Effect of Acquisition Time on GB Spectra (A=633nm)
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Figure 3.29. The effect of laser acquisition time on glioblastoma (GB) spectra on
CaF; slide (A=633nm)
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The Effect of Acquisition Time on WM Spectra (A\=633nm)
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Figure 3.30. The effect of laser acquisition time on white matter (WM) spectra on
CaF; slide (A=633nm)
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Figure 3.31. The effect of laser acquisition time on glioblastoma (GB) spectra on the
glass slide (A=633nm)
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The Effect of Acquisition Time on WM Spectra (A\=633nm)
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Figure 3.32. The effect of laser acquisition time on white matter (WM) spectra on

the glass slide (A=633nm)

Laser accumulation count optimization for 633 nm excitation wavelength

To investigate the optimal accumulation count, Raman spectra of 10 um-thick GB

and WM tissue sections on both CaF and glass substrates were acquired under full laser

power and 10 seconds of laser acquisition (Figure 3.33-3.36) since these parameters

yielded the highest SNR as previously presented. (Figure 3.25-32) The accumulation

count was varied from 1 to 3, 5, 10, and 20. We suggest applying no more than 3

accumulation counts as the SNR did not significantly change after a point. For rapid

measurements, 1 or 3 accumulation count would be adequate for both substrates. The

glass substrate showed a higher Raman background than the CaF» substrate (Figure 3.33-

3.36).
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The Effect of Accumulation Count on GB Spectra (A\=633nm)
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Figure 3.33. The effect of laser accumulation count on glioblastoma (GB) spectra
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Figure 3.34. The effect of laser accumulation count on white matter (WM) spectra
on CaF; slide (A=633nm)
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The Effect of Accumulation Count on GB Spectra (A\=633nm)
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Figure 3.35. The effect of laser accumulation count on glioblastoma (GB) spectra
on the glass slide (A=633nm)
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Figure 3.36. The effect of laser accumulation count on white matter (WM) spectra
on the glass slide (A=633nm)
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3.3.3 Optimization of Raman Measurement Parameters for 785 nm Excitation

Wavelength

Laser power optimization for 785 nm excitation wavelength

The effects of different sets of measurement parameters on GB and WM regions on
the same tissue sections are demonstrated using 785 nm excitation wavelength in Figures
3.37-3.48. The Raman spectra were acquired for 10 um-thick GB and WM sections on
both CaF; and the glass substrates by increasing the laser power from 1, 10, 50, and 100%
(of a maximum of ~12.22 mW-um? power density). For each of these measurements
among Figures 3.37-3.40, 10-second laser acquisition and 1 accumulation count were
applied. Increasing the laser power resulted in higher SNR for both GB and WM sections
on CaF; substrates, however, due to the high Raman background, no significant changes
were observed on the spectra acquired from the tissue sections mounted on the glass slide.
10% and lower laser power demonstrates low SNR and requires intensive data analysis
for peak detection and discrimination of different types of tissues. 50% and 100% laser

power provided the ideal Raman spectra (Figure 3.37-3.40).

The Effect of Laser Power on GB Spectra (A=785nm)
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Figure 3.37. The effect of laser power on glioblastoma (GB) spectra on CaF; slide
(A=785nm)
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The Effect of Laser Power on WM Spectra (A\=785nm)
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Figure 3.38. The effect of laser power on white matter (WM) spectra on CaF> slide
(A=785nm)
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The Effect of Laser Power on GB Spectra (A\=785nm)

. 10 —50 ——100

= 10° w%
S~ f // H"“*‘-xMH
= gl .
2

£ 10°}

800 1000 1200 1400 1600
Raman shift (cm'1)

Figure 3.39. The effect of laser power on glioblastoma (GB) spectra on the glass
slide (A=785nm)
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The Effect of Laser Power on WM Spectra (A\=785nm)
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Figure 3.40. The effect of laser power on white matter (WM) spectra on the glass
slide (A=785nm)

Laser acquisition time optimization for 785 nm excitation wavelength

Based on the results in Figures 3.37-3.40, the accumulation count was tested with
100% of laser power. Full laser power and 1 accumulation count were applied for the
measurements of the spectra in Figure 3.41-3.44, since this power level and accumulation
count yielded the highest SNR and the most rapid measurement, respectively. GB and
WM spectra were recorded by the acquisition times were increased from 1 second to 10,
20, 30, 40, and 50 seconds. The spectra acquired from GB and WM tissue sections on the
CaF substrates indicated that 10-second accumulation is needed for good spectral
contrast. Acquisition time longer than 10 seconds demonstrated better and more stable
spectra, lowering the fluorescent background. Above 10 seconds laser acquisition did not
show a significant change in the fluorescent background even though those acquisitions
maximize the SNR (Figure 3.41 and 3.42). The spectra of GB and WM sections on the
glass slide saturated the detector after 10 seconds of laser acquisition. Therefore, we

suggest using 10 seconds of laser acquisition for good spectral contrast as fluorescent
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background did not significantly change for the tissue sections on CaF; substrate (Figure

3.41 and Figure 3.42) and saturated the detector for the tissue sections on the glass

substrate (Figure 3.43 and 3.44) in longer laser acquisitions than 10 seconds.

The Effect of Acquisition Time on GB Spectra (A=785nm)
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Figure 3.41. The effect of acquisition time on glioblastoma (GB) spectra on CaF>
slide (A=785nm)

The Effect of Acquisition Time on WM Spectra (A=785nm)
- 1—10—20 30 —40 — 50

I

[ |
|
i PRSP VP o PR S AP by AT 5 ~

£ NS NS | O AT, >~
1 0 L g gy M i MLt Lo piamtn, i g -. ad
TN " My ' i o WL NPV S e

Intensity (a.u.)

LU Y

Wi~ ‘l’."‘
e

800 1000 1200 1400 1600
Raman shift (cm"1)

Figure 3.42. The effect of acquisition time on white matter (WM) spectra on CaF>

slide (A=785nm)
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The Effect of Acquisition Time on GB Spectra (A\=785nm)
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Figure 3.43. The effect of acquisition time on glioblastoma (GB) spectra on the
glass slide (A=785nm)
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Figure 3.44. The effect of acquisition time on white matter (WM) spectra on the
glass slide (A=785nm)

81



OPTIMIZATION OF SAMPLE PREPARATION AND RAMAN SPECTRAL
ACQUISITION PROTOCOLS

Laser accumulation count optimization for 785 nm excitation wavelength

Laser accumulation time was optimized for GB and WM spectra by increasing the
accumulation count from 1 to 3, 5, 10, and 20 scans, under previously determined optimal
parameters: 100% laser power and 10 seconds acquisition time. Increasing accumulation
to three counts demonstrated more stable spectral data by reducing the fluorescence
background. Since no more than three accumulation count and 10 seconds of acquisition
time are needed for high-SNR spectra and rapid spectral measurements for the tissue
sections mounted on the CaF> substrates, we suggest no more than 3 accumulation counts
be applied for rapid measurements with good spectral contrast (Figures 3.45-3.46). For
the tissue sections mounted on the glass substrates, the spectra saturated the detector when
more than 1 laser accumulation was applied. Therefore, we suggest using 1 accumulation

count to avoid any possible detector saturation (Figures 3.47-3.48).

The Effect of Accumulation Count on GB Spectra (A=785nm)
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Figure 3.45. The effect of accumulation count on glioblastoma (GB) spectra on
CaF; slide (A=785nm)
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The Effect of Accumulation Count on WM Spectra (A\=785nm)
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Figure 3.46. The effect of accumulation count on white matter (WM) spectra on
CaF; slide (A=785nm)

The Effect of Accumulation Time on GB Spectra (A\=785nm)
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Figure 3.47. The effect of accumulation count on glioblastoma (GB) spectra on the
glass slide (A=785nm)
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The Effect of Accumulation Time on WM Spectra (A=785nm)
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Figure 3.48. The effect of accumulation count on white matter (WM) spectra on the
glass slide (A=785nm)

3.4  The optimized FFPE tissue preparation conditions for Raman Spectroscopy

Optimization of deparaffinization protocol is highly important given that
paraffin demonstrates strong Raman peaks that might suppress the tissue spectra
or shade the weak narrow tissue-specific (i.e. cancerous or healthy tissue) Raman
peaks, and prevent the identification of tissue types. In this section, we developed
two deparaffinization protocols (Figure 2.2) using p-Xylene [85] or Clearene™

[84] solvents to achieve the highest SNR Raman spectra from FFPE tissue sections.

In the histopathology laboratories, the most frequently used paraffin
clearing agent is p-Xylene, an aromatic hydrocarbon-based solvent [85]. Despite
the utility of p-Xylene, its high toxicity (to reproductive or target organs and
aquatic toxicity), the risk of carcinogenicity, explosion limit (lower explosion limit
is 1.1% and upper explosion limit is 7.0%), and low flash point (25.0 °C in a closed

cup) [85] prompted us to substitute p-Xylene with more environmentally benign
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and non-hazardous solvents. Thus, we suggest the replacement of p-Xylene with

™ ™

Clearene' ", a terpene-based organic solvent. Clearene " is an effective clearing
agent as much as p-Xylene in clearing paraffin residuals. Furthermore, no
carcinogenicity was reported related to the Clearene™ use and it has a higher flash
point (50.0°C) with less toxicity when compared to Xylene [84, 85]. In addition to

these advantages of Clearene™

, its cost-effectiveness, and prevention of stain
fading features make Clearene™ more advantageous and useful as a
deparaffinization agent for the tissue sections in both histopathological or Raman

analysis [84].

In this study, we developed a protocol using two clearing agents and tested
their viability in retaining the morphological integrity of the tissue, and not giving
rise to staining impairments in the tissue sections. We observed that H&E-stained
sections retained their morphological integrity and did not result in staining
impairments that might prevent the histopathological evaluation of the tissue
sections after both Clearene™ and p-Xylene-based deparaffinization methods. It is
demonstrated that either p-Xylene or Clearene™ based protocols given in Figure
2.2 can be used for effective deparaffinization with no significant morphological
differences in the tissue and structural differences between their effectivities in
eliminating paraffin. The deparaffinization protocol that uses Clearene™ preserves
the tissue morphology as effectively as the protocol that uses p-Xylene as a clearing
solvent. This protocol can be used for the preparation of FFPE tissue sections for
RS measurements and the routine histopathological analysis of tissue sections

using various staining (i.e. H&E) and light microscopy (Figure 3.49).
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SAMPLE

L ™

Clearene

Figure 3.49. The effect of p-Xylene and Clearene™-based deparaffinization methods
on tissue morphology. 5 pm-thick two Hematoxylin and Eosin (H&E)-stained
glioblastoma sections after deparaffinization with different clearing solvents

After the demonstration of the effectiveness of both p-Xylene and
Clearene™ based protocols, two groups of FFPE brain tissue sections were
deparaffinized using p-Xylene or Clearene™-based protocols (Figure 2.2) and the
Raman spectra of these sections were recorded. The Raman spectra of an FFPE GB
block (GB tissue preserved in paraffin block) and an empty paraffin block that does
not have any tissue were also recorded. It is observed that the GB spectrum
acquired from the FFPE GB block was suppressed by the paraffin spectrum and

observed similar with paraffin spectra acquired from the empty paraffin block. The
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Raman spectra of deparaffinized GB sections with either p-Xylene or Clearene™

solvents demonstrated that paraffin spectra were removed from GB spectra. The
Raman spectra of the tissue sections that were deparaffinized with p-Xylene based
protocol and Clearene™ based protocol, paraffin spectra, and paraffin-embedded
GB tissue spectra were then compared to test the effectiveness of deparaffinization
solvents. According to the Raman measurements, we observed that both protocols

eliminated paraffin residuals from the tissue sections (Figure 3.50).

Clearing Paraffin from GB Spectrum w/Different Agents

. FFPE GB Block —— GB section, Clearene
= — Paraffin Block ——GB section, Xylene
S 1062cm™ 1295cm™
v,(CC) ,  6(CH)

= 1 A 1132em * 14970 -1
2] Loy (o 5(CHs) 1440cm
c \ A ¥ 5(CH)
[0}
ot
£
O
= 1169cm’
-(_; 0.5 e v,(CC) .\

2 o
= ¥ y 41460cm®
5 : B(p(CHy)
Z

e

800 1000 1200 1400 1600
Raman shift (cm'1)

Figure 3.50. Clearing Paraffin from Raman spectrum of glioblastoma (GB) with
Different Agents: p-Xylene, Clearene™. The figure shows the comparison of Raman
spectra of paraffin, Formalin-Fixed Paraffin-Embedded (FFPE) tissue, deparaffinized
FFPE GB tissue sections with Clearene™-based and p-Xylene based protocols. GB
spectrum is suppressed by the paraffin spectra acquired from FFPE GB block and paraffin
residuals mostly eliminated from the spectra of deparaffinized (w/ p-Xylene and
Clearene™-based protocols) GB sections. All spectra were acquired under 100% laser
power (100mW input), 10 seconds laser acquisition, and 1 laser accumulation on CaF»
Raman substrate. (* Asterisk indicates Raman peaks attributed to paraffin in the
literature.) Peak assignments are according to references [75, 95-97] (see: Table 3.1).
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Table 3.1 Raman shift assignments for paraffin spectrum [75, 95-97]

Raman shift (cm™) Raman shift assignments
888 p(CH2)
1062 vs(CC) — CC skeletal stretch
1132 Vas(CC) — CC stretch
1169 vs(CC) — CC stretch
1295 0(CHz) — CH: deformation
1417 0(CH3) — CH2 deformation
1440 d(CHz) — CH: deformation
1460 B(p(CH2)) — CH2 bending and rocking

3.5 Discussion

Retrospective Raman spectral analysis of FFPE tissue sections is challenging
because of the fluorescent background of the tissue sections, strong spectra of paraffin
that suppress the tissue spectra, and highly heterogeneous material composition. To
resolve these challenges, minimizing the spectral variability of the tissue sections by
developing an effective and reproducible tissue preparation and Raman measurement
protocols is necessary. In this thesis, we present an optimal sample preparation and
Raman measurement protocol that maximizes the SNR and minimizes the variability
between the tissue spectra to better classify these spectra using machine learning

algorithms.

3.5.1 Optimized sample preparation protocol

While clearing the FFPE tissue sections from paraffin or formalin residuals,
preserving tissue morphology and composition is vital. We demonstrate that organic
solvent Clearene™ can be used as a paraffin clearing agent instead of highly toxic Xylene,
the most used paraffin clearing agent in histology laboratories, as Clearene™ showed the
equivalent performance to Xylene in eliminating paraffin originated Raman peaks from
spectra while retaining tissue morphology and tissue originated Raman peaks (Figure 3.49

and Figure 3.50). We suggest the use of Clearene™ as a deparaffinization agent for
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retrospective histopathological analysis of archival FFPE tissues due to its safety and low
cost.
3.5.2 Optimal Raman spectral measurement protocol

CaF; and glass Raman substrates under different 532, 633, and 785 nm excitation
wavelengths result in different Raman backgrounds. CaF> Raman substrates
demonstrated lower Raman background and better spectral quality with higher SNR
(Figure 3.5-3.10). On the contrary, the glass substrate resulted in a high background,
which prevents the detection of some peaks and the discrimination of tissue spectra more
accurately (Figure 3.10). Despite their affordability, spectra were saturated even with the
less laser power, laser acquisition time, and acquisition parameters when glass substrates
were used. Therefore, CaF> would be the more appropriate Raman substrates to reduce
fluorescent background in the spectra despite their relatively higher cost [39, 78-80],
consistent with the literature.

532 nm excitation wavelength demonstrated high-contrast spectra for brain tissue
sections, however, we observed morphological changes on the tissue section in some
cases due to thermal degradation of the tissue structure. Therefore, 532 nm lasers may
damage the sample and alter their compositions if these lasers are not used with low power
and with low acquisition time and accumulation counts. 633 nm lasers triggered the
fluorescent background of both tissues and the substrates. Among these three lasers, 785
nm lasers could be the most appropriate option for minimizing fluorescent background,
preserving tissue composition by preventing photo-induced damage of the tissues, and
maximizing SNR. Also, other near-infrared lasers such as 1064 nm [39] might be used
for avoiding fluorescent background. Applying full laser power (100%, 5 mW-um™), 10
seconds laser acquisition time, 1-3 accumulation counts are suggested for high-SNR and

rapid spectral measurements that could be appropriate to use in the clinics in the future.

3.6  Conclusions and Insights

We tested and demonstrated the effectiveness of our deparaffinization protocols in
preserving the morphological features with our Raman spectra and H&E light microscopy
results. Second, we optimized the spectral parameters for analysis of brain tissue by

modifying analytical Raman measurement parameters such as minimum optimal tissue
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thickness and Raman substrate choice to avoid and eliminate background signal, spectral
excitation wavelength parameters, laser exposure time, scanning time, etc. (Aim-1A)
Once the sample preparation and Raman measurement protocols were optimized,
tested these optimal parameters and generate specific signals from normal versus
abnormal tissue types of CNS (i.e. GB vs white matter) to validate our protocols, allowing
the repeatable and reproducible Raman spectral analysis of FFPE brain tissue sections.

(Aim-1B)
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Chapter 4:
RAMAN SPECTRAL ANALYSIS OF GLIOBLASTOMA AND
BRAIN TISSUE CONSTITUENTS

4.1 Raman Spectral Comparison (RS) of Brain Tissue Types

Vibrational and label-free spectroscopic techniques such as RS are
promising analytical tools with great potential in identifying the changes in the
tissues in real-time with a sub-micron high spatial resolution [105]. RS is a
powerful technique for molecular analysis of biological materials as it provides
molecular information based on the Raman scattering of photons with bonds of the
given sample [39]. In this chapter, we investigated the Raman spectra (and the
corresponding molecular peaks) of FFPE GB, NC tissue sections, and normal brain
tissue constituent WM, and GM tissue sections, using RS. We obtained Raman
spectral profiles of each tissue type (GB, WM, GM, NC) for distinguishing these
profiles (Figure 4.1-4.4).
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Average Raman Spectra of Glioblastoma
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Figure 4.1. Average Spectra of Glioblastoma (GB) (n=38). Map spectra for each
patient were acquired from 100 different locations on each GB tissue sections. All spectra
were recorded by applying full laser power (100%), 10 seconds laser acquisition, and one
Raman scan on CaF> Raman substrate. Tissue sections were deparaffinized according to
the Clearene™-based deparaffinization protocol (see: Chapter 2).
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Average Raman Spectra of White Matter
— White Matter
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Figure 4.2. Average Spectra of White Matter (WM) (n=18). Map spectra for each
patient were acquired from 100 different locations on each WM tissue sections. All
spectra were recorded by applying full laser power (100%), 10 seconds laser acquisition,

and one Raman scan on CaF> Raman substrate. Tissue sections were deparaffinized
according to the Clearene™-based deparaffinization protocol (see: Chapter 2).
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Average Raman Spectra of Gray Matter
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Figure 4.3. Average Spectra of Gray Matter (GM) (n=16). Map spectra for each
patient were acquired from 100 different locations on each GM tissue sections. All spectra
were recorded by applying full laser power (100%), 10 seconds laser acquisition, and one
Raman scan on CaF. Raman substrate. Tissue sections were deparaffinized according to
the Clearene™-based deparaffinization protocol (see: Chapter 2).

Brain tissue consists of ~70-83% water, ~7.5-8.5% protein, and ~5—-15%
lipids, and CNS is composed of low lipid concentration (~5%) in GM and high
lipid concentration in (~15%) WM [105]. GM mostly consists of neuronal cell
bodies, unmyelinated axons, and dendrites[106-108]. Accordingly, as GM consists
of a high amount of nucleus due to the neuronal cell bodies, one may expect to
observe more nucleic acid and protein [108] content peaks from the Raman spectra.
On the other hand, WM mostly consists of myelinated axons of the neurons[106,
108] and relatively fewer neuronal cell bodies [106] when compared to GM. As
myelin sheaths are composed of 75% lipid and 25% proteins [109], it is expected
to see more lipid or phospholipid [108] and some specific proteins or amino acids

(i.e. myelin oligodendrocyte glycoprotein) that are exclusively expressed on
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myelin sheaths and oligodendrocytes [110] and less nucleic acid content in the

WM, when compared to GM.
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Figure 4.4. Average Spectra of Necrosis (NC) (n=19). Map spectra for each patient
were acquired from 100 different locations on each NC tissue sections. All spectra were
recorded by applying full laser power (100%), 10 seconds laser acquisition, and one
Raman scan on CaF, Raman substrate. Tissue sections were deparaffinized according to
the Clearene™-based deparaffinization protocol (see: Chapter 2).

Steroids and cholesterol are the most plentiful lipid types in the brain.
Phosphatidylethanolamine, phosphatidylcholine, phosphatidylserine, and
phosphatidylinositol are a form of phospholipids and in addition to phospholipids,
sphingomyelin, glucocerebroside, ganglioside, and sulfatide are the form of lipids that are
present in the brain tissue (Table 4.1). Although the gangliosides are given in the group
of ‘unidentified’ in Table 4.1 since their concentrations are tiny in the total brain lipid
content, ganglioside concentration was reported to be six times lower in white matter than

gray matter, similar with most of the lipid subtypes [105].
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Average Raman Spectra of GB, WM, GM, and NC
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Figure 4.5. Average Raman spectra of glioblastoma (GB), white matter (WM), gray
matter (GM), and necrosis (NC) tissue sections. Map spectra for each patient were
acquired from 100 different locations on each GB, WM, GM, and NC regions. All spectra
were recorded applying full laser power (100%), 10 seconds laser acquisition, and one
Raman scan on CaF; Raman substrate. (nwmor=38, Nwhitematter=18 Ngraymatter=16, Nnecrosis=19)
Sections were deparaffinized according to the Clearene™-based deparaffinization
protocol (see: Chapter 2).

In addition to allowing the distinction of white and gray matter, lipid concentration
also has an important role in distinguishing between healthy and neoplastic tissue. As the
lipid concentrations are important factors that can assist in the distinguishing of tumors,
analysis of lipid content might be used to identify normal tissues from the tumor tissues.
The decreasing amount of the total lipid content has been reported while some type of
lipids such as phosphatidylcholine increases in the most common primary brain tumors.
In gliomas, cholesterol ester concentration has been reported to increase up to a hundred
times that in healthy brain tissue [105]. Average brain tissue spectra of GB, WM, GM,

and NC were presented in Figure 4.5.
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Table 4.1. Lipid content distribution (%) of gray matter and white matter in normal
brain tissue. The table is adapted from the following reference [105].

Lipid Gray Matter (%) White Matter (%)
Cholesterol 19.6 26.9
Phosphatidylethanolamine 30.7 19.6
Phosphatidylcholine 25.1 11.8
Galactocerebroside 7.2 18.4
Phosphatidylserine 7.2 9..0
Phosphatidylinositol 39 4.0
Sphingomyelin 3.2 4.4
Sulfatide 0.7 5.1
Phosphatidic acid 0.5 0.4
Unidentified 1.9 0.4
SUM 100 100

4.1.1 Comparison of GB and WM Spectra

Spectra for both GB and WM show similar overall features, which are

characterized by nucleic acid, protein, and lipid contents. Those Raman peak

intensities change based on their molecule concentrations. Strong Raman shifts
were identified at 621, 643, 746-749, 827-829, 852, 937, 957-963, 1003, 1032,
1060-1062, 1126-1131, 1155-1158, 1173, 1205-1209, 1295-1296, 1313-1318,
1336-1339, 1340, 1342, 1409, 1419, 1448-1450, 1458, 1555, 1583-85, 1605-1606,
1615, 1656, 1660, and 1670 cm™ in GB and WM spectra in addition to relatively

weak peaks listed with their assignments in Table 4.2 (Figure 4.56).
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Figure 4.6. Average spectra of glioblastoma (GB) and white matter (WM) tissue
sections. Map spectra for each patient were acquired from 100 different locations on each
GB, WM, GM, and NC regions. All spectra were recorded applying full laser power
(100%), 10 seconds laser acquisition, and one Raman scan on CaF, Raman substrate.
(Numor=38, Nwhiemaer=18) Sections were deparaffinized according to the Clearene™-
based deparaffinization protocol (see: Chapter 2).

Nucleic acid content is expected to be higher than normal tissue and lower lipid
content due to the increased nuclear density in tumor tissue. In WM tissue, it is
reported that the lipid density is higher than the tumor tissue and the nucleic acid
content is less than the tumor tissue [59]. The mean spectrum of GB (n=38) showed
lower lipid and cholesterol intensity at 957, 1081-1083, 1126, and 1168 cm’! bands
and more nucleic acid and protein intensity at 1313-1318, 1336-1342, 1360, 1419,
1443, 1445, 1446, 1450, 1452, 1458, 1660, 1664, and 1670 cm™' bands than WM
(n=18) spectrum (Figure 4.6).

A Raman peak was observed at 725 cm’! in the GB spectrum, which has been
attributed to nucleic acid content in the literature [111, 112] (Table 4.2). Broadband at
782 cm™! has been attributed to the vibration of the 5-C-O-P-O-C3’ molecule and related
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with the cytosine at 780 cm™! and thymine at 790 cm™!, depending on the concentration
of these DNA nucleic acids [113]. A broadband peak between 1440-1460 cm™! was also
observed and the peaks in between have mostly been attributed to protein and lipid
content in the literature (Table 4.2). Although one may confuse the 1440 cm™! peak as a
paraffin residue, it has been attributed to lipid content in addition to paraffin [105, 112,
114, 115]. The presence of this peak has also been reported in the frozen brain tissue

spectrum by Kalkanis et al [59].

Table 4.2. Raman shift assignments for the components of glioblastoma (GB),
white matter (WM), gray matter (GM), and necrosis (NC) tissue sections.

Raman
shift Raman shift assignments
(em™)
621 C—C twisting mode of phenylalanine (protein assignment) [78, 112, 116,
117]
630 Glycerol [105, 112]
643 C-C twisting mode of tyrosine [78, 112]
Tyrosine [118]
725 Adenine (ring breathing modes of the DNA/RNA bases) [111, 112]
739 Ring breathing mode of 5-fluoro-uracil [119]
Characteristic peak of Ibuprofen corresponding to C=0 [120]
741 7-cis configuration of B-Carotene [121]

746-48 Thymine (ring breathing mode of DNA/RNA bases) [111, 112]

749 Tryptophan [118]

752/3/4/5 | Symmetric breathing of tryptophan (protein assignment) [47, 112, 118]

755 Symmetric breathing of tryptophan (protein assignment) [78, 112, 116]
757 Symmetric ring breathing in tryptophan (protein assignment) [122]
759 Tryptophan [78, 116, 118, 123]

760 Ring (8) breathing of tryptophan (protein assignment) [117]

780 Cytosine [113]

782 5’-C-O-P-O-C-3’ [113]
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790 Thymine [113]

809 O—P-O stretching of the RNA backbone, C—C stretching of proline and
hydroxyproline (protein and collagen assignment) [124]

810 Phosphodiester (Z marker) [112, 125]

818 vs(C—0O-C) vibration [126]

820 Protein [127]

Structural protein modes of lesions [112, 128]
Proteins (including collagen I) [112]

827 Proteins (Proline, hydroxyproline, and out of plane ring breathing in
tyrosine), DNA/RNA (an asymmetric stretch of vo PO>") [112, 118,
124]

828 Out-of-plane ring breathing, tyrosine/O-P-O stretch DNA [78, 112,
116, 117]

829 O—P-O0 stretching (nucleic acid, tyrosine, and proline) [129]

Benzene ring breathing [130]

852 Proline, hydroxyproline [118],

Tyrosine ring breathing (protein assignment) [111, 118]

853 Proteins (C—C stretch in proline, collagen assignment), ring breathing
of tyrosine (protein assignment), C-O-C stretching of
carbohydrates(glycogen and polysaccharide assignment) [122]

937 Proline (collagen type I) [112, 118]

Amino acid side chain vibrations of proline and hydroxyproline, as
well as a (C-C) vibration of the collagen backbone [112, 118]

C-C backbone (collagen assignment) [112, 131]

C-C stretching, a-helix (protein assignment) [112, 117]

C-0O-C glycosides (carbohydrate assignment) [112, 117]

Glycogen [112, 122]

957 Hydroxyapatite, carotenoid, cholesterol [78, 112]

963 Unassigned in protein assignments [47, 112]
o(C=0) [132]

1002 Phenylalanine [118]

Phenylalanine (collagen assignment) [131]
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1003 Proteins (symmetric ring breathing in phenylalanine) [122, 124]

1031 C-O stretching mode [133]
Proteins  (collagen, C-N stretching in proteins), lipids
(phospholipids), carbohydrates (polysaccharides) [122, 124]
C—H in-plane bending mode of phenylalanine [78, 116, 122, 124]

1032 Phenylalanine [118]

1060 PO;" stretching (DNA/RNA), Chain C-C stretching (carbohydrate
assignment) [112]
C-0O, C-C stretching (carbohydrate assignment) [117]
asymmetric C—C stretch (lipid assignment) [134]

1062 Glycosaminoglycan (a-glycan) [135, 136]

1081 Lipid [59]
viCO3?%, v3PO4 ¥, v(C-C) skeletal of acyl backbone in lipid (gauche
conformation), C—N stretching mode of proteins (and lipid mode to a
lesser amount) [112, 118]

1082 Carbohydrate residues of collagen, carbohydrates peak for solutions,
nucleic acids [112]
Stretching vibration of the bridge C—O—C group in a-lactose [137]

1083 C—N stretching mode of proteins (and lipid mode
of a lesser amount) [78, 112, 116]

1125 Symmetric C-C stretch [134]

1126 v (C-C) skeletal of acyl backbone in lipid (trans conformation) [112,
118]
C-N stretching vibration (protein) [111, 112]

1130 Acyl chains [105, 112]

1131 Palmitic acid, fatty acid [105, 112]

1152 v(C-N), proteins, v(C-C) carotenoid [47, 112]

1155 C—C and C—N stretching of proteins and carotenoids [78, 112, 116]

1156 C-C and C-N stretching of proteins [111, 112]

1156/7 Carotenoids (absent in normal tissue) [112, 138]

1157 In-plane vibrations of the conjugated =C-C=[112, 139]

B-carotene accumulation (C=C stretch mode) [112, 140]
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1158 C—C and C—N stretching of proteins [112, 117]
v(C-C) mode of B-carotene [141]

1164 Guanine and Cytosine ring vibrations [113]

1165 v(=C-C=) of carotenoids [142]

1168 v(C=C) 6(COH) (lipid assignment), v(C-C), carotenoid [112, 143]

1173 Guanine, cytosine [112, 125]

1174 Tyrosine [112, 118], phenylalanine, C-H bend (protein) [112]

1180-84 Adenine, guanine, and cytosine [78, 112]

1198 C—N vibrational stretching [144]

1205 Ring-C stretch of Tyrosine [145]

1208 v(C-C¢Hs), phenylalanine (protein assignment) [47, 112, 143],
tryptophan [47, 112]
Adenine, Thymine (ring breathing modes of the DNA and RNA
bases) [111, 112]
Amide III (protein) [111, 112]

1209 Tryptophan and phenylalanine v(C-C¢Hs) mode [78, 116]

1235-39 Amide III vibration [146]

1285 Amide III [147, 148]

1295 CH> twisting mode [149]

1296 CH; deformation [75, 112, 146]

1301 CHz: twisting band (lipid assignment), C-H vibrations [112, 117]
Triglycerides (fatty acids) [112, 140]

1313 CH3CH> twisting mode of collagen and lipid [78, 112, 116]

1318 Guanine (ring breathing modes of the DNA and RNA)-C-H
deformation (protein) [111, 112]
Amide III (a-helix) [112, 114]

1336-39 | 6(CH>2), 6(CH3), twisting mode of collagen [143]
CH3CH2 wagging and twisting mode of collagen [78, 116], nucleic
acid, tryptophan [118]
Polynucleotide chain of DNA—purine bases [78, 116]
Adenine, Guanine, C-H deformation of proteins [111]

1340 CH3CH:2 wagging mode of collagen [78, 116]
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Nucleic acid mode [138]
Tryptophan [150]

1342 Guanine (DNA and RNA bases), CH deformation (protein and
carbohydrate assignment) [112, 117]
1360 Tryptophan, Lysine [150]
1367 vs(CH3) (phospholipid assignment) [112, 114]
1379 O0(CH3) symmetric (lipid assignment) [143]
1409 vs COO™ (IgG?) [112, 114]
1419 2’CHz3 scissoring modes (DNA assignment) [151]
1433 CH> bending (lipid assignment) [134]
1440 Vibration of CH; and CH3 deformation [112, 127]
CH deformation [105]
Cholesterol, fatty acid band [105, 112]
O0(CH2) (lipid assignment) [112, 114]
CH: bending (lipid assignment) [112, 114, 115]
Cholesterol [59]
1443 CH> deformation of lipids and proteins [78, 116]
1445 O0(CH2), 6(CH3) (protein assignment), 6(CH2) scissoring (lipid
assignment) [112, 143]
1446 CH> bending mode of proteins [78, 116]
1448/49 CH; and CH3 deformation [118]
1450 CH: bending mode (malignant tissues) [152]
CH:> bending (proteins) [114]
1452 Structural protein modes [127, 128]
1454 CHz: bending (lipid assignment) [134]
1458 Nucleic acid modes [112, 138]
Fatty acid substituents [105]
1463 Fermi interaction 6(CH2), & Y'(CH>) [112, 114]
Fatty acid substituents [105]
1555 Amide II (C—N-H valence, deformation vibration of N— H) [153]
1583 C=C bending mode of phenylalanine [112]
1585 v(C=C) olefinic stretch (protein assignment) [112, 146]
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1605 Cytosine (NH>) [112, 125]
vas(COO) [132]
Phenylalanine, tyrosine, C=C (protein assignment) [111, 112]

1606 v(C=C) of the vinyl group of red blood cells (hemoglobin
assignment) [154]

1615 Tryptophan, tyrosine, C=C (protein assignment) [111, 112]

1656 v(C=C)cis (phospholipid assignment) [112, 114]

1660 Amide I [122]

1664 Amide I band of proteins, Thymine, Guanine, Cytosine (nucleic acid

assignment) [111]

1670 Amide I band of proteins, Thymine, Guanine, Cytosine (nucleic acid

assignment) [111]

Table 4.2 shows peaks that can be attributed to multiple different molecules. For
instance, peaks originating from (CHz), may belong to paraffin, lipid, nucleic acids,
and proteins. Peaks between 1440-60 cm™! have been attributed to protein, lipid,
nucleic acid, and paraffin (CH: deformation/bending/rocking) content. Similarly, peaks
between 1130-1131 cm™! have been attributed to both lipids and paraffin. Hence, instead
of subtracting paraffin peaks from the FFPE Raman spectrum, an optimal
deparaffinization method could help enhance discrimination of tissue types from Raman
spectra. The deparaffinization protocol we proposed eliminates major paraffin peaks
within 888, 1062, 1132, 1169, 1295, 1417, 1440, 1460 cm™! (Figure 64), while retaining
peaks that can be attributed to protein (i.e. 1340, 1360, 1615 cm’!), nucleic acids (725,
1180-84 cm™), and lipid (1367, 1379, 1440 cm’!) content (Table 4.2). We preserved both
morphology (Figure 3.49) and the chemical content (Figures 3.50-4.6) of the tissue during

the deparaffinization process.
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4.1.2 Comparison of White Matter and Gray Matter Tissue
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Figure 4.7. Average spectra of white matter (WM) and gray matter (GM) tissue
sections. Map spectra for each patient were acquired from 100 different locations on each
WM and GM regions per patient. All spectra were recorded applying full laser power
(100%), 10 seconds of laser acquisition, and one Raman scan on CaF; Raman substrate.
(Nwhitematter=18, Ngraymatier=16) Sections were deparaffinized according to the Clearene™-
based deparaffinization protocol (see: Chapter 2).

Upon their similar molecular content, GM and WM showed similar Raman spectra
with increasing and decreasing intensities of some specific peaks, related with their
concentration in the tissue type. Nevertheless, due to the enriched lipid and protein
content of the WM originated from the structure of myelin sheaths[106, 108-110], there
are some differences in the intensities of the lipid peaks. The peaks at 1060, 1125, 1433,
and 1454 cm™! that have been attributed to the lipid content [134] in the literature were
observed higher in white matter. Accordingly, there are several peaks observed with
higher intensity in WM spectra in the range. Due to the convenience of the spectral range

between 1000 to 1200 cm ™! in detecting the variations of acyl chains in lipids, the peaks
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1085 and 1110 cm™! peaks that have been attributed to hydrocarbon C-C skeletal
stretching of lipids [134] were observed and showed higher intensity in WM spectra
(Figure 4.7).

Myelin sheaths, 50% of WM also include different myelin proteins that are composed
of more than 200 amino acids [155]. The Raman peaks at 820, 827-828, 852-853, 937,
963, 1003, 1030, 1083, 1445-1446 cm™ that have been attributed to different range of
proteins or amino acids showed higher intensity at WM spectra. Moreover, due to the
neuronal cell bodies and the cell nucleus, GM spectra showed higher intensity in the
Raman peaks at 1339-1342, 1419 cm! that have been attributed to the nucleic acid content
(Figure 4.7).

4.1.3 Comparison of Glioblastoma and Necrosis Tissue

Lipid accumulation in the brain could be a necrotic tissue marker [105]. While
phospholipids and cholesterols are gradually reduced towards the neoplastic regions,
necrotic regions were reported to be rich in plasma protein content [59] (620, 643, 755-
760, 827-828, 852-853, 937, 963, 1003, and 1031-1032 cm™'). Despite that, GB is
demonstrated higher lipid (1301, 1440, 1443-1445, and 1656 cm™ ') and nucleic acid
(1208, 1318, 1339, 1419, and 1458 cm') content (Figure 4.8) consistent with the
literature [59].
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Figure 4.8. Average spectra of glioblastoma (GB) and necrosis (NC) tissue sections.
Map spectra for each patient were acquired from 100 different locations on each GB and
NC regions per patient. All spectra were recorded applying full laser power (100%), 10
seconds of laser acquisition, and one Raman scan on CaF; Raman substrate. (nwumor=38,
necrosis=19) Sections were deparaffinized according to the Clearene™-based
deparaffinization protocol (see: Chapter 2).

4.2  Conclusions and Insights

We determine the specific Raman spectral profiles for GB, WM, GM, and the NC.
Then, we completed a wide range of literature reviews about the weak, strong, broad, and
shoulder peaks that we detect on our measurements and construct a database for analysis
of the tissue constituents. Next, we analyzed the specific peaks in the Raman spectral
profiles of each tissue type and compared them to each other (Aim-2A).

We constructed a spectral database to develop a digital pathology method as a proof-
of-concept that can be used as a reference base for analyzing samples to determine their
Raman peak combinations and nature (neoplastic versus non-neoplastic) to distinguish
from each other. After collecting the spectral profiles for different tissue types (GB, WM,
GM, and NC) (Figure 4.5), we classified the spectra obtained by these four tissue groups

using several machine-learning algorithms (Aim-2B) (See: Chapter 5).
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Chapter 5:
CLASSIFICATION OF GLIOBLASTOMA USING MACHINE
LEARNING MODELS

Refining the optimal substrate type, section thickness, and deparaffinization
protocols were necessary to get repeatable spectral measurements by minimizing the
differences during the tissue preparation process. Choosing Raman substrate type with a
minimum background also helps eliminate the background removal step and could further
be useful for our classification of the Raman spectra acquired from GB and WM. In this
chapter, we present machine learning classification results of tissue types (Aim-2B). The
preprocessing and machine learning model codes are presented in the following reference

[156]. The models in this chapter have been developed with support from Numan Batur.

5.1  Pre-processing Methods

GB and WM spectra were classified either with or without pre-processing operations
were applied before the classification, using SVM, kNN, and RF models. First, raw data
were classified using each model, and given pre-processing method combinations (Table
5.1) were applied to data before classification. The classification results of the data with
or without each combination of pre-processing steps were presented in this chapter (Table
5.2-5.4). Mean tissue spectra to which all pre-processing steps (sample wise min-max
normalization, Savitzky Golay, PCA, and scaling, within the given order) were applied

to, given in Figure 5.1.
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Table 5.1. Determination of the pre-processing steps followed before the
classification. (Each pre-processing operation was applied with the given order in the
line)

None — Spectra were classified without any pre-processing operation was applied.

Normalization — Spectra were classified after the min-max normalization was applied.

Normalization + PCA — Spectra were classified after the sample wise min-max

normalization and PCA operations were applied, respectively.

Normalization + Savitzky Golay + PCA — Spectra were classified after the sample

wise min-max normalization, Savitzky Golay, and PCA operations were applied.

Normalization + Savitzky Golay + Scaling + PCA — Spectra were classified after the
sample wise min-max normalization, Savitzky Golay, PCA, and scaling operations

were applied.

5.1.1 Normalization

The normalization step was applied to the tissue spectra to ensure the intensity
heights of the spectral data are not detected as features by the classification models in the
next step. After normalization of the spectra to the range between 0 and 1, all
classification accuracies increased in SVM and RF classifications (Table 5.2, Table 5.3).
Unlike SVM and RF classifications, only WM test accuracy increased, in the kNN

classification and train and GB test accuracy decreased (Table 4).

512 PCA

PCA was applied to the spectral data after the normalization step to reduce the
dimension of the data. When we give all 1011 Raman shifts in the data as a feature, since
each shift cannot distinguish the spectrum type alone, a dimension reduction method such
as PCA allows the shifts of maximum variance to be taken as principal components (PCs)
and converted into a new feature set. Since the PCs are the features with the maximum

variation, our classification accuracies increased in the new feature set (Table 5.2-5.4).
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5.1.3 Savitzky Golay Filter

Savitzky Golay filter to denoise the data by polynomial fitting to remove the low-
frequency components in our dataset. We determined an optimum window size and
polynomial order pair by applying iterative combinations to our data. We applied a 4™
order polynomial fitting and 61 data points as the window size for better classification of
our data. After the 4M-order polynomial fitting, the first derivative of the resulting signal
was taken. When normalization, Savitzky Golay, and PCA were applied in this order, the
train and GB accuracies increased in SVM, but the WM test accuracy decreased (Table
5.2). In kNN classification, all accuracy values increased (Table 5.3). Despite that, train
and WM test accuracies decreased but the GB accuracy increased in RF classification

(Table 5.4).

5.1.4 Scaling

The variations in the intensity among different spectra may cause the standard
deviations to vary extensively and bias the models due to different backgrounds, peak
intensities, or calibration artifacts. To normalize this deviation to become unit ‘1’ in all
features and the mean to be ‘0’, we created a data set in a way that allows us to evaluate
all data in an equal plane. By standard scaling, the variance differences between the
features were eliminated and the features were not weighted according to each other.
When applying normalization; Savitzky Golay, scaling, and PCA was applied in this
given order. While train accuracy and WM test accuracy is increasing, GB test accuracy
decreased in SVM classification, after all the pre-processing steps were applied in the
SVM model (Table 5.2). All accuracy values decreased in the KNN model when all the
pre-processing methods were applied (Table 5.3). Train and WM accuracies decreased,
and GB test accuracy increased when all pre-processing steps were applied in the RF

model (Table 5.4).
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Mean Spectra of Pre-processed GB and WM
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Figure 5.1. Mean Spectra of Pre-processed Glioblastoma (GB) and White Matter
(WM)

5.2  Machine Learning Classifications

5.2.1 Support Vector Machine (SVM)

In the SVM model, the ‘SupportVectorClassifier’ class of ‘scikit learn’ library was
used for the classification of tissue spectra acquired from different tissue types. The
‘GridSearchCV’ class of the ‘scikit learn’ library was used for hyperparameter tuning.
The optimal number of the ‘C’ value determined as 1 for all three classification groups
(GB vs WM, GB vs WM+GM, and 4-class classification). ‘kernel’ parameter of the
model was set as “rbf” and the other parameters were used in their default settings. The
train-test ratio was determined as 80% and 20% to all classification groups, respectively.

For the classification of the groups of GB and WM tissues, 100 spectra from relevant
tissue regions per patient were employed from 20 and 18 patients. SVM model resulted
in 70-90+1% training, 68-87+1% GB, and 73-90+1% WM test accuracies (Table 5.2).
The area under the receiver operating characteristics (ROC) curve was calculated as 0.96
when all pre-processing methods were applied (Figure 5.2). The confusion matrix of GB
and WM classification with the SVM model resulted in 314 true negative, 43 false

negative, 357 true positive, and 46 false positive values (Figure 5.3).
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Table 5.2. Classification Results of Glioblastoma (GB) vs White Matter (WM)
Spectra Classification using Support Vector Machine (SVM) Model. 2000 tumor and
1800 white matter tissue spectra were classified within the 80% train and 20% test ratios

(nge=20, nwm=18).

Train GB Test WM Test
Pre-Processing
Accuracy | Accuracy | Accuracy
None 69.1+1 % 68.0+1% 73.8+0%
Normalization 80.3x1% 73.0£1% 88.0£1%
Normalization + PCA 85.3+1% 81.5x1 % 91.1x1 %
Normalization + Savitzky Golay + PCA 88.3+x1% 88.0+1% 89.7x1%
Normalization + Savitzky Golay + Scaling | 90.0%£1% 87.2+1% 90.7£1%
+ PCA
i ROC Curve for GB vs WM
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Figure 5.2. Receiver Operator Characteristic (ROC) Curve for Glioblastoma (GB)
and White Matter (WM) Classification using Support Vector Machine (SVM) Model. All
pre-processing steps (Normalization + Savitzky Golay + PCA + Scaling) were applied.

ROC curve area = 0.96.
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Figure 5.3. Confusion Matrix for Glioblastoma (GB) vs White Matter (WM)
Classification. True label (y-axes) represents the actual label (WM:0, GB:1) and predicted
label (x-axes) represents the prediction of the Support Vector Machine Model (SVM).
True Negative (0-0) = 314, False Negative (1-0) = 43, True Positive (1-1) = 357, False
Positive (0-1) = 46.

5.2.2 k-Nearest Neighbors (kNN)

In the kNN model, the ‘KNeighborsClassifier’ class of ‘scikit learn’ library was used
for the classification of tissue spectra acquired from different tissue types and
‘GridSearchCV’ class of ‘scikit learn’ library was used for hyperparameter tuning of the
neighbor numbers, and ‘k’ value. The optimal ‘k’ number was determined as 7 for GB vs
WM classification. The other parameters were set as default. The train-test ratio was
determined to be 80% and 20%, respectively.

For the classification of GB and WM, 100 spectra from relevant tissue regions per
patient were employed from 20 and 18 patients. The kNN model resulted in 73-82+1%
training, 60-77+1% GB and 75-93+1% WM test accuracies (Table 5.3). The area under

the ROC curve was calculated as 0.91 when all pre-processing methods were applied
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(Figure 5.4). The confusion matrix of GB and WM classification with the kNN model

resulted in 333 true negative, 105 false negative, 295 true positive, and 27 false positive

values (Figure 5.5).

Table 5.3. Classification Results of Glioblastoma (GB) vs White Matter (WM)
Spectra Classification using k-Nearest Neighbors (k-NN) Model. 2000 tumor and 1800
white matter tissue spectra were classified within the 80% train and 20% test ratios. 2000
tumor and 1800 white matter tissue spectra were classified within the 80% train and 20%

test ratios (nge=20, nwm=18).

Train GB Test | WM Test
Pre-Processing
Accuracy | Accuracy | Accuracy
None 74.1+1% 77.5+1% 75.5+1%
Normalization 73.7£1% 60.7+1% 87.7x1%
Normalization + PCA 79.2+1% 71.2+1% 90.8+1%
Normalization + Savitzky Golay + PCA 82.6+1% 75.2%1% 93.0+1%
Normalization + Savitzky Golay + Scaling + | 81.2+1% 75.2+1% 88.0£1%
PCA
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Figure 5.4. Receiver Operator Characteristic (ROC) Curve for Glioblastoma (GB)
and White Matter (WM) Classification using k-Nearest Neighbors (kKNN) Model. All pre-
processing steps (Normalization + Savitzky Golay + PCA + Scaling) were applied. ROC
curve area = 0.91.
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Figure 5.5. Confusion Matrix for Glioblastoma (GB) vs White Matter (WM)
Classification. True label (y-axes) represents the actual label (WM+GM:0, GB:1) and
predicted label (x-axes) represents the prediction of the k-Nearest Neighbors (KNN). True
Negative (0-0) = 333, False Negative (1-0) = 105, True Positive (1-1) = 295, False
Positive (0-1) = 27.

5.2.3 Random Forest (RF)

In the RF model, the ‘RandomForestClassifier’ class of ‘scikit learn’ library was used
for tissue spectra classification and the ‘GridSearchCV’ class of ‘scikit learn’ library was
used for hyperparameter tuning. The optimal number of the trees (individual classifiers)
that were used in the model determined as 50 for GB vs WM classification. The other
parameters were set as default. The train-test ratio was determined as 80% and 20%,
respectively.

For the classification of the groups of neoplastic (GB) and normal (WM) tissues, 100
spectra from relevant tissue regions per patient were employed from 20 and 18 patients.
RF model resulted in 75-88+1% training, 78-91+1% GB and 73-87+1% WM test

accuracies (Table 5.4). The area under the ROC curve was calculated as 0.94 when all
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pre-processing methods were applied (Figure 5.6). The confusion matrix of GB and WM

classification with RF model resulted in 292 true negative, 46 false negative, 354 true

positive, and 68 false positive values (Figure 5.7).

Table 5.4. Classification using Model. Classification Results of Glioblastoma (GB)
vs White Matter (WM) Spectra Classification using Random Forest (RF) Model. 2000
tumor and 1800 white matter tissue spectra were classified within the 80% train and 20%

test ratios (nge=20, nwm=18).

Train GB Test WM Test
Pre-Processing

Accuracy | Accuracy | Accuracy
None 75.4+1% 78.5£1% 73.3+1%
Normalization 81.6x1% 81.2+1% 81.9+1 %
Normalization + PCA 88.5+1% 86.7£1% 87.7£1%
Normalization + Savitzky Golay + PCA 87.4+1% 90.2+1% 82.2+1%
Normalization + Savitzky Golay + Scaling + | 86.8+1% 91.0£1% 80.0+1%
PCA
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Figure 5.6. Receiver Operator Characteristic (ROC) Curve for Glioblastoma (GB)
and White Matter (WM) Classification using Random Forest (RF) Model. All pre-
processing steps (Normalization + Savitzky Golay + PCA + Scaling) were applied. ROC

curve area = 0.94.
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Figure 5.7. Confusion Matrix for Glioblastoma (GB) vs White Matter (WM)
Classification. True label (y-axes) represents the actual label (WM:0, GB:1) and predicted
label (x-axes) represents the prediction of the Random Forest (RF) Model. True Negative
(0-0) = 292, False Negative (1-0) = 46, True Positive (1-1) = 354, False Positive (0-1) =
68.

5.3  Conclusions and Insights

After the optimization of sample preparation and the Raman acquisition protocols,
we constructed a spectral library to distinguish the GB spectra from WM using machine
learning models. Then we optimized the pre-processing parameters for GB and WM
classification and investigate the effects of each pre-processing method on the train and
test accuracies. We observed that when the normalization, Savitzky Golay, Scaling, and
PCA steps were applied to our dataset in this order, our accuracies increased in the SVM
model (Table 5.2). While the first three pre-processing steps yield higher accuracy results
in the kNN model, the scaling operation decreased our accuracies (Table 5.3). For the RF

model, although normalization and PCA steps increased the accuracies, that Savitzky-
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Golay and the scaling operations did not yield higher accuracies for train and WM test
accuracies (Table 5.4).

We achieved up to 90.0+1%, 82.6+£1%, and 88.5+1% training accuracies with SVM,
kNN, and RF models, respectively. We achieved 88.0+1%, 75.2+1%, 91.0+1% GB test
and 91.1%£1%, 93.0£1%, 87.7£1% WM accuracies using SVM, kNN, and RF models,
respectively. This accuracy results may further be improved with the increasing the
sample size and refinement of pre-processing and classification models.

We used 2000 GB and 1800 WM spectra with the 80-20% train-test ratio and
presented the confusion matrix of each machine learning model (Figure 3, Figure 5,

Figure 7).
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Chapter 6:
CONCLUSION, ADVANTAGES & LIMITATIONS, AND FUTURE
WORK

6.1 Conclusion

We presented a series of protocols presented here for reproducible sample
preparation, Raman measurements, and machine learning model-based classification of
the measured spectra on FFPE brain tissue sections. Using 10 um-thick sections,
Clearene™ and successive alcohol dipping-based deparaffinization protocols and optimal
Raman measurement conditions (785 nm laser with full power, CaF. substrates, 1-2
accumulations, and 10 second accumulation times) have been found to yield high SNR
spectra. These optimized protocols could allow neuropathologists to do retrospective
studies of archival histopathological tissue samples using analytical chemical analysis
using RS.

The spectral analysis of each group of tissue was demonstrated by detailed peak
analysis using the reference Raman peaks given in the literature. The average spectral
profile of GB, WM, GM, and NC was shown in addition to the spectral comparisons and
interpretations of GB vs WM, WM vs GM, and GB vs NC. Our peak analysis results
discussed in Chapter 4 are consistent with the literature and need to be improved with a
larger sample size for more reliable results and a better spectral data library for machine
learning classification.

In this study, we presented our results as a proof-of-concept and classified the
spectral data that we collected so far from different tissue types. These results were
presented based on the tissue spectra acquired from GB and WM tissue sections. 100 GB
spectra acquired from each 20 GB and 18 WM tissue sections Collected 2000 GB and
1800 WM spectra were classified within the 80-20% train-test ratio. 1600 GB and 1440
WM spectra were used as a training set and 400 GB and 360 WM spectra were used as a
test set.

Three machine learning models (SVM, kNN, and RF) were employed to classify the
Raman spectra of GB and WM tissues. GB and WM classification (ngs = 20, nwm = 18,
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100 spectra per sample), SVM model resulted in up to 90+1% training, 87+1 % GB, and
90+1% WM test accuracies and 0.96 area under the ROC curve (Table 5.2) (Figure 5.2).
kNN model resulted in up to 82+1% training, 77+1% GB, and 93+1% WM test accuracies
and 0.91 area under the ROC curve (Table 5.3) (Figure 5.4). RF model resulted in up to
88% training, 91+1% GB and 87+1% WM test accuracies, and 0.94 area under the ROC
curve (Table 5.4) (Figure 5.6).

Moreover, we presented the true positive/negative and false positive/negative values
with the confusion matrix of each classification model (Figure 5.3, Figure 5.5, and Figure
5.7) As a result of SVM classification, true negative and false negative values were
obtained as 314 and 43, and true positive and false positive values were obtained as 357
and 46, respectively (Figure 5.3). As aresult of KNN classification, true negative and false
negative values were obtained as 333 and 105, and true positive and false positive values
were obtained as 295 and 27, respectively (Figure 5.5). As a result of RF classification,
true negative and false negative values were obtained as 292 and 46, and true positive and
false positive values were obtained as 354 and 68, respectively (Figure 5.7). To conclude,
increasing the sample number and refining the pre-processing parameters are needed for
better classification accuracies and eventual use of this technique in the clinics to augment

neuropathologists in the identification of GB.

6.2 Advantages & Limitations

6.2.1 Advantages

1. The project uses FFPE-based tissues, which allow the use of routine H&E staining
methods and pathologist classification of these tissues as the gold standard for comparison
with Raman-based tumor identification. As one-to-one overlapping fresh tissue with the
gold standard (H&E-stained sections), the use of FFPE tissue has eliminated this
challenge. This allowed verification of tissue types analyzed with RS, providing a one-
to-one comparison with the gold standard. In addition, the use of FFPE slides allowed us
a reproducible analysis of RS and H&E histology in the following section. Since using
fresh tissue requires a high number of surgeries in the limited research duration to reach
sufficient numbers of patients, excessive pathology archival tissues (FFPE) were selected

for this study.
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2. The use of FFPE tissues also allowed us the analysis of archival material,
providing retrospective studies on a larger sample set in neuropathological tissue banks
and archives for spanning a broader population diversity and potentially a broader set of
high-grade glioma types for the construction of the spectral database. Moreover, the use
of FFPE tissue samples allowed transportation of tissues from one center to another (i.e.
UCSF to KUH) with great ease, providing global access to the technology without having
to acquire expensive cryogenic equipment (i.e. for storing and transporting fresh tissue
sections). As a result, the classification models for RS and microscopy could be tested
and developed for prospective studies of high-grade glioma detection in addition to the
retrospective studies.

3. The use of FFPE material also allowed us to select the tissue regions of interest
such as GB, WM, GM, and NC regions for that study. Besides, we can obtain multiple
samples within micrometers from one another that can also be easily compared or overlaid
onto prior slides.

4. The development of optimization protocols for RS allowed us to do retrospective
studies on the tissue types in neuropathological tissue banks and archives. As a result, the
classification models for RS and microscopy might eventually be tested and developed
for prospective studies of high-grade glioma detection.

5. The use of Raman spectral analysis allowed us to detect different tissue types and
without the use of specialized staining techniques such as immunohistochemistry (IHC)
or histochemistry. Raman spectral analysis also helps keep the tissue intact and unstained,
allowing the use of the rest of the tissue for other purposes and analysis techniques. It is
also possible to analyze the same tissue using other spectral methods such as infrared
lasers or Fourier Transform Infrared Spectroscopy (FTIR) to acquire additional

characteristics of tissues, providing a finer analysis of the tissues [157].

6.2.2 Limitations

1. The deparaffinization step was required as we used paraffin-embedded tissue
sections before proceeding with the spectral measurements and the staining protocol. For
the effective and efficient spectral and pathological analysis, FFPE tissue sections must

be deparaffinized and rehydrated. Insufficient removal of paraffin may lead to unwanted
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spectra under Raman spectroscopic analysis and poor staining process of the tissue
sections. The limitations imparted by the ineffective deparaffinization step were abated
during the optimization process to enable a maximum SNR. The optimized
deparaffinization technique may not be applicable for all desired experiments or different
tissue types and maybe a limitation by preventing precise Raman measurements.

2. While we confirmed that both deparaffinization solvents and protocols kept the
tumor morphologies intact, we did not fully validate that these deparaffinization steps did
not alter the chemical composition of the tumor sections. For an unambiguous
confirmation of preservation of the chemical composition of tumor sections, the Raman
spectra of the samples before FFPE and after FFPE & deparaffinization must be
compared.

2. RS might not be able to provide an extensive analysis at very low molecular
concentrations and for nearly identical molecules, some molecules will be too similar in
chemical composition but different in their spatial arrangements (i.e. genes and
polymorphisms/mutations). However, other molecular and spectral techniques[157] can
be used to acquire this information and combine it with the data obtained from RS since
the tissue or cells will not be altered through Raman spectroscopic analysis.

3. The study of morphological changes in GBs is challenging due to significant
variations in cytological, architectural, and molecular features of these malignant tumors.
GBs have numerous molecular profiles and even more variable morphological features.
Therefore, it is not possible to define a uniform “GB profile”. However, we aimed to
specifically focus on the tissue characteristics (such as necrosis, tumor, healthy tissue,
etc) to create a multivariate database that can be used to characterize tissues and
distinguish abnormal from normal using machine learning models. This project is a proof-
of-concept attempt for the larger goal of developing Raman spectral databases of GB,
WM, GM, and NC tissue types.

4. The validation of Raman spectral analysis might be time-consuming and
challenging for pathologists since they need to mark all different cell types in the H&E-
stained tumor tissue. While this may allow us to limit our goals to only one molecular
type of GB, future studies and experiments will further this effort by expanding our
observations to a wide range of normal and abnormal samples. Developing informational

databases may allow for more efficient analyses of tissues in the future.
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5. Since pathologist annotations for tissue section types may be prone to errors, the
models are limited by the classification accuracies of pathologists. Multiple board-
certified pathologists might need to cross-check each other’s annotations to minimize

false positives and false negatives.

6.3  Future Work

In this thesis study, we developed an optimal sample preparation protocol (i.e.
deparaffinization, thickness optimization) for removing paraffin and formalin residuals
from the tissue sections efficiently and effectively to obtain reliable and reproducible
Raman signal acquisition while retaining the morphological structure of the tissue
samples. Although we estimate that the composition of the tissue sections is not altered
significantly, we do not preclude the possibility of unintentionally dissolving weak
Raman peaks from low-concentration non-paraffin molecular species during
deparaffinization. For a conclusive analysis of whether the composition is fully preserved
after deparaffinization, one needs to start with a fresh brain tumor section tissue and
measure its initial Raman spectrum. Then, this tissue should be fixed in formalin and
embedded in paraffin, and then paraffin should be cleared, and its Raman spectrum should
be measured. Finally, these two Raman spectra (before formalin fixation and paraffin
embedding and after deparaffinization of FFPE tissue) should be compared. This analysis
is reserved for future studies.

The results that we presented as a proof-of-concept in this thesis study will be
improved with increasing sample size to obtain more accurate and reliable results by
constructing a larger spectral database. We aim to understand whether specific
morphological subtypes and molecular patterns can be readily recognized based on
spectral analysis without the need for additional wet bench steps, genetic analysis, or
histomorphologic evaluation. The collected spectral database of normal, necrotic, and GB
tissue profiles will lead us to develop a set of machine learning models as a digital
pathology approach that can be used as a decision support system in clinical diagnosis.
The results of Raman spectral analyses will also be correlated with an additional and
novel spectral methodology such as Surface-Enhanced Raman Spectroscopy (SERS),
Infrared (IR) Spectroscopy including Fourier-Transform Infrared (FTIR) Spectroscopy to
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obtain molecular spectral analysis with higher sensitivity and complementary spectral
insights on the tumor composition.

The cumulative results from our studies are expected to create a comprehensive
spectral database that can be used to classify CNS tumors concerning the light
microscopic analysis and molecular tests as the gold standard. The use of the advanced
spectral analytical method is expected to supplement the existing knowledge about CNS
tumors and allow a deeper and more comprehensive characterization of FFPE tissue
sections using RS. After further refining Raman spectroscopic analysis of CNR tumors,
one may investigate whether it might be possible to use spectral analysis to characterize
molecular alterations and save precious time and financial resources by eliminating or
complementing expensive genetic tests. RS-based molecular-level profiling of FFPE
tissues can also be applied to fresh tissue samples and liquid biopsies as diagnostic tools
to improve patient care.

Based on the results of the project, we aim to expand our analytical efforts to all types
of GBs by transfer learning as well as other tumors of the CNS to identify unique
molecular profiles and to establish a database that will be used to further

classify/categorize CNS tumors.
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