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Average and median AUC scores from thyroid tumor detectior
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detection.
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Representative results of salassification of normal oral tissue
Left: HSI-RGB composites are shown with ROI of tiesue type
outlined. Center: Respective histological gold standard
corresponding ROI outlined. Right: Artificially colored CN
classification results of the ROI only. True positive res
representing correct tissiseibtype are visualized in blueydafalse
negatives are shown in red. Tissue within the ROI that is shov
grayscale represents tissue that is not classified due to glare pi:
insufficient area to produce the necessary paizh.

HSI classification results ROC curves for HNSCC experim
generated using leaaneout crossvalidation. (c) binary
classification of normal thyroid and thyroid carcinomas; (d) bir
classification of MNG and MTC; (e) binary classification of MM
and classical PTC.

Histological images (101x101 pixel imagatches) showing
anatomical diversity. Top: Patches of various normal struct
including chronicinflammation, stratified squamous epitheliu
stroma, skeletal muscle, and salivary glands (from left to ric
Bottom: Patches of SCC with varying histologic featul
keratinizing SCC, keratinizing SCC with keratin pearls, base
SCC, SCC with chronimflammation, SCC with hemorrhage (fro
left to right).

The ROC curvesire shown for patelevel cancer detection (lef
and slidelevel cancer diagnosis (right) in the testing groups fron
three datasets. The dotted gray line corresponds to random gu

Representative wholglide classification results. (a, b) Papille
thyroid carcinoma WSI from two patients. (c, d) SCC WSI fr
patients with tongue and retromolar trigone SCC. (e, f) Breast ci
metastasis to lymph node WSI from two patients. The carea is
outlined in green on the H&E images, and the heat maps are ¢
of the cancer probability.

Heat maps representing cancer probability of several regioi
interest. From left to righ the CNN correctly identifies salivar
gland and muscular components as having a low probability of .
stratified squamous epithelium correctly shown as a true negat
false positive area representing inflammatory infiltration near
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Figure7-5

Figure7-6

SCC border rfot shown); correctly classified true positive St
classified with a high probability of SCC.

Representative, correctbtassified cancer imaggatches from eact
dataset, visualized with cancer and normal components usin
gradCAM technique. The gradients were traced from the
convolutional layer before the inception modules to the cance
normal logits separately to visualize contributidren cancer anc
normal features leading to a correct cancer prediction. (a) B
cancer SLN metastasis image patch correctly classified as ¢
with 58% probability. (b) Papillary thyroid carcinoma image pe
correctly classified as cancer with 89%wlpability. (c) SCC image
patch correctly classified as cancer with 99% probability.

Representativéalse negative resulting from slide scanning artifa
This accounts for the misclassification result of the lov
performing WSI in the SCC test group. The left side of the WSI
a correct true positive classification (green box), but the out o§f
artifact results in false negative misclassification (red box).
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SUMMARY

Surgeonsperforming routine cancer resections utilize palpation and visual
inspection along with timeconsuming microscopic tissue analyssgensure removal of
cancerDespite thisjnadequatesurgicalcancer marginare eported forup to 1020% of
head and neckgquamous cell carcinoma (SC@&perationsThere exists a need for surgical
guidance with optical imaging to ensure complete cancer resection in the operating room.
The objective of this dissertation is to evaluate hyperspectral imaging @43)non
contact, labefree optical imaging modality to provide intraoperative diagnostic
information. For comparison of different optical methodautofluorescence, RGB
compositemagessynthesized from HSkandtwo fluorescentdyesare alscacquiredand
investigatedor head and neck canceetection A novel and comprehensive dataset was
obtainedof 585 excised tissue specimens fr@d4 patients undergoingutinehead and

neckcancersurgeries

The first specific aim of this thesis used SCC tisseeispens to determine if HSI
has potential to perform surgical guidance in the challenging task of head and neck SCC
detection. Currently, during SCC resections, several intraopepatikelogyconsultations
are performedo investigate the excised tissuagroscopically whichcan take 20 to 45
minutes each. Therefori¢,is hypothesized thaif proven reliableHSI could reduce time
and provide quantitative cancer predictioDeep learning algorithms have demonstrated
success at image classificatiomaegmentation tasks by extracting relevant features from
extremely large training datasets to allow generalizable learninglassificationability.
In the first specific aim othis thesis, statef-the-art deep learninglgorithms were

developed folSCC detection at theegistereccancer margin inxeised tissue specimens

XXii



The ground truth for the gro$svel images was obtained from histology, which was
demonstrated to be effective up to 2 mm, and a method to estimate cancer detection
performance at several distances from the cancer margin was devéhwestigatingall

293 tissue specimens frof2 patients with SCC, HSI detectednventionatype SCC
with a median AUC score of 85% at 2 mm from the cancer md&galuating performance
of HSI by anatomical locatiodemonstratedood SCC detection results in regions of the
upper aerodigestive tract, such as the lar{@®6 AUC score) oropharynx(95% AUC
score) hypopharynx (78% AUC scoreggndnasal cavity{93% AUC score) at distances up
to 2 mm from the cancer margifio understand the ability of HSI f@CCdetection, lhe
most salient spectral features were calculated using gradients and correlatiegiowith
cancer physiologysignals, notably oxygenated and deoxygenated hemogldbin
conventional typ&CC detection with HSIhe organ that produced the lowest results wa
the tongue, which may have been confounded by myoglobin sigm#&V+ type SCC
autofluorescence imaging deted in tonsillar tissue witB1% AUC score outperforming
other modalitiesThe results of this aim indicate HSI may hold potential for gigg&CC

resections.

The second specifiaim of this investigation was to evaluattS| for tumor
detection inthyroid and alivary glands For comparingiSI to traditional RGB imagery
RGB images were synthesized from HSI using the spectral response auttveiuman
eye. Using deep learnira;d our dataset of 200 thyroid tissue specimens from 76 patients
with thyroid cancerHSI detected thyroid tumors witB6% averageAUC score, which
outperformedfluorescentdyes and autofluorescencélowever HSksyntresized RGB

imagery signiicantly outperformed HSI witB0% AUC scoreTo understand why this was

XXili



possible for thyroid tumorshé most salient spectral features were calculated using
gradients and indicated that for thyroid tumors the visible spectrwffiment. The results
overall showed that HSalong withother modalities can be used fibevelopingthyroid
tumor predictivealgorithms succesdly with deep learningin salivary gland tumordHSI
demonstratethe best performander tissue specimerfsom 3 patients with parotid gland
tumors (2% AUC scorg, and autofluorescence performed best for tissue specimens from

3 patients with tumors of other salivary glands (80% AUC score)

In the process o$urgical pathologist consultations, pathologist$enpret many
histological slides, and we hypothesize that a computer aided diagnostic tool can be created
for assistancel he final aim of tlrs investigation was to develop deep learrafgprithms
for head and neck cancer detectiohumdreds otligitized histologyslides made from the
excisedtissue specimens this study Slides containing any amount of SCC or thyroid
carcinoma can be distinguished frantirely normal slides with 94% and @AUC
scores respectively. Additionally, the results demoat#d that SCC and thyroid
carcinoma can be detected and localized within digital whldde histology images with
92% and 95%AUC scoresrespectivelyThe results of this aim indicate deep learning and

digital histology could aid surgical pathologists.

Theoutcomef this thesis work demonstrateat HSland deep learning methods
could aid surgeons and pathologists in detectisgdand neck cancers Future steps
necessary fastreamlining deployment for potentidinscal translation oHSIare outlingl,
including moving from ewivo to in-vivo acquisitions Additionally, future steps needed
for translation of deep learning for assisting surgical pathologists are outlmed.

conclusion, the methods developed and presented for HSI and histologicalgraagi
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valuable for théoroadermedical optical imaging fieldnd serveas an example for future

studiesand emergingnodalitiesfor opticalsurgical guidance
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CHAPTER 1. INTRODUCTION

1.1 Background and Motivation

Estimatedcancer incidence wordide in 2012 for cancers of the drasalcavity,
nasopharynx, mpharynx, hypopharynx,larynx, and thyroid combined was 1.4 million
people newly diagnosed. This corresponds with arstggedardized incidence rate of about
25 men out of 100,000 and 14 women out of 100,000 diagnosed in 2012 alone with these
types of cancdrl]. Approximately 90% of cancer at sites including the lips, gums, mouth,
palate, ad anterior twethirds of the tongue are squamous cell carcinoma (§2|C)
Significant risk factors for the development of these types of cancer are tobacco
consumption, alcohol consumption, anéection withhuman papillomavirus (HP\3].

There were over 800,000 cancer deaths in 2012 from these types of gncCEne
diagnostic procedure of SCC typically involves physical examination and surgical
evaluation by a physician, tissue biopsy, andjastic imaging, such as PET, MRI, or
CT. Theprimary treatment formany cases of resectable S@®olves surgical cancer
resection with potential adjuvant therapy, such as chemotherapy or radi@rocases
where routine surgery is the primary treatmembdality, siccessful surgicatancer

resection is requiretb prevent local disease recurrence and promote difesssurvival

[4].

The most common practice during surgery to identify cancer margins is frozen
section analysis, which can take 20 to 45 min{ffeg. When determining negative and
positive cancer margins, most sesl on oral cavity and aerodigestive tract cancers

typically use a threshold of normal tissue beyond the tumor site greater than 5 mm to define



margin adequacy6]. Studies comparing disease recurrence using the 5 mm margin
definition foundthatinadequatenargins carry increaseéocoregional recurrence rate&o-

55%), compared tcadequatei.e. negativemargin recurrence rate§12-18%) [8-10].
Moreover, disease recurrence greatly affects likelihood for additional surgeries, reduced
quality of life, and increased mortality ratgll]. Five recentstudies, comprising 1,200
patients, found that positive cancer margsignificantly reduce diseaskee patient
survival rates values repded from7-52%, comparedvith diseasdree survival rates of

39-73% forcases wheraegative marginare achieves-10, 12, 13].

Hyperspectral imaging (HSI) is a naontact and labelfree optical imaging
modality, which acquiesa series oD images ahundreds ofdiscrete wavelength®
capture both spatial information and a spectral signature of the. targktinary research
demonstrates that HSI has potential for providing diagnostic information for a myriad of
diseases, including anemia, hypoxia, cancer detection, skin leslarcan identification,
urinary stone analysis, enhanced endoscopy, and many potential others in development
[14-25]. Supervised machine learning and artificial intelligence algorithms have
demonstrated the ability to classify images after being allowed to learn features from
training or eample images. One suatkeep learningmethod, convolutional neural
networks (CNNs)hasdemonstrated astounding performance at image classification tasks
due to the capacity for robust handling of training sample variance and ability to extract

meaningfulfeatures from large training data sif26, 27].

The need for an imaging modality that can perform diagnostic prediction could
potentially aid surgeons withnear reattime guidance during intraperative cancer

resection. If proven to be reliable and generalizable, this method could help provide intra



operative diagnostic information beyond pa
reources, perhaps enabling surgeons to achieve more acasatéonand biopsies, or
as a computeaided diagnostic tool for physicians diagnosing and treating these types of

cancer.

1.1.1 Preliminary Studies

Hyperspectral imaging has been applied succegsiulb number of biomedical
challenges. Preliminary research demonstrates that HSI has potential for providing
diagnostic information for diseases, such as anemia and hypoxia, for example determining
tissue oxygenation and altitude induced hyp¢&. Additionally, HSI hagiemonstrated
potential for invivo and exvivo cancer detectiorsuch addentifying residual cancen
the tumor bedrom a multtinstitute intraoperative brain cancer study and colon cancer
identification[15, 18, 19, 22]. Moreover, HSI has shown advancements in identification of
skin lesions diabetic ulcers,and urinary stone subtyping25, 29]. Because of the
demonstrated ability of HSI for identifying diseases, we chose to implement it in our study
for cancer detection in surgical specimens from head and neck cancer, a unique application
of HSI that has not been expéd before, and to construct an extensive patient database to
addresghese problems. Before applying the methods to human surgical specimens, the

work was first demonstrated by our lab in several animal models.

A previous Ph.D. studer(G. Lu) alsoadvised byProfessorfFei developed the
imagingprotocolfor SCC detection in a mouseodel using HSI. Lu and Fei were the first
to publish a comprehensive review on the use of HSI for biomedical application, which has

been cited nearl900 timeg 14], indicating the surge of research in the fi@gecifically,



a subcutaneous cancer model was magiegua xenograft of HNSCC cell line into mice,
and asupport vector machines (SVM) classifier was implemented with 89% accuracy
(n=12 mice) when HSI are acquired through the skin on the back of the fBflise
Afterwards, intraoperative HSVere acquired after skin resectiand tumor exposure in

the same mouse model, and using an acordour classifier achieved results of 97%
accuracy for tumodetection, crossalidating with only5 mice[31]. Next, a nouse model

of neoplastiANQO-induced tongue carcinogenesis was adopted, and SVM classification
of neoplastic versus normal tissue yielded an AUC of 0.84 feivm HSI and 0.86 AUC

for exvivoHSI, again using crosgalidations[32]. Lastly, Luet al. began thexvivoHSI

head and neck cancer surgical specimen study in collaboration with Emory University
Hospital Midtown.Prior to this thesis, Lu et apublisheda singlepreliminary workon
human, exvivo cancer detection using H8lassified wih SVM in limited regiors of
interest (ROIs) from 6 thyroid and20 HNSCC norregisteredp a t i samples dhat
achieved 86% accuracy for intpatient validation and 91% accuracy for iRp@ient
validation using croswalidations[33]. Theseworks weredone to establish the potential

of HSI in a mouse model and to begin the process of evaluating H8¥ovo human
specimens. Howevemuch more work remains to establish growndh registratiorfor
wholetissue mappingnd validation complete investigtion of more sophisticated and
robust classification methods on a significantly larger dataset of patients, and to compare

classification potential of HSI to other optical modalities and digitized histological images.

1.1.2 Significanceand Innovation

As discissed, in routine cases of resectable head and neck, complete removal of the

cancer is required tachieve successful diseasee survival and reduce locdisease



recurrencg8-10, 12, 13]. Hyperspectral imaging, a naontact, norionizing, and label
freeoptical imaging methodyasdemonstrated diagnostic potentiaat mayaid surgeons
with nearreakttime guidance during tre-operative cancer resectioff. proven to be
reliable and generalizahleve hypothesizeéhe proposed method would add quantitative
i maging to ext en bdeyosdinorghapalpasodand vesigbinspectiens

becoming aandidate for clinical translation to tbeerating room

The variability of HSI datais substantiaboth within andbetween patientand
therefore, must bealibratedto compare patientsThough classes of tissue mayosy
significant differences on average, the large standard deviations of spectral signatures from
classes of tissue require machine learning to make predictions about tissue class. Despite
calibration, the machine learniraggorithmsimplemented musbe suficiently robust to
handle the variation of spectral signatures from different tissues of different anatomical
sites that may occur within one type of carcinoffa.overcome these challenges, we
propose utilizingdeep learning with deep CNNsd hypothesze the results will solve
thesechallengesto a clinically acceptable degree, performing well in a task where
traditional, regressichasedmethodsare limited. For this task,mage registration is
essential for creating an accurate ground truth to allalidation of deedearning for
cancer detectiom ex-vivo tissues, witlpotential for HSI to serve as intraoperative surgical
guidance. Additionallyinspectingcorrect and incorrect classificatiaesults, we propose
to analyze the weights and activasdrom the deep learning methods to reveal which parts
of the optical spectra wsaused for making the decisidhis will allow investigationnside
t he Ffobolxadc ko f d and gorrelaton with camcegr pathophysiologitogether,

these results andievelopments will facilitate thorough investigation of Hfalsed cancer



detection, and serve as a standardcefevivo grosslevel imaging studies, within all areas

of optical modalities.

Prior to this thesis stugyor head and neck cancers, HSI haen demonstrated to
have benefit in the animal mod@l=12 mice) andwas investigated in human surgical
specimens witlonly a limited sample siz@=26 patients This work aims to address the
challenges and difficulties of cancer detection using humggical specimens from head
and neck cancers using a substantially large patient dat§bhag84), a thorough
investigation of machine learning methpaisd comparison of HSI to other optical imaging
modalities. Evaluating HSdased cancer detection onexttensive and comprehensige
vivo patientdatabases an essential step to determine if the approach can be viable for

clinical translation to intraoperative surgical guidance.

During surgical cancer resection, fresh frozen specimens are sent togicalsur
pathology department to provide feedback on cancer matgites during surgery.
Identifying cancemicroscopicallyduring intraoperative consultations can be challenging
because of histological preparation and processing,dimstrains, and thetseer volume
of slides to make a final diagnesWhile we hypothesize that HSI caubne day play a
role supplyingquantitativeanalysisto surgeongrior to resectionthere is also aeedfor
cancer detection in histopathological specimens. We hypoth#st a computeaided
diagnostic tool could be developed fassistingpathologiststo quantitativelyidentify

canceitis digitized histology slides made frasargical specimens.

To the best of our knowledge, tiéshe first work to identify head and neck cancer

on histological imagesyhich isonly possible because of our extensive patient dataset.



Moreover, the results and developments of this work will establish a benchmark in the field
for future work on computeaided diagnostics using histologihe major results and
conclusions drawn fronthis thesis will help define the role and potential of artificial

intelligence in the field o$urgical guidance and digitaathology.

1.2 Specific Aims

The objective of this work is to evaluate hyperspectral imaging (HSI) as-a non
contact, optical technique to further provide diagnostic information, for potential
translation into the operating room. We hypothesize that-fadelHSI will outperform
autoluorescenceRGB composites and fluorescentdye-basedoptical methods for the
detection of head and neck cancer in@xo fresh surgical tissue of human patients. In this
thesis we detail theHSI datset obtained from 2Dpatients,a novel and comprehsive
HSI databaseand perfornanalysis usingstateof-the-art deep learning methods, allowing
thorough and complete investigation of cancer detection-wvexsurgical specimens of
head and neck cancer. The results and outsoiriis comprehensivavork demonstrate

potential viability for clinical translation into intraperative guidanceystems

Specific Aim 1: Acquire a noveland extensive @tabase of HSI from exvivo

specimens obtained from H&N cancer patients undergoing surgergnd develop and

evaluate advanced image processing technigues

(a) Construct a novel, comgrersive ex-vivo HSI database of A0patients with
head and neck can¢encluding SCC and thyroid carcinomda$he dataset is investigated
and detailed: patient demographicslinical descriptors, and surgical pathology

information. Imaging protocd to acquirereflectancebroadband HSI, autofluorescence,



two dyebased fluorescence techniques, and standard RGB imgbing. method for
preparing accurate and reliable histopathological gold standards for HSI using a pipeline
of rigid and deformable image registration is developed and eval&sedl sectioning of

a few specimens is performed to understand variation aaheer margin with deptic)
Developandanalyzeprocessingechniques with comparison of machine learning methods
for the HSI data, includingssessingmage normalization techniquesd performance

degradation due tgpecular glare

Impact: This aim atablishes the data necessary for this investigation gfitth
will draw conclusions about clinical potentialhdprocessing andegistration methods
developed irthis aim allow for intetpatientmachine learning experimerasd quantify
the systemati error in using histology as the ground truth for glesgl exvivo tissue
specimens. Investigation of specular glare and the variation of the cancer margin provide
more information tdacilitate thorough investigation of H®ased cancer detection, and

serve as a standard for futurevexo grosslevel imaging studies with optical modalities.

Specific Aim 2 Develop deep learning algorithms to classify head and neck

cancer margins using HSland optical imaging

(a) Develop convolutional neural netwosdkgorithmsfor classification ofoptical
spectral propers of exvivo tissue specimens, using HSI, autofluorescence, RGB
compositemaging 2NBDG dye, and proflavin dydased imaging.(b) Perform cancer
detectionin both whole tumeonly and normabnly tissues for baseling idealcase
performancePerform cancer detectiat the registered tumarormal marginand erode

distances from the angin to identify how distanceffacts performance The described



experiments will be performed fully -independenpatient groups foall 102 SCQoatients
and 82 thyroid cancer patienits the HSI databaseéCompare performance of optical
imaging modalities. Additionallyjntra-patient experiments will be performed, which
simulates preliminanaugmentedsurgical approeh. (c) Investigate correatlassification
results to analyz€NN weights and activations from deep learnangd correlate with

cancer pathophysiology

Impact: Expected results will demonstrate potential of HSI for intraoperative
cancerdetectionand sugical guidance. Providsupportfor the hypothesis that HSI has a
unique ability compared to optical imaging methods to capture full diagnostic, optical
spectra that comprise biological properties of malignant neoplasmultiple cancer types
at difference anatomical locationsThe comparison of optical imaging modalities for
disease classification will guide which techniques have potential to be translated into intra
operative guidanceCorrelate CNN activation weights with theoretical optical features

all ows seeingboxsiafe dédep Ailbdarcrki ng and pr o\

Specific Aim 3 Compare HSI outcomesto histology-based methodsDevelop

and evaluate deep learning classifiers for head and neck cancer detectiondigitized

histological images.

(a) Determine if HSI can provide sttbwmponent classification for normal and
cancerous tissues, similar to histological analysis, which provides more tatajlist
binary classification(b) Using the digitizedhistological dataset of surgical specimens,
develop CNNbased method$or classification. Implement and evaluate histological

cancer detection for SCC and thyroid carcinoma in digitizlkdle-slideimages. Develop



color and stain invariant approafidr robustnessThe objective is to create methods for
(1) localizing the cancer within each slidgend delineating with heahaps and (2)
identifying slides with cancer from entirely normal slidég Perform gradient tracing
analysis to understanshlientfeauresfrom CNN-baseddecisionmaking with clinical

rationale (d) Establish limitations of the proposed method.

Impact: This will be the first work to identify head and neég&€Con histological
images using deep learnifgot only will this serve as a biin the field for future work
on SCC detectiomsing histologybut it also provides a benchmark for comparison of the

ability of HSIbased cancer detection methoahich use the exact same specimens

1.3 Thesis Overview

In this thesis work, the use byperspectral imaging was investigated for detection
of excised human head and neck cancer specimens. Chapter 2 reviews the background and
current literature available for hgpspectral imaging. Chapters/3are reproductions of
peerreviewed, firstautha journal manuscripts. Chapter @ncludes the thesis with a

summary of key findings, impact, and futuesearchdirections.

Chapter 2is an extensive literature review on ttedies utilizingHSI for cancer
detection. It is a reproduction of tipeerreviewedma nu s cr i plh-yivoendexi t | ed
vivo tissue analysis through hyperspectral imaging techniques: Revealing the invisible
features of cancér by Martin Halicek et al2019 which was published in the journal

Cancers
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Chapter 3 is a reproductionof the peerreviewed manuscript, entitled
fiHyperspectral imaging for head and neck cancer detec8peacular glare and variance
of the tumor margin in surgical speciméns by Mar t i R201Hwhichwae k et
published in thedournal of Medical Imagig anddescribesnachine learning, processing,
and ground truth method#. also contains excerpts fromconference proceedings by

Martin Halicek et al2018onimageregistration.

Chapter 4 is a reproduction of thepeerreviewed manuscript, entitled
fiHyperspectral imaging of head and neck squamous cell carcinoma for cancer margin
detection in surgical specimens from 102 patients using deepihgd , by Mar t i n He
et al.2019 which was published in the journ@hncers This work details the complete
investigation of HSI for SCC analysis, using all the SCC patients collected for this thesis
divided into two cohorts, and compares the results of HSI with other optical imaging

modalities.

Chapter 5 is a reproduction of theeerreviewedmanuscript, entit e dumér
detection of the thyroid and salivary glands using hyperspectral imaging and deep
learningd, by Mar t i 2020Hnmithiwvaselblisteet in the journ8iomedical
Optics ExpressThis work details the complete investigation of HSI for thyroid and
salivary gland tumor analysis, using all the thyroid and salivary gland tumor patients
collected for this thesis, and compares the results of HSI with other optical imaging

modalities.

Chapter 6 is a reproduction of thpeerreviewedma nus cr i p Opticalent i t |

biopsy of head and neck cancer using hyperspectral imaging and convolutional neural

11



network® by Martin Haadsipubkstked ia thdownal. of Biomddicat h
Optics It describeghe use oHSI for subclassification of normal tissue components and

subclassification of different thyroid tumors.

Chapter 7 is a reproduction of thpeerreviewedma nu s cr i plHeadaednt i t | e
neck cancer detection in digitized whalale hstology using convolutional neural
networks® by Mar t i n2018 wHich was kublished iréné Nature journal
Scientific Reportslt describes the application of cancer detection irdthitized whole
slide histologicalimagesprepared fronthe sameissuespecimens used in the abdd8l

studies and previous chapters.

Chapter 8 is a summary of the key findingbimnitations, future directions, and

impacts of the researchvolved in this thesis work.

Medical Image Guidance

Imaging Dataset: Aims: Chapters: with Deep Learning:
with Deep Learning:
[ )/ 7\ Aim 1 | Chapter 3). Database, Image Processing, ) .
Hyperspectral Registration, Ground Truth )
Imaging
g Aim 2 (Chapter 4). Head and Neck SCC ) _
N oA Detection with HSI ) -

A 4

Aim 2 _(Chapter 5). Thyroid and Salivary Tumor |
Detection with HSI )
Aim 3 [Chapter 6). HSI for Sub-tissue
Component Classification

Histolo AIm 3 [ Chapter 7). Tumor detection on Digitized Pathot
L L 9y RGB Whole-slide Histological Images \ athology /

Patient Dataset (N

Figure 1-1. Flowchart of the dissertation
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CHAPTER 2. LITERATURE REVIEW: H YPERSPECTRAL

IMAGING FOR CANCER ANALAYSIS

In this first chapter, a current literature review of the state of hyperspectral imaging
for cancer detection is providebh contrast to conventional optical imaging modalities,
hyperspectral imaging (HStancapture much more information from a certain scene, both
within and beyond the visual spectral range (from 400 to 700 nm). This imaging modality
is based on the prindgthat each material provides different responses to light reflection,
absorption, and scattering across the electromagnetic spectrum. Due to these properties, it
is possible to differentiate and identify the different materials/substances presented in a
certain scene by their spectral signature. Over the last two decades, HSI has demonstrated
potential to become a powerful tool to study and identify several diseases in the medical
field, being a norcontact, nofionizing, and a labdlree imaging modality In this
literaturereview, the use of HSI as an imaging tool for the analysis and detection of cancer
is presented. The basic concepts related to this technology are detailed. The most relevant,
stateof-the-art studies that can be found in the literatusing HSI for cancer analysis are
presented and summarized, bothvivo and exvivo. Lastly, we discuss the current
limitations of this technology in the field of cancer detection, together with some insights

into possible future steps in the improvemeithis technology.

2.1 Introduction

Hyperspectral imaging (HSI), also referred to as imaging spectroscopy, integrates
conventional imaging and spectroscopy methods to obtain both spatialpactiak
information of a sceng34]. Unlike conventional RGB (red, greeand blue) imaging,
which only @ptures three diffuse Gaussian spectral bands in the visible spectrum (e.g.,

380/ 740 nm), HSI increases the amount of data acquired beyond the capabilities of the
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human eyq35]. Hyperspectral (HS) sensors measure the aggregate signal of reflected,
absorbed and emitted radiance at specific wavelengths of the material that is being
observed. These sensors are capable of capturing a very large number of contiguous
spectral bands Igo called spectral wavelengths or spectral channels) across the
electromagnetic spectrum (ES). Each pixel of an HS image, or average over a region of
interest, has associated a specific vector of radiance values, commonly called spectral
signature[34]. Image processing algorithms make use @séhspectral signatures to
automatically differentiate the materials obsehby the sensor at each pix86]. These
methods rely on the basis that different molecular compositfogesoh material present in

nature have differenesponses to the incident lidi34].

HSI is a promising noimvasive and noiionizing technique that supports rapid
acquisition and analysis of diagnostic information in several fields, such as remote sensing
[37, 38], archeologyf39, 40], drug identification41, 42], forensic§43-45], defense and
security[46, 47], agriculture[48, 49], food safety inspection and contfél0-52], among
many others. Particularly, several studies can be found in the literature where HSI is
applied to different medical applicatiofisd, 53, 54]. It has been proven that the interaction
between the electromagnetiadiation and matter carries useful information for medical
diagnostic purposd44]. As an alternative to other existing technologies for diagnosis, one
of the strengths &fred by HSI is being a completely natvasive, norcontact, non
ionizing and labefree sensing technique. In medical applications, this technology has been
employed in several different areas such as blood vessel visualization enharj&ment
56], intestinal ischemia identificatid® 7], oximetry of the retin58-60], estimation of the
cholesterol levelg61], chronic cholecystitis detectior{62], histopathological tissue
analysis diabetic foot[63], etc. In recent years, medical HSI has started to achieve
promising results with respect to cancer detection through the utilization of esttyey

machine learning algorithms and increased modern computational [icivg8].
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In this literature review, the basis of the different HS acquisition systems is
explained, as well as their applications to the different tissue sample analysis, followed by
a brief presentation of the most common data processing approaches employed to process
HS information. In addition, a brief introduction to the optical properties of cancer tissues
and the current investigations performed in the literature to study and anaiyve and

ex-vivo cancer tissue samples using HSI are presented.

2.2 Hyperspectral Imaging

2.2.1 Hyperspectral Image Acquisition Systems

HSI sensors generate a thudimensional (3D) data structure, called HS cube,
where the spatial information is contained in the first two dimensions, while the third
dimension encompasses the spectral inftiona Figure 2-1 shows the information
structure of an HS cube. On one hand, each pixel of the HS image contains a full spectral
signature of length equal to the numloérspectral bands of the HS cube. On the other
hand, a gray scale image of the captured scene can be obtained using any of the spectral
bands that displays the spatial information provided by the image sensor at a particular

wavelength.

Single Pixel Spectral Signature

Figure 2-1. Hyperspectral imaging data. Basic structure of a hyperspectral imaging (HSI)
cube, single band representation at a certain wavelength and spectral signature of a single
pixel.
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Figure 2-2. Electromagnetic spectrum. HSI is commonly employed between the visible
and the mediunanfrared range.

Depending on the type of sensor employed, HSI cameras widr adifferent

spectral rangedszigure 2-2 shows the partitioning of the entire electromagnetic spectrum
(ES) and the range where HS images are commonly captured depending on the sensor type.
Chargecoupled device (CCD) silicehased sensors are sensitive in the visible and very
nearinfrared (VNIR) spectrum in the range between 400 and 1000 nm. The standard
indium gallium arsenide (InGaAs) sensors are able to capture HS images in the near
infrared (NIR) range, between 900 and Q70n, extending in some cases the upper range

to 2500 nm. Other types of sensors can reach larger spectral ranges. For example, the
mercury cadmium telluride (MCT) sensors are able to acquire HS images in the short
wavelength infrared (SWIR) range, fromQdto 2500 nm, being able also to reach 25,000

nm in some specific systerf4].

HS cameras are mainly classified into four dife types Figure2-3) depending
on the methods employed to obtain the HS cube: whiskbroom {gmnning) cameras,
pushbroom (linescanning) cameras, cameras based on spectral scanningo@mneang or

planescanning), and snapshot (single shot) cam&@s
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Figure 2-3. Hyperspectral camera types aheir respective acquisition and data storage
methods. (a) Whiskbroom camera; (b) Pushbroom camera; (c) Hyperspectral (HS) camera
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Whiskbroom camerag-{gure2-3a) are characterized by capturing one single pixel
at one time containing all its spectral information. The rest of the pixels of the scene are
captured by scanning both spatial dimensionsngk . Whiskbroom cameras have the
main disadvantage of being very tiroensuming during the image acquisition. However,

they can achieve very high spectral resolutions, allowing researchers to perform a more

detailed analysis of the spectral signaturthefpixel that is captured.
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Closely related to the previous camera type, pushbroom carkeyase@-3b) offer
a faster scanning solution compared to whiskbroom, kadg abtain high spectral
resolution. In this case, the camera captures one line of pixels of the s@xi®) @t one
time. The other spatial dimensiondxis) is obtained by moving the fietaf-view (FOV)
of the camera in that direction. Pushbroom cameare the most common systems in
remote sensing field and other industrial sectors due to their high spectral resolution,
showing reduced capturing times with respect to the whiskbroom cameras. The main
disadvantage of spatial scanning cameras is themeesf spatial aliasing if movement

artifacts occur during the acquisition peri&di.

On the other hand, HS cameras based on spectral scaRignge@-3c) are able
to obtain the entire spatial information-g¢xis and yaxis) of the scene for a certain
wavelength at one ti me, perf or maxis)gThese s cann
cameas can achieve high spatial resolutions and fast acquisition times; however, the
spectral resolution is typically lower when compared to the spatial scanning (whiskbroom
and pushbroom) cameras. One of the main disadvantages of spectral scanning cameras is
that they are not suitable for capturing moving objects due to the time required to perform
the spectral scanning, which would induce spectral aliasing artifacts. LCTF (Liquid Crystal
Tunable Filter) and AOTF (AcousiOptic Tunable Filter) HS cameras emploptical
filters electronically controlled to filter each wavelength and generate the complete HS

cube by performing a spectral scanning.

Finally, there is an emerging type of HS camera that can provide hyperspectral
video, having the lowest acquisititime and allowing the acquisition of moving objects

without performing any spatial or spectral scanning. Snapshot cantegase(2-3d)
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capture the entire scene in angle shot that contains both the spectral and spatial
information [65]. The main disadvantage of snapshot cameras is that the spectral and

spatial resolutions are much lower with reggedhe other camera types.

In summary, the order of spectral resolution from highest to lowest is line scanning
and point scanning being about equal, followed by spectral scanning, and snapshot. The
order of spatial resolution from highest to lowestpsdral scanning, line scanning and
point scanning being about equal, and snapshot. The order of fastest to slowest acquisition
times is snapshot, spectral scanning, line scanning, and point scanning. The use of high
spectral resolution HS cameras for aamanalysis allows researchers to study in detail the
optical properties of the tissues, identifying the most relevant spectral channels that are
involved in a certain application. On the other hand, the use of high spatial resolution HS
cameras permits ¢hanalysis of samples by combining the spectral and the morphological
properties of the tissue. Finally, HS snapshot cameras are the most suitable option for real
time analysis situations, mainly when the analysis e¥iwo tissue is performed. In
concluson, the HS sensor type and acquisition system selected are highly application

dependent.

2.2.2 Hyperspectral Image Processing Algorithms

An extensive literature is available ohet classification of HS image$6].
Traditionally, HSI has been widely employed in the remote sensing field, so the majority
of dgorithms developed to classify HS images are related to thi @@ dHowever, more
recently, HSI is progressively being used in other fields, such as drug af&g/%sg),

food quality inspectin[70], or defense and secur[f§1], among many others. That is why
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the algorithms that were developed targeting remote sensing applicatobdevadapted

to classify different types of scenes.

Pixelwise classification methods assume that each pixel is pure or a mix of pure
pixels and can be assigned to a certain material based on its spectral infof#tatidh
Pixelwise classification algorithms can be divided into two types: supervised classifiers
and unsupervised classifiers (also called clustering or segmentation algorithms).
Furthermore, in recent years, the use of deep learning (DL) approaches to classify HS data
has become increasingly common, achieving excellent results when compared with
traditional machine learning (ML) algorithn{§5]. When applied to medical HSI data
these algorithms face two main challenges: the high dimensionality and the limited number
of samples. However, these challenges are not necessarily present in other HSI domains,
but are more prevalent in medical HSI because of substantialpatient gectral

variability.

The basis of supervised classification algorithms relies on training an algorithm on
a set of spectral signatures with known class labels and using this trained model to assign
new labels to unknown spectral signatures in a HS imafe. tfaining process of
supervised algorithms must be performed with a library of spectral signatures where each
type of signature has been identified with a certain membership class, with the goal that
this library is sufficiently representative for geraation purposes. Moreover, regression
based, statistical ML methods based on linear discriminant analysis, decision trees, random
forest (RF)[75, 76], artificial neural networks (ANNg)/7-79], andkernelbased methods
have been widely used to classify HS images. In particular, there are several types of

kernetbased regression methods in the literai8@, where the support vector machine
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(SVM) classifier is the most commonly used algorithm. In the HSI field, SVMs provide
good performance for classifying this type cftal when a limited number of training
samples is availablgB0]. Due to is strong theoretical foundations, good generalization
capabilities, low sensitivity to the problem of dimensionality and the ability to find optimal
solutions, SVMs are usually selected by many researchers over other traditional,
regressiorbased ML clasfication paradigms for classifying HS imagg#4]. As a
relevant example, a variant of th&/I8 classifier, called fuzzy SVM classifier, was
employed in the development of an emotion recognition system based on facial expression
images[8]]. In the medical field, SVMs have been used to detect multiple sclerosis in
subjects, employing statiary wavelet entropy to extract features from magnetic
resonance images used as inputs of the SVM clas§8@r Furthermore, the same
technique combined with a directegtyclic graph method has been used to diagnose
unilateral hearing loss in structural MR3], demonstrating that the SVM algorithm is a
reliable candidate to work i a variety of medical image modalities. Other relevant
algorithms employed iRlS classification problemwith high dimensionaty are linear and
partial regression methodsuch as partial least squares (Pla8y linear discriminant
analysis (LDA), which are suitable forultivariate linear regressisrwith a large number

of predictors however, these perform well with smsdimple sizehut may have problems

generalizing to larger patient datagét4].

On the other hand, the goal of the unsupervised classifiers is to divide an image into
a certainnumber of similar groups (also called clusters), where each group shares
approximately the same spectral information and provides the correspondent cluster

centroid[84]. Each cluster centroid represents a spectrum corresponding to a material i
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the scene, while the membership functions provide the weights for these spectra. Unlike
the supervised classifiers, unsupervised methods do not require a training process using
labeled samples. For that reason, they cannot provide the identificatibe ofass that
each pixel bel ongs t o, only relative <clust
nature. Although unsupervised clustering does not provide any discriminant features by
itself, it could be used to delineate the boundaries of theelifepectral regions presented

in an HS image. Unsupervised algorithms, such as three#ns algorithni85, 86] and the
Iterative SelHOrganizing Data Analysis (ISODATA) techniqy87, 88], are the most
common clustering algorithms employed in the literature using HY @@jtaHierarchical
clustering is an unsupervised method of cluster analysis that seeks to obtain a hierarchy of
clusterd89]. Se\eral hierarchical clustering algorithms have been employed to classify HS
images, such as Hierarchiddiatrix Factorization[90], Hierarchical kMeans[91], and
Hierarchical Spherical #Means[92]. Some works based on HS analysis for medical
applications use unsupervised clustgras part of the classification algorithms, such as

those for colon tissue cell classificati®8] or laryngeal cancer detecti¢®4].

Deep learning (DL) techniques have been used for many applications of remote
sensing data analysis, such as image processingvseklassification, target detection,
and highlevel semantic feature extraction and scene understafihgComputationally,
DL generates predictive models thed ormed by several stacked processing layers with
6neuronsd that can activate with | earned w
of data with multiple levels of abstraction. DL architectures can extract intricate features
in large datasets tbugh an iterative, error backpropagation approach that determines the

gradients that lead to successful changes of internal pararf#ergvhile conventional
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machine learning techniques are limitadtheir ability to process data in its input form,

DL methods can learn new mathematical representations from the input data required for
detection or classification. These multiple levels of representation are obtained-by non
linear modules that moditye representation at one level (starting with the raw input) into

a representation at a higher, slightly more abstract level, where wepjeofunctions can

be learned9q].

Many DL frameworks haw been applied to HS images in the literatu®é.
particular interestgonvolutional neural networks (CNN©7, 98] have been employed to
process and classiflS remote sensing data, improving upon the results obtained with
conventional SVMbased algorithmf99, 100. CNNs have also been employed to extract
hightlevel spatial features from HS data in a specsgztial feature extraction algorithm
for HS image classificatio[i01]. In the medical field, DL is emerging in recent years as
a powerful tool in the field of translational bioinformatics, imaging, pervasive sensing, and
medcal informatic§1027. As an examplajeep neural networks (DNNs) and CNNs have
been employed to classify electrocardiogram sigri#l3-105), detect retinal vessel$06-

108, classify colorectal polypEL09, 110, and cancer analysjg11, 117. On the other
hand,despite so much promise using DL techniqulks,use of DLfor medical HSI is
recenf113 because of the large amounts of training data requineldg@rently there are

not many medical HSI databases available.

2.3 Cancer Optical Properties

The measured optical spectra of biological tissues from 400 to 1000 nm cover the

visible and NIR regions and can be broken down at the molecular level, whicly greatl
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contributes to the reflectance values measured in certain ranges. The hemoglobin (Hb)
absorption and reflectance spectra vary substantially between the oxygenated and
deoxygenated states, and Hb is a major spectral contribution of biologicalitistee

range of 450 to 600 nifil4]. Deoxygenated Hb shows a single absorbance peak around
560 nm, while oxygenated Hb shows two equal absorbance peaks around 540 and 580 nm
[115. The region of the NIR spectrum from 700 to 900 nm corresponds with the scattering
dominant optical properties of collagg¢thlq. The NIR region is referred to as the
scattering dominant region for biological tissues, mainly composed of fat, lipids, collagen,
and water. The molecular contributions of absorbance at wavelengths in the typical HSI
range are showmiFigure 2-4. The relationship of absorbance is inverse to reflectance
measured by HSI systems. For a more detailed summary of the optical properties of

biological tisse, the interested reader is directechiv¢anonical review by Jacqéd 7].
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Figure 2-4. A few representative majamolecular contributions to the absorbance at
wavelengths of light typical for HSI invegations of biological tiage[117]. Reproduced
with permission fronj117]; published by IOP Publishing (2013).
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Deal et al. investigated the contributions of normal and neoplastic colonic
autofluorescence, which is the reflectance observed from the endsgénorescent
molecules in biological tissue, using excitation wavelengths from 360 to 550 nm and
emission at 555 nm, separated with a lpags emissionlter and dichroic beamsplitter
[118. Investigating neoplastic tissues, colorectal adenocarcinoma and adenomatous
polyps, demonstrated that some autofluorescent molecules, asiclelastin and
nicotinamide adenine dinucleotide (NADH), had a significantly different abundance
compared to normal colonic tissues, while other molecules, such as collagen, flavin adenine
dinucleotide (FAD), and protoporphyrin 1X (PPIX), showed no chareeveen normal
and neoplastic tissues. However, the authors acknowledge the limitation of performing
their experiments with pairs of healthy and cancer from only nine patients and that non
neoplastic normal tissue from a diseased colon may vary molecutariynormal healthy

colon tissue in a subject devoid pathology.

Monte-Carlo (MC) methods applied to medical HSI use simulations of photons
with random parameter perturbations to simulate the interaction of light and biological
tissues. Hemann et al. deeloped an MC simulation of HS illumination in the visible and
NIR regions to study reflectance signals of a rAalyer model in silico with different
blood volume ad oxygen saturations per lay¢t1l9. The authors confirmed the
absorbance peaks of water at 1000 nm and reflectance ratios at 580/800 nm for Hb.
Interestingly, the authors also contend that blood volume fractions of 5% and 10% are
detectable at depths of up to 1 mm in the simulated bi@bgssue, but changes beyond
this depth are likely not resolvable. Additionally, it is possible to correlate in vivo measured

reflectance values from various cancers and healthy tissues to extract meaningful optical
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tissue properties associated with aistimolecular components, such as collagen, keratin,
and Hb, using an inverddC approach, which has been previously reviewed for its

application to cancer diagnodi$2Q.

2.4 Medical Hyperspectral Imaging for Cancer Analysis

In the previous sections, the basis of the HSI technology, the main algorithms
employed to process this type of data and the optical properties of tasgerhave been
described. The followingection is devoted to detail the stafehe-art methods ah

primary research on the use of HSI within the medical field, focusing on cancer analysis.

The primary research performed in the literature related to the use of HSI for cancer
analysis can be categorized first by organ systems, next the type of assples and
experimental design (ex vivo, in vivo), and finally the type of subjects (human, animal).
Moreover, in vitro studies will not be included in this review of stdtthe-art works for

cancer detection.

While it is possible to detail the investitipns of HSI for cancer analysis altogether,
HSI systems are not standardizeab different technologies were used in the following
studies.Indeed most of the studies work in the VNIR spectral region, employing CCD
sensors. However, in some studies, KHR region is also explored, requiring the use of
InGaAs sensors. Halogen or xenon lamps are generally used as illumination systems for
HSI applications, and sometimes optical fibers are used for light transmission to avoid the
high temperatures produceg these types of light sources or to concentrate the light into

a certain area. The main characteristics of the sysa@chgnalysis methoasnployed in
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each studwarepresnted in this literature revievgorted by the year of publicatiovithin

each seabn.

2.5 Head and Neck Cancer

2.5.1 Clinical Need for HSI of Head and Neck Cancer

Head and neck (H&N) cancers are thelsixiost common cancer worldwifiE39.
Approximaely 90% of the cancers at origin sites of the upper aerodigestive tract, which
includes the oral cavity, nasal cavity, pharynx, and larynx, are squamous cell carcinoma
(SCC). There are several well studied risk factors for H&N SCC, including consumption
of tobacco and alcohol and oral infectiontiwihuman papilloma virus (HPV)14Q.
Patients with SCC typically present it at an advdnstage (stage 3 or 4 diseagb}]].

The mainstay treatment for SCC is surgical cancer resection. The single largest predictor
of patient outcomes for SCC resection is the successful removal of the entire SCC from the
surgical woud bed, referred to as negative margins. The presence of positive or close (less
than 2 mm of tissue clearance) margins after surgery greatly increases the likelihood for
locoregional disease recance and additional surgerigs42. Surgeons rely on intra
operative pathologist consultations with the surgical pathology department to ensure that
negative margins are obtained through the use of fregetion (FS) microscopic analysis

of theresected specimens. Despite this, in the literature it is reported that up to 20% of
patients will have a final diagnosis of positive or close margins despite having negative FS
intraoperatively. Because of the difficulties in treating this challenging @drcancer, the

estimated fiveyear survival rate of SCC w@nly 40 to 60% with treatmei4d3. There
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exists a great need to provide more reattime information and guidance to the

operatinghead and neckurgeon.

2.5.2 In-Vivo Animal Head and Neck Cancer

Head and neck SCC was studiedvino using HS images from mice with SCC.
The studies were performed the VNIR range between 450 and 950 nm using a CRI
system (Perkin Elmer Inc., Waltham, Massachusetts), which is comprised of a Xenon
illumination source, LCTF, and a 48t CCD camera capturing images at a resolution of
1040 by 1392 pixels and a spati@solution of 25 um per pixel. Lu et al. published several
works in this field, where the tensor decomposition, PCA and KNN methods were
employed to perform a feature extraction and automatic classification, achieving a
sensitivity of 1% and a specificjtof 91% in the discrimination ofitnor and normal tissue
[30]. Furthermore, the group also studied the tumor margin during the surgical procedures
performing an irvivo/in-vitro registration between the -invo HS images and the

histologial images to validate the resulist4).

On the other hand, their research has analyzechwineprocessing techniques are
more suitable to compensate the variations of the environmental conditions during the
acquisiton inside an operating theaff¥l, 145. In the work published in 2015, a method
based on the RMR (maximal Relevance and Minimal Redundancy) algorithm was
proposed to address the problem of glare that usually appears in the HS images, improving
the sensitivity and specificity results to 94% and 98%, respectively. In addition, other
techniques werstudied, such as the use of a minimspanning forest (MSF) algorithm

for an automatic classification and segmentatibthe invivo HS imageq14§. Figure
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2-5 shows the results from the MSF algorithm applied to an HS image ofvaroimouse
xenografted with a line of human head and neck SCC, obtaining an accurate identification

of the head and neck tumor with respect togiblel standard.

Figure 2-5. Result of the tumor identification using the MinimkBpaniing Forest method
developed iM14§. (a) Synthetic RGB image of the origimabuse; (b) Corresponding
gold standard image; (c) Classification result obtained. Riejoexl with permission from
[146]; published by IEEE (2015).

2.5.3 ExVivo Human Head and Neck Cancer

Active research into the apgpiition of HSI for H&N cancers is led by our group
underprofessorBaowei Fei. Currently, all experiments explore H&N cancers including
SCC and thyroid cancer in @xvo surgical tissue specimens and use the previously
described CRI Maestro HS acquisitiorstem in the VNIR spectral range, from 450 to 950
nm, with a spatial resolution of 1392x1040 pixels (25 pum per pixel), capturing 91 spectral

bands.

In 2017, several works were published in this area with the goal of discriminating
cancerous and necanceras tissue. Fei et al. achieved an accurate delineation of the

boundaries between the normal and cancerous tissue using head andweclsamples
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compared withthe histopathological resultFigure 2-6) [147]. The ensemble linear
discriminant analysis (LDA) was employed to perform dtessification, achieving an
average accuracy, sensitivity and specificity of 90%, 89% and 91%, respectively, using
oral cavity samples and an average accuracy, sensitivity and specificity of 94%, 94% and
95%, respectively, using thyroid samples. Autofasmence, fluorescence witkd2oxy2-
[(7-nitro-2,1,3benzoxadiazei-yl)Jamino}D-glucose (2NBDG) and proflavine images
were also classified and compared with the HSI results, demonstrating that HSI offered
better results over the other alternative reflacebased imaging modalities (an

improvement of more than 7% of accuracy).
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Figure 2-6. Preliminary results obtained in the tumor margin delfiza for head and neck
cancer[147]. After hyperspectral image acquisitions (eft), the tissue was processed
histologically, and tumor margins were outlined on the pathologgen(iaottonright) by

a pathologist, which was used to validate the results of the classificatiengtitp The
average spectral curves are shown at the bottom left for each type of tissue, i.e., tumor,
normal, and tumor with adjacent normal tissiRepioduced from[147]; Creative
Commons BY 4.0; published by SPIE (2017).
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In addition, Lu et al. increased the number ofigras (N=25) and performed a
comparison using different machine learning classification approaches, reinforcing the
conclusion obtained from the other study, where the ensemble LDA outperformed other
traditioral machine learning algorithni83]. In this study, both intrgpatient and inter
patient classifications were performed, as well as different classifications using different
spectral regions within the VNIR range (4500 nm, 605850 nm, 855900 nm, and 450
900 nm). Finally, the authors contend ttreg use of the entire spectral range (from 450 to

900 nm) provides the best accuracy results.

Recently, one of thérst studies performed in the HS literature regarding the use
of deep learning methods to classify HS images with the goal of distingucsdmicgrous
and norcancerous tissue was performed by Halieekl.[113. The authors developed a
CNN classifier to process the-ewo tissues from 50 different patients and compared the
deep learning method with traditional machine learning approaches, demonstrating that
CNNs outperform the traditional classisan this caseAdditional works by Halicek et al.
have not been summarized because the manuscripts are reproduced in full for this thesis in

the following chapters and discussed in detalil.

Lastly, several works have investigated NIR HSI for SCC detection in tongue
specimens only, using leaomepatient croswvalidations in a dataset of 14 patients.
Trajanovski et al. 2019 incorporated anet for semantic segmentation of SCC in 14
tongue spcimens and achieved 0.93 validation AUC sc¢ies]. Using the same 14
specimens of tongue SCC, Brouwer de Koning et al. 2019 found 84% sensitivity for visible
(400 to 950 nm) and 77% sensitivity for NIR (950 to 1,#08) HSI; interestingly,

combining visible HSI with NIR did not provide additional bengfd9.
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2.5.4 In-Vivo Human Aerodigestive Tract Cancer

A few studies can be found in the literatuseng HSI to analyze imivo samples
of human subjects. Mainly, the studies are related to the use of endoscopic systems attached
to an HS camera. In 2011, Kester et al. developed a customizddneanapshot HSI
endoscope system based on an image mgpgEchnique and light dispersion that is
capable of opetiang at frame rates of 5.2 fpgbtaining HS cubes of 48 bands in the visible
range between 450 and 650 nm, vaitbpatial resolution of 100 pf3]. Using this system,
they were able to capture-yivo tissue, resolving a vasculature pattef the lower lip
while simultaneasly detecting oxyjhemoglobin.Figure 2-7 shows an example of the

spectral signatures obtained by the system and the developesitamysystem.
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Figure 2-7. HS image example of the lower lip of a normal human acquired with the image
mapping spectroscp(IMS) endoscope developed [B3]. (a) RGB representation; (b)
Spectral signature of the normal tissue pixel and apiggl; (c) Clinical setup of the IMS
endoscope; (d) Miniature imaging end of the IMS endoscope; (e) Fiber optics of the IMS
endoscope inserted into the instrent channel. Reproduced fr¢28]; Creative Commons

BY 4.0; published by SPIE (2011).

Another study was published by Jayanthi et al. rdlate the use of diffuse
reflectance spectroscopy for early detection of maligrchanges in the oral cav[tis(.

The system was able to capture HS information within the visible spectral(feorgel00
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to 700 nm) based on a snapshot light dispersion technique, obtaining 40 different bands.
They used PCA for dimensionality reduction and LDA for automatic classification of the
data. They achieved sensitivity and specificity results higher tHianthe discrimination
between different lesions, such as normal/healthy, hyperplastic, dysplastic and SCC

tissues.

In 2016, laryngeal cancer was investigated by Regeling et al. using a flexible
endoscopy coupled to an HSI system that was able to ob&imbiges composed of 30
bands in the visuapgctrum between 390 and 680 {@d]. This system was employed to
obtain invivo HS images that required substantial image-pgsoEessing, sut as
registration due to the gbacue tospedulargefletiersr t b e a
[15]]. The images were registered using a rigid irii@genage registration baseah
normalized crossorrelation the noise was reduceding the minimum noise fraction
transformation; and the glare was detected using a customized method. For classification,
a random forest (RF) algorithm was applied to distinguish between healthy and cancerous

tissues, achieving awverall accuracy of 88%.

Also in 2016, Laffers et al. employed a rigid HS endoscopic system to capture HS
images between 390 and 680 nm of the oral cantlyaopharynx from 85 patient$57.
However,in this study they only took into consideration three patients, one of them used
for training the algorithm and the other two for validation purposes. The classification
results obtained using the RF algorithm were sensitivities of 61% and 43%, anttispecif
of 100% in the two validation patients. These reduced sensitivity values could be mainly
produced by the low number of patients involved in the training of the classification

algorithm, which would not correctly handle inqgatient variability for he training phase.
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Finally, tongue cancer of imivo human samples was studied in 2@}/2Liu et al.
using HSI[153 (Figure 2-8). The HS system utilized was based on an aceojstic
tunable filter (AOTF), capturing 81 bands in the VNIR spectral range comprised between
600 and 1000 nm. They developed a classifier based on the sparse representation method
and compared the results abtd using traditional machine learning algorithms such as
SVM and RVM (Relevance Vector Machine) classifiers. Sensitivity and specificity results
of 91% and 9%, respectively, were obtained, increasing the accuracy by more than 4%

with respect to the othéwo methods.

Figure 2-8. Delineationof the tongue tumor region ii153. Expert labeling (left) and
classifier prediction of tumor regisr(right). Reproduad from[153; Creative Commons
BY 4.0; published by MDPI (2012).

2.6 Cancer of Other Organ Systems

2.6.1 Gastrointestinal Cancer

2.6.1.1 Clinical Need for HSI of Gastrointestinal Cancer
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There are strong indications for endoscopy o thpper digestive tract and
colonoscopy of the bowel for early detection of digestive tract cancers, with regular
screenings for higher risk individugl$21]. Gastric carcinomas, most frequently caused
by infectionwith helicobacter pylori or dietary contributions, are the second leading cause
of cancer death globally. For the approximately-tivods of gastric cancer patients that
are diagnosed with locally advanced or metastatic disease, withyeavsurvivabf only
10%, the only curative therapy remains surgical resefti®d?. Colorectal cancers, mostly
adenocarcinomas, areotight to arise mainly from secondary risk factors of dietary and
lifestyle origins, such as excessive caloric and fat intake, smoking, and physical inactivity
[123. Laparoscopic surgeries, performed in a way that is minimally invasive and guided
by endoscopy, have been shown to be clinically equivalent in randomized controlled trials
[124]. However, during this minimally invasive surgery, there is a loss of tactile feedback
that surgeons often require, so there is a need to overcome this lost infofh2%orS
imaging has been proposed as a solution to this problem with potential for more accurate

digestive tract cancer resections.

2.6.1.2 Ex-Vivo Human Gastric Cancer

In 2011, Akbari et al. performed a study to identify gastric tumors in human ex
vivo tissues using an HS system, which was capable of capturing images in the range
between 1000 and 2500 nm, obtaining 239 spectral 4865 An integral filter and the
normalized cancer index (NDCI) was applied to perform an automatic classification of the
tumor tissue determining the boundaries between tumor and normal tissue using
histopathological analysis to validate their ftesFigure 2-9). From their experiments,

they determined that the spectral regions between 1226 and 1251 nm and 1288 and 1370
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nm are the most salient ranges for digtiishing between necancerous and cancerous

gastric tissue.
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Figure 2-9. Gastric cancer detection acquisition system, cancer detection results using the
NDCI and integral filter, and comparison with histopathological results obtaijé@eh

(a) HS acquisition system setup; (b) RGB representation of thvesample; (c) Cancer
enhanced regions using an integral filter in the hyperspectral image g42Brnm); the
tissues are shown in a blue to regctrum, where the red regions represent the tumor; (d)
Cancer enhanced regions using NDCI; (e) Pathological sectioning and results; (f) Detected
tumor using an integral filter; (g) Detected tumor using NDCI. Reproduced with permission
from [126]; published by Wiley (2011).

In 2013, Kiyotoki et al. collected HS images in the spectral range comprised
between 400 and 800 nm from-exo tissue gastric samples to perform a preliminary
study of gastroduodenal tumors removed by endoscopic resection or surgery from 14
different paients[127]. The system was able to obtain HS images comprised of 72 spectral
bands with a spatial dimension of 640x480 pixels. Using these images, they were able to
determine the optimal wavelength that allowed the most accurate clagsifibatween
tumor and normal mucosa using the cutoff point method at the 726 nm wavelength. The

sensitivity, specificity, and accuracy obtained in the test samples were 79%, 92%, and 86%,
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respectively. This work was expanded upon in 2015 by the same gnotgasing the
number of patients to 96 and performing the selection of the optimal wavelength using the
Mahalanobis distance, which in this case was 77Q1#f]. Sensitivity, specificity, and
aacuracy results obtained were 71%, 98%, and 85%, respectively, demonstrating that the
increment in the number of patients to analyze did not decrease the accuracy of the method.
Although the classification method employed to distinguish the different offszsnples

was quite basic, the studies revealed promising results in the use of HSI as a diagnostic

tool for gastric cancer.

Baltussen et al. performed a study of laparoscopic HS imaging using two HS
cameras collectively sensing between 400 and 1700 mistioguish normal fatty tissue,
healthy colorectal mucosa, and adenocarcinoma in order to provide more diagnostic
information back to surgeons, given the loss of tactile feedback during endoscopic
procedure$l29. The authors utilized 32 patient samples to perform a-ttlesss detection
using quadratic SVMs dht, muscle, and tumor, and obtained a tidswel accuracy of
88% and a patiedevel accuracy of 93%. One limitation of the presented HSI technique
was focusing only on muscle and fat as normal tissues, but the authors acknowledge that

future work shoud involve the entire specimen.

2.6.1.3 In-Vivo Human Colon Cancer

HS endoscopisystems have been used to studyiuo colorectal tumors in the
literature. One of the main studies in this field was performed in 2016, when Han et al.
used a flexible hyperspectrablonoscopy system based on a motorized filter wheel,

capable of obtaining 27 different bands in the range comprised between 405 and 665 nm,
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to discriminate between malignant colorectal tumors and norrdiconucosa in human
patients[13(]. They used a wavelength selection algorithm based on the recursive
divergence method to identifthe mostrelevant wavelengths in the spectral range
employed, demonstrating that HSI can be usedva for outlining the disease region and

enhancing the microvascular network on the mucosa surface.

2.6.2 Breast Cancer

2.6.2.1 Clinical Need for HSI of Breast Cancer

Breast conserving surgery, also known as lumpectomy, with adjuvant radiation
therapy, is the recommended surgical approach over traditional mastectomy without
radiation for women diagnosed with early breast cancer. Women diagnosed with stage | or
Il breast ancer showed increased overall survival and dissasaval rates when treated
with lumpectomy and radiation compared to complete mastectomy without radiation
therapy, and this result was seen for all age groups and cancelf XgfiesSuccessful
breast conserving surgery is directly dependent on complete removal of the tumor mass
with adequatemargins, meaning there is a buffer of healthy tissue on the free cut edge.
There is evidence to suggest that conservatively around 20% of women who undergo
partial mastectomy have a final, pagterative diagnosis of positive margin status, which
requires additional surgeries, with some studies reporting higher figudes].
Intraoperative biopsies along with pathologist consultations are necessary tools to guide
surgeons, but theeed remains to provide more intraoperative diagnostic information with

one potential solution being HSI.

2.6.2.2 In-Vivo Animal Breast Cancer
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One of the first and most relevant works performed using HSI to study breast cancer
was performed in 2007 by Panasyuklef133. In this work, a HS system based on LCTFs
was used to acquire HS images in the visual spectral range, between 450 and 700 nm and
composed of 34 bands, during intraoperative surgery of 60 rats affected hguaed
breast cancer. They generated classification maps, where different types of tissue including
tumor, blood vessels, muscle, and connective tissue were clearly identified. Furthermore,
comparison to the histopathological examination of the tumor ieddied a sensitivity of
89% and a specificity of 94% for the detection of the residual tumor by HS imaging. One
of the limitations of this work was the use of lighmitting diode (LED) illumination in
the HS acquisition system, which produced astamdad spectral signature because LED
light does not provide a uniform, broadband spectrum, such as that obtained by halogen or

xenon light sources.

McCormack et al. performed a study of mouse models of breast cancer that aimed
to evaluate the use of-wivo HSI for microvessel oxygen saturation (sO2) monitoring
during surgical procedures, studying also the response of the microvessels to different types
of treatment$134]. The HS acquisition system was based on LCTFs armdbgdn lamp,
capturing images in the spectral range between 500 and 600 nm and composed of 26 bands
because the absorption levels of both oxy and déexyoglobin are known to peak in this

range.

2.6.2.3 Ex-Vivo Human Breast Cancer

Breast cancer has also beendsd using ewivo samples with the goal of

automatically delineating the regions of interest (ROI) in the samples and classifying the
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tumor and normal tissue samples. In 2013, two studies were published with both previously
mentioned goals using an HS ®mm capable of obtaining images in the spectral range
between 380 and 780 nm. The study conducted by Kim et al. performed an automatic ROI
detection based on contrast and texture information achieving a true positive rate and a true
negative rate of 97% dn96%, respectively, similar to the results obtained in a manual
segmentation (99% and 96%4)35. In the study performed by Pourre3hahr et al., the
authors performed a feature extraction (using the Fourier coefficient selection features
method) and a dimensional reduction (using the Minimum Redundancy Maximum
Relevance method) to the HS images and then performed an automatic classifisitg

the SVM classifier with the radial basis function (RBF) kernel, of the tissue samples,
differentiating between cancerous and 4oamcerous tissug136. Sensitivity and
specificity results of 98% and 99%, respectively, were obtained, demonstrating that HSI is
a powerful imaging modality that has potential for use in the aided diagnosis of breast
cancer. Lastly, Kho et al. utilized a-Net CNN to perform breast cancer detection and
segmentation with two HS cameras, one in the visible and one in the NIR regions, which

achieved successful results when combining both spgd&val13g.

2.6.3 Brain Cancer

2.6.3.1 Clinical Need for HSI of Brain Cancers

Brain tumors are categorized based on theioligy and molecular parameters
[154], with malignant gliomas the prevailing form of primary brain tumors in adults,

causing beveen 2 and 3% of cancer deaths worldwit!e5. Surgery is one of the major
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treatment options for brain tumors alongsidadiotherapy and chemotherapy
Neverthel ess, the surgeond6és naked eye i s o
tumor and normal brain tissue asin tumors infiltrate and diffuse into the surrounding

normal brain. During neurosurgeries, it is frequent that too much normal brain tissue is
taken out (called safety margin) or that tumor tissue is unintentionally left behind (called
residual tumor). 8veral studies have demonstrated that the residual tumor is the most
common cause of tumor recurrenaed it is a major agse of morbidity and mortalifyl 56,

157]. In contrast, overesection of brain tumor tissue has been shown to cause permanent

neurological damagesthataé ct pati enf18& qual ity of [|ife

Several image guidance tools, such as intraoperative neuronavigation,
intraoperative magneticesonance imaging (MRI), intraoperative ultrasound (US) and
fluorescent tumor markers (for examplafinolevulinic acid, BALA), are commonly
used to assist surgeons in the delineation of brain tumors. Conversely, these technologies
present several limiteons. Intraoperative neunoavigation is affectethy the brain shift
phenomenonl59, where the preoperative image link to the patient is affected by the brain
deformation produced aftaraniotomy and durotomyMRI significantly extends the
duration of the surgery étween 20 and 75 min per imaggenerahg alimited number
of imagesand requiring special operating roofis6(. On the other handysS is
inexpensive, redime and unaffected by brain shjft61-163. However, the use dfiS
canlead toresection of histologically normal parenchyma. Finally, althougiiA is able
to identify the tumor boundaries, it produces relevar sitects on the patient and should

only be used for higigrade tumorg164, 165. Thus, HSI can be a potential solution to

41



intraoperative margin delineation of brain tumors, being a {bel and nononizing

imaging modality.

2.6.3.2 In-Vivo Human Brain Cancer

The goalproviding intraopeative detection and delineation of brain tumbes
been investigated by the European project HELICoiD (HypErspectraL Imaging Cancer
Detection). Several studies have been performedetelopthe HSI technology and
machine/deep learning algorithiios in-vivo identification of the brain tumor margifs5,

166-169.

The main goal of which was to use HSI to generalize a methodology to discriminate
between normal and malignant tissues in real time during neurosurgical prodééé&jes
For this purpose, an intraoperative demonstrator was designed and built with the aim of
acquiring intraopetave HS images and processing them in real time to assist
neurosurgeons during resectiph67]. This demonstrator capted HS images in the
spectral range comprised between 400 and 1700 nm in approximatety using two
pushbroom camerasne in the VNIR range (400 to 1000 nm) formed by 826 spectral
bandswith a high spatial resolution of 1004x1787 pixels and and#®camerain the
NIR range (900 to 1700 nm) formed by 172 spectral baiitisa low spatal resolution of
320x479 pixelsThe HELICoID brain cancer database is publicly available and consists of
labeled samples from 33 HS cubes from 22 different patid@§. Ravi et al.[15]
investigateddimensional reduction approachiesevaluate and compare with eoposed
modification of T-distributed Stochastic Neighbors-§NE). These methods were

employed to generate thrband images from the HS cubes in order to provide high
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contrast images used as inputs of a semantic segmentation classifier. In additiotheue
high dimensionality of the VNIR data, a gpeocessing chaiwas proposed to reduce HS
cubes tal29 spectral bandsvhich demonstrated increased performance for S\asked

methodq169.

In 2018, Fabelo et al. presentactlassification algorithm for HS brain cancer
detectionusing a chain of supervised classification methods combining SVM, PCA and
kNN to combine sp&l and spectral information, and the final result was obtained by
majority votingwith an wsupervised segmentation methodn&ansto ddineat tumor
boundarie$169. The results were quantitatively and qualitatively evaluated following an
intra-patient croswalidation method, achieving specificity and sensitivity results higher
than 98% Figure 2-10 shows the synthetic RGB representations of the HS cube and the
corresponding thematic maps obtained when using this algorithm for nornralabih
brain affected by canceln the themat maps, the tumor tissue is represented in red color,
the normal tissue in green, the hypervascularized tissue in blue and the background in
black. The classification results obtained demonstrated the capabilities of HSI in the

identification of differentypes of tumors, not only highrade gliomas.
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Figure 2-10. HELICoiD demonstrator satp and normal and cancerous brain image results
obtainedfrom the database employed[it67]. (a) HELICoiD demonstrator. (b) Synthetic

RGB images and classification maps of the normal brain HS images. (c) Synthetic RGB
images and classification maps of the cancerous brain HS images, with the brain tumor
outlined in yellow. Br classification maps, predicted normal brain tissue (green), cancer
(red), hypervascularized tissue (blue), and background (bIRejroduced froni167;
Creative Commons BY 4.0; published by MDPI (2018).

Lastly, in Fabelo et a2019, one of the latest studies related to the use of HSI for
brain cancer presented a comparison between the use ofb@s@dd algorithm ard deep
learning approachg¢466. These experiments were carried out usinly the glioblastoma

tumor samples available in the database, 26 HS images from 16 patients, and performed
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leaveonepatientout crossvalidation. The results obtained using deep learning
architectures were promising, improving the accuracy of the tuteatification by ~16%

with respect to the SVNbased algorithm results. However, these studies require a higher
amount of data in order to validate the results obtained so far and also a clinical validation

of the system should be carried out to assess it.

2.7 Discussion

Several questions that remain unanswered as we look back at hyperspectral imaging
for cancer detection and analysis can be asked again. The best HS sensor for the clinical
adoption of HSI necessary to make the leap from basic research taldiiarcslational
medicine is unknown and debatable. The sensor is likely to be task specific. We have
reviewed that linescanning pushbroom HS acquisition systems produce higher spectral
resolutions, but spectral scanning HS cameras allow for higher |sygsitdution. For
example, in clinical cases where rahe is not a critical issue but a higher spectral
resolution is required, a pushbroom HS camera is appropriate, but in cases where there is
need for faster acquisition and where fewer spectral baredsequired, spectral scanning
or snapshot HS carees would work well. Traditionakegressiosbased algorithms may
yield optimal performance and accuracy using only spectral signatures as inputs when the
HS sensor exhibits high spectral resolution. Hosvevhere are certain tasks that also
require interpretation of spatial information, and these types of tasks may require the use
of a CNN or other method for contextual spatial information along with the spectral

signatures.
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Regardless of the sensors aH& acquisition system implemented, it is yet
unknown which wavelength range of the electromagnetic spectrum is optimal for each
application, and this could very well be again task specific. Most of the works reviewed in
this article have been performedthre range of 400 to 1000 nm, broadly. Currently, as
discussed in the HS sensor section, we appear to beliovited to 400 nm in the short
wavelength range, but in the NIR and IR (infrared) range, it is possible to extend beyond
1000 nm, as some works e investigated. As reviewed iSection2.3, the optical
properties of biological tissue vary in spectra. It could be useful to have HS cameras below
400 nm for tasksensitive to FAD (flavin adenine dinucleotide) or NADH. On the other
hand, some tasks might require extending into the SWIR range for fat, water, or collagen
analysis. Additionally, with regards to the breaahd spectrum, different algorithms that
have leen previously deployed and validated on other parts of the spectrum may not be
generalizable in different ranges. It may happen that some algorithms work better
compared with others for certain parts of the spectrum. For example, deep learning may
have tke potential to learn and tolerate more noise in the input signals, so a spectral range
that contains more noise, either organic or systemic from the sensor, could be handled
better by a CNN [140]. However, deep learning can be prone tefittugy if there is
insufficient data, and false negatives or positives can sometimes be predicted with
exceptionally high confidence that the prediction is correct, which can lead to difficulties
in interpreting the results. Therefore, it is conceivable that therecarearsos where

traditional methods, such as SVM, may suppose the best choice for some specific works.

There has been a wide variety of works performed bothivexand invivo, but

there are challenges, both known and unknown, in moving from the forrtter tatter.
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Mainly, it is unknown whether exivo HS data correlates well with-wvo data. If an
algorithm is trained on exivo data, there is no guarantee that the algorithm can be
generalizable enough to apptyin-vivo data for testing dfior clinical use. What is more,

it cannot be assured that the same algorithms would work for the same task when moving
from exvivo to invivo. For example, the mivo data collection could degrade the quality

of the HS data or induce artifacts from the patientsamdical environment, and this could
result in a certain family of algorithms being less effective than others. Therefore, if this
phenomenon was observed, then entire datasets of large numbengiaf patient data

need to be reollected if the systens adopted for irvivo clinical use.

Currently, several systematic limitations of general HSI hinder its use in the
operating theater or in the clinic. The most obvious one from a user perspective will be the
size of the machinery and apparatus. The in@gme, which can be up to one minute,
can be another limitation. With the increased imaging time, there is more room for artifact
induction due to reasons such as patient movement or instrumentation movement. In
addition, there are several potential peolis when imaging biological tissue. Because the
light sources are so close to the HS sensors and the biological tissue is often wet, there is a
problem with specular glare. The human body is not topographically uniform, so imaging
a small area with changén elevation can create inconsistent illumination of the scene or
cast shadows. Aside from inconsistencies with illumination, this could lead to issues with
the HS camera focusing on multiple imaging planes. It is difficult to forecast the effects of
this on largescale HSI, and this could lead to issues with reproducibility or false

negative/positive results because of insufficient HS quality to produce an accurate and
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reliable result. A level of quality control is necessary where the algorithms can

autamatically detect if the scene is not correctly captured to make an accurate prediction.

In conclusion, the reviewed studies present promising results for a wide variety of
cancer detection applications based on medical imaging and for surgical guidance.
However, currently we are limited in the field of HSI by technology restrictions and small
datasets. The preliminary results warrant further research across all organ systems to
determine if HSI has a place in the operating theater or in the clinic. Sirlcs H&
contact, nofionizing, noninvasive, and labdree, it is an attractive imaging modality with
great potential. Most importantly, like all future translational technologies, HSI needs to
be evaluated to demonstrate that it can be reliable, repldeluand generalizable before
it takes its place in medicin&he following chapters of this thesis work will explore HSI
and deep learning @ufficientlylarge patient datasetserforming the crucial comparisons

with RGB imaging and other forms of agl imaging

48



CHAPTER 3. HYPERSPECTRAL IMAGIN G OF HEAD & NECK
CANCER EX-VIVO TISSUE SPECIMEN S: REGISTRATION,
SPECULAR GLARE, AND VARIANCE OF THE TUMOR

MARGIN

In this chapter, the necessary grecessing and machine learning approaches for
SCC detection using HSk evaluatedwith a subset ofexvivo surgical specimens.
Additionally, the registration method and effectiveness of histological ground truths for
grosslevel exvivo specimensare developed and evaluate8everal machine learning
methods are investigateidcluding convolutional neural networks (CNNs) and a spectral
spatial classification framework based on support vector machines (SVMs). Quantitative
results demonstrate that additional datagmecessing and unsupervised segmentation can
improve CNN reslts to achieve optimal performaneden the training dataset is small
The methods arenvestigated in two paradigmsvith and without specular glare.
Classifying regionsaffected byspealar glare degrade the overall performgnioet the
combination othe CNN probability maps and unsupervised segmentation usingetgnaj
voting method produces better results if the training data is limttedwell known that
differentwavelengths of light used in H&hve differenpenetratalepths into biological
tissue. @ncer margins may change with depth and create uncertainty in the -gnatind
Through serial histological sectioning, the variance in cam@gin with depth is
investigated and paired with qualitative classificatiesults. Through compoundjrerror
of registration and depth variability, the validitytbe ground truth may be limited to2

mm. This chapter focuses on thteidy of specular glayeegistration, prgrocessingand
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margin variationto provide better understanding of the potehtof HSI for use in the

operating room.

3.1 Introduction

Head and neck cancer is tHerBost common cancer worldide, with majority of
cancers of the upper aerodigestive tract, comprising the oral and nasal cavities, pharynx
and larynx being squamous cefircinoma (SCC)2]. Approximately twethirds of SCC
patients present with advanced disease, either stage Il [d4y. Surgical resection is
the primary management of SCC of the aerodigestive tract, potentially with concurrent
chemaradiation therapy depemd) on the extent of the diseg2g. The local recurrence
rates for SCC cases depend on the successful removal of the cancer. For surgeries with
negative cancer margins, the local recurrence rate 18%2 compared to local recurrence
rates up to 3®5% if positive cancer margins are determif@d.0]. Moreover, positive
cancer margins have a greatly reducesgasefree survival, with estimates ranging from
7 to 52%, compared to disedsee survival rates of 393% for negative margirid2, 13].

Disease recurrence greatly affects likelihood for additional surgeries, reduced quality of

life, complications from surgery, and increased mortality rit&ls

Hyperspectral imaging (HSI) is a n@ontact optical imaging modality capable of
acquiring a single inge of potentially hundreds of discrete wavelengths. Preliminary
research demonstrates that HSI has potential for providing diagnostic information for
various diseas€gd4]. Preliminary studies from our group show that HSI combined with
machine learning may yield diagnostic information with potential applications for surgical

use in head and neclancerg33, 170-172. Fabeloet al. have demonstrated the need and
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utility of HSI for in-vivo brain cancer detection and developed a visualization system that
could lead to neareattime guidance by using and ofane learningbased classification
algorithm[166, 167, 169 . Moreover, the use of deep learning techniques to process the
same dataset was study, demonstrating that they outperforms the traditional machine
learning method$166§. Many applications of HSI for gastrointestinal procedures have
been explored, including anataal organ identification, anastomosis and ischemia
classification, and cancer detectidi73. Recently, the implementation of HSI farided
colorectal surgery as a replacement for tactile information lost in laparoscopic surgeries
has been explored in @xvivo study, and Baltusseet al. demonstrated that HSI could
distinguish between normal healthy colon wall and colorectal adenocarai[129.

Much work has ben explored in head and neck HSI as well. Salmiveiai.detailed the
assistance of HSI in #llefined, cutaneous basal cell carcinomas of the head and neck, and
the authors contend that HSI offers clinical utility in more accurately assessing margins
[174). Farahet al. demonstrated that narrow band imaging (NBI) at greeni @&8® nm)

and blue (526555 nm) visible light could reveal the extent of oral SCC under white light
[175. Nonencoding portions of RNA called miecRNA function to regulate the
expression of DNA[176. Moreover, Faratet al. obtained micreRNA and mRNA
expression levels from both the primary tumor core and-tosaor normal tissues; it was
determined that NBI spatially correlated with tuntidee expression levels in detecting the

abnormality in neatumor normal tissueldl 77, 17§.

Machine learning methods, including support vector machines (SVMs) and
convolutional neural networks (CNNs), the latter being an implementation of artificial

intelligence, have demonated near humalevel ability for image classification tasK26,
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27]. These experiments have been conducted on-reskHSI acquired oéxvivotissues
specimens from patients undergoing surgical cancer resection. However, HSI uses
wavelengths of light that can penetrate different depths into biological tissue, so it is
possible that the superficial cancer margin may change with depttreate uncertainty

in ground truth, which is used to obtained evaluation metrics for these experiments.

Selected previous works from our group performing head and neck SCC detection
in exvivo samples from the uppaerodigestive tract used only singleass tissue
specimens (purely tumor or normal tissues) to demonstrate classification potential with
HSI[113 179. Lu et al. 2017 incorporated tumimvolved cancer margin specimens from
head and neck SCC, but these methods were implemented on selected ROIs of normal and
tumor near the margii33]. Therefore, the AUCs reported for head and neck SCC detection
thus farfrom our group ranges from 0.8 to 0.95, but these results may be limited to ROIs
or single class tissues. Similarly, Manni et al. 2019 used ROIs from -ona@in
specimens from 7 patients with tongue SCC and obtained an AUC of[D88p
Weijtmans et al. 2019, developed a deep learning architecture that separately extracts
spectral and spatial features from HSI, a ¢iiedamed approach, also validated on 7
patients with tongue SCC; the proposeddel performed better with both feature streams
(AUC of 0.90) compared to individuallj181]. A few works have investigated SCC
detection at the actual cancer margin; Halicek et al. 2018 performed SCC detection at the
cancer margin, upon which the proposed method in this paperdsggdaut this previous
work was limited by ignoring regions of specular glgt82. Trajanovski et al. 2019

performed semantic segmentation with deep learning of estivé/o tissue specimens
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with excellent validation performance (AUC of 0.93) on gross specimens of the cancer

margin from 14 tongue SCC samp|é4§.

This study aims to investigate the ability of HSI to detect SCC in surgical specimens
from the upper aerodigestive tract using several distinct machine learning pipelines.
Additionally, another objective of this woik to investigate the limiting factors of HSI
based SCC detection, including specular glare, noise and blur, and uncertainty in the
ground truth due to changes in superficial cancer margin with depth, all of which must be
thoroughly explored to understartie potential of HSI in the operating room. A
preliminary version of this work was presented at the 2019 SPIE Medical Imaging
Conference[182. The new contributions of this journal paper include a proposed
algorithm combining deep learning and unsupervised machine learning, additionally five
testing patients have besarially sectioned to reveal changes in the cancer margin. This
work expands upon previous cresdidation experiments with CNinly methods on our
H&N dataset to include multiple machine learning pipelines involving CNNs and other
stateof-the-art methals. The proposed methods are tested on five HSI from five SCC
patients, and the accuracy of the corresponding ground truths from these five tissues are
discussed in detail along with potential directions for incorporating the outcomes of this

work to improve future studies with HSI for cancer detection.

3.2 Methods

3.2.1 Experimental Design

In collaboration with the Otolaryngology Department and the Department of

Pathology and Laboratory Medicine at Emory University Hospital Midtown, head and neck
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cancer patients undergoing surgical cancer resection were recruited for our hyperspectral
imaging studies. Written and informed consent was obtained from all patients before
acquiring surgical tissue specimens for inclusion in our study, which was useddarch
purposes only and ddentified by a clinical research coordinator. The experimental
methods and protocols were approved by the Institutional Review Board at Emory
University. In previous studies, we have evaluated the efficacy of using HSptioalo
biopsy of head and neck tissudt7, 17(. Excised tissue samples of head and neck
squanous cell carcinoma (HNSCC) and normal tissue were collected from the upper
aerodigestive tract sites, including tongue, larynx, pharynx, and mandible. Three tissue
samples, with approximate size of 10x10x3 mm, were collected from each patient: a
sample othe primary tumor specimen, a normal tissue sample, and a sample at the tumor
involved cancer margin with adjacent normal tissue; these specimens were scanned with a

HSI systen]33, 113.

In this study, we selected 26 tissue specimens from 12 patients with moderate to
poorly differentiated primary SCC of the upper aerodigestive tract for this analysis,
including primary originsites of the larynx, pharynx, tongue, floor of mouth, alveolar
ridge, buccal mucosa, and maxillary sinus. The patients were divided into two groups,
crossvalidation and testing groups. The first 7 patients and corresponding 21 tissues
samples were colléed early in the course of this project that met the criteria of having the
ideal distribution of tumor, tumemormal and normal tissues, and were used for evaluating
guantitative results, expanding from previously published results with this groupesitpati
[172). Additionally, 5 tumofinvolved margin tissue specimens from 5 patients acquired at

the end of the data collection period were selected to comprise the testing group. These
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tissue specimens were selected because t@wypproximately equal amounts of cancer

and normal tissue in each specimen and were verified by the collaborating pathologist as

of interest to undergo serial histological sectioning through the depth of the tissue. These

5 patientsodo tedusng enedelsmeinee froenltree dirsti7 fpatient cross
validation group (following a leavenepatientout crossvalidation method), and these 5
patientsodo results are presented qualitative

cancer margin.

3.2.2 Hyperspectral Imaging

Hyperspectral images were acquired @fvivo surgical specimens using a
previously described CRI Maestro imaging system (Perkin Elmer Inc., Waltham,
Massachusetts), which captures images that are 1,040 by 1,392 pixels and a spatial
resolution of 25 um per pixglL13 145 170, 183. Each hypercube contains 91 spectral
bands, ranging from 450 to 9@én with a 5nm spectral sampling interval. The HS data
were normalizedoy a standard whitdark calibration normalization, which involved
subtracting the inherent dark current from the measured spectra and dividing by a white
reference spectra for all wavelengths sampled for all pjdls 170. Figure3-1 shows
t he RGBs, grayscale images at representat.i\
HSI data. The grayscale images at selected bands highlight the choice of the cutoffs due to
noise at the ends of the broadband spectrum. The HSI was usmhdibuct RGB
composite images by implementing a Gaussian function centered on each color component

of the spectrum: red (625 to 700 nm), green (520 to 560 nm), and blue (450 to 490 nm).
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HSI-RGB A =450nm A =490nm A =790nm A =880nm Binary Mask  Patches w/o Glare

(a) 02

22} |[==-scc !

HSI-RGB A =450nm A =490nm A = 880nm Binary Mask  Patches w/o Glare

Figure 3-1. Two representative tissue specimens from different patients. Left: spectral
signatures of SCC and normal ROIs are shown for both patients in (a) and (b). The HSI
RGB composite images and selected spectral bands are shown to highlight the noisy band
cutoffs durirg preprocessing. Binary grounmuth masks including glare regions,
generated by only removing patches centered on specular glare is shown; binary ground
truth mask excluding glare regions, generated by sufficient area to extract 25x25 patches
and avoidilg specular glare (white: SCC, and normal: grey).

3.2.3 Histological Imaging

To obtain a groundruth labelling for the tissue specimens imaged with HSI, tissues
were inked after imaging to preserve orientation, fixed in formalin, paraffin embedded,
sectioned fom the top of the imaging surface, haemotoxylin and eosin (H&E) stained, and
digitized using a Hamamatsu Photonics NanoZoomer at 40x objective (spéeiakn
pi xel Si z e, edivoissue sattions wdreh reviewed by a beasedified
pathologistwith expertise in H&N pathologyand the cancer margins were annotated
directly on the slide using digitized histology in Aperio ImageScope (Leica Biosystems

Inc, Buffalo Grove, IL, USA).

There exists the possibility for substantial deformation of telugical images
during processing relative to the HSI seflipe registration challengese explored using

a deformatiorbased image registration pipeline of the histological image with known
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registration landmarks, and an error of 0.5 mm for SCC saas calculatefll84]. For

the crossvalidation group patients in this work, the histological images were automatically
registered using this deformable registration pipeline to produce the HSI ground truth.
However, to calculate the error of histology ground truths for H&lillimeters, a more
accurate registration is needed than the automated approach. For the testing group patients,
since each had 6 histological slices, we manually registered each histological image using

mutual landmarks to the HSI that were seriallyiseetd to reduce error.

3.2.4 Deformable Registration Pipeline

A binary mask is created from the HSI RGB composite image. A binary mask is
also created from the histological image. These two binary masks are used as the input of
the registration algorithm that was implemented with MATLAB (MathWorks Inc, Natick,
MA, USA). A flowchart of the proposed registration method is showRigure 3-2. For
samples with needleored holes, the average target registration error (TRE) was cattulat
from the center of the needtmred hole after registration. An affine registration is
performed using rotation, translation, and scale to produce aeflentive similarity
transformation[185. This step is necessary to get the histology mask approximately
aligned to the nghborhood of the HSI mask. If the affine registration is not sufficient by
visual inspection, an optional contqbint registration is applied using contgmint pairs
selected from the tissue edges of the masks. The cqaiirttl registration is implesnted
by a local weighted mean of inferred second degree polynomials from each neighboring

controkpoint pair to create a transformation mapdibg4, 186 .
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Demons registration is based on an anal

pixel in an image is an effector with a force, referred to as awlemdotal used to create

a deformation field. A freéorm deformation is made from the individual displacements

of the complete grid of effectors (demons) in an image, and a Gaussian filter is applied to
smooth the image and to create a regular displenefield[187]. The displacement field

is determined by points scattered along the contours of binary masks. This process is
performed iteratively, and the displacement of each effector at each iteration is calculated
usng optical flow, which represents small displacements derived from diffusion model

behavior{187, 18§.

The demons registration method was applied in the deformable registration pipeline
[187]. After the affine and contrgdointbased registration, the transformed histology mask
is registered to the HSI mask using deformable demons registration with an accumulated
field smoothing value of 0.5 for five pyramid levels with one thousand iterations per

pyramid level[187].

To evaluate the efficacy of the proposed registration methodsjmigrmargin
tissue samples from 11 HNSCC and 6 thyroid cancer patients were registered. Dice
similarity coefficient (DSC) was calculated by measuring the overlapeohistological
and HSI mask. Target registration error (TRE) was calculated using both -beeelte
holes in samples when available and tissue landmarks visible between gross and histology
to obtain an average Euclidean distance representingd4r The TRE and DSC were

calculated for each tissue sample, and averages were obtainethfgrdagps.
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Binary HSI Histology Affine Control Point Demons Cancer
Mask (Fixed) Mask istrati Registration Registration Margin
(Moving) Registration g g Transformed

Figure 3-2. Flowchart of the proposed registration method for histological cancer margins
to HSI of surgical tissue specimens.

3.2.5 HSI Binary GroundTruth

Specular glare is detected in each spectral band by fitting a gamma distribution to
the pixel intensities of that band. Next, the top 1% of intensities are identified in this
distribution, and any pixels with intensities of these bins are identified aslapglare.

There were two types of specular glare observed:-ingared (NIR) and visible, which
usually were spatially independent. Visible glare occurs between 450 to 790 nm, and NIR
glare occurs after 800 nm, which can be seen in the selectedibaigsre3-1. A pixel

was identified as a specular glare pixel and removed if there was glare identified using the
distribution method in any spectral band from 4909 nm. This range was selected
because bands before and after this range were removed durprp@essing. NIR glare

is observed beyond this range, so it is not relevant.

Binary masks are constructed from the histological images and used to construct
the ground truth for HSI in two methods. The first method is to investigate only ideal
quality pixels, which is constructed by avoiding HSI regions with a large amount of
specular glare. For the groutdith mask avoiding glare, only regions that contain
suficient area to extract 25x25 spatial patches without any specular glare are included.
The second method is to investigate the degrading effect of specular glare on classification

accuracy. For the grourtduth mask including glare regions, the entiresues area is
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included for patchmaking, but the top 1% of glare pixels are identified by fitting a gamma
distribution to pixel intensities, such that no patches are centered on a glare pixel. A binary
mask of the specular glare pixels was generated, aodgsatvere produced automatically

using this mask in the regions around the specular dgtayere 3-1 shows an example of

the two masks generated from two differentiggets. Both masks will be used for
evaluating quantitative t es ttuthmaskegchidingt s an
gl aredé, -andtbébgmashkhdincluding glarebé, respe:
represented by the black pixels wviitlihe first mask in the middle. The automatic patch

making process can be seen to avoid the regions of specular glare shown in the second

mask on the right dfigure3-1.

3.2.6 Effect of Sectioning Depth on Cancer Margin Grodmndth

HSI uses wavelengths of light in the visible and aArftared spectrum that can
penetrate different depths into biological tissue. It possible that the cancer margin may
change with depth and create uncertainty in the classification results becausaoétiie
penetration of the HSI brodshnd spectrum. To investigate this, additional histological

sectioning was performed on 5 tumnovolved margin tissue specimens (§égure3-3).
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Figure 3-3. Representative tissue specimen that underwent serial histological sectioning to
evaluate cancer margin variation with tissue depth. Left to right:R¢E composite
image;first histological slice (the green outlined area is the pathologist annotation of the
SCC region); combined merged image of the 6 binary masks from the 6 histological images
(cancer shown in white, normal in gray); merged image of the SCC contours &din th
histological images. The two rightmost images are used to depict the total variation of the
cancer margin.

During histological sectioning, it is standard procedure to discard the first sections
until the first good quality section is obtained that eord the entire perimeter of the tissue
specimen. The five specimens used for additional histological sectioning were retroactively
enrolled for serial sectioning, so it was unknown what initial depth of tissue was discarded
in the first sections beforeadtfirst to obtain the first good quality slice. In discussion with
the pathology laboratory technician, who performed the histological sectioning, and
through observation of specimen sectioning, it was estimated that approximat@§aL.00
microns were disarded on average during initial sectioning before obtaining the first high

guality, tissueencompassing slide.

To produce serial histological sectioning further into the depth of the tissue
specimens, the thickness of the remaining paraffin embedded tssiestimated. The
microtome used for this study produced slices at 5 microns, so the number of additional

sections was documented and the distances of additional depth could be measured. From
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the sectioned surface, which corresponds to the top okthestthat was optically imaged,

five more sections were obtained, up to 300 microns further into the depth of the tissue, by
discarding nonncluded slices. The extent of the additional serial sections were obtained
for 100 to 300 microns beyond the figghod quality slice; the exact values for the five

ti ssue specimenso total additional section
microns, and 300 microns, depending on the unique tissue specimen. Therefore, the
combined total estimate of additidrs@ctioning is approximately 200 to 500 microns into

the tissue depth from the original HS image surface. Penetration depth depends on the
tissue composition and wavelength of light. This sectioning depth was investigated because
it represents the effeg penetration depth for biological tissue in the shorter wavelengths

of HSI used, which correspond to the most relevant features for HSI classification, such as

hemoglobin between 550 to 600 Hh89-191].

3.2.7 Machine Learning Techniques

3.2.7.1 Data Preprocessing

A further preprocessing chain was applied to the data mainly to reduce the noise
in the spectral signaturefigure 3-4) and compared with the standard whigéerence
calibration. The machine learning methods detailed below were tested with and without the
following preprocessing steps. The propdspreprocessing chain is based on 4 steps:
image calibration, operating bandwidth selection, noise filtering, and data normalization.
In the first step, the previously described method to normalize the data using white
reference and dark current is permfed. Next, the spectral bands are truncated between

490790 nm, so the final HS cube contains only 61 bands, which will be used for
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classification. Spectral bands outside this range were noisy because they were too close to
the detectable limits of the H&mera. In the third step, a smoothing filter is applied to the

data in order to reduce the spectral noise. A moving average with a span of 10 spectral
bands was used as the smoothing filter, implemented as a slidingaksafilter with
coefficientsequa t o t he reciprocal of the span. Fi

normalized between 0 and 1, using a function to map the minimum and maximum to these

values.
Raw HS Operating Bandwidth . L Preprocessed
. . . Noise Normalization
Cube  —» Calibration —>» Selection —> Filter —> (Yomin=0, Yo =1) —  HS Cube
(91 bands) (Bumin=9,Bmax= 69) minTy Tmax (61 bands)

Figure 3-4. Block diagram of theproposed prgprocessing chain.

3.2.7.2 Convolutional Neural Networks

A deep convolutional neural network was used to detect SCC irexhao
specimens of the upper aerodigestive tract, implemented using TensorFlow in Python on a
NVIDIA Titan-XP GPU[26, 27, 172, 192. In summary, an Inceptievil-style 3D CNN
was designed and trained using leamepatientout crossvalidation [27]. The 3D
convolutional kernels that comprised the modified 3D inception V1 modules were of sizes
1x1x1, 3x3x3, and 5x5x5, and in total, the CNN architecture contained 2 inception
modules, 3 convolutional layers, and 2 fully connected layers using thet@bipaut size
of 25x25x91 (height x width x spectral bands) forpumocessed HSI patches and
25%25x61 for prgprocessed HSI patches. The total number of HSI samples in the cross
validation group was 647,000 normal HSI pixels and 877,000 cancer HSI pleldated

from the binary masks excluding glare, from the 21 tissue specimens from 7 patients. Each
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HSI pixel served as the center for an image patch (height x width x spectral bands). Drop

out was employed to avoid ovétting in the CNN models.

In total, the CNN described was separately trained using 4 different scenarios using
the information fromwo versions of the binary ground truth masks and the two proposed
processing methods, which produces different models: first, CNN trained without specular
glare patches (trained separately both with and without addegrqressing of spectral
data), and second, CNN trained with specular glare patches (trained separately both with
and without added pyprocessing of spectral data). The 95% confidence ialemwere
calculated using a bootstrapping method by sampling 1000 pixels from each class with
replacement from each patient and calculating the area under the curve (AUC) of the
receiveroperator characteristic; the method was performed 1000 times fopa&tseatt and
the 2.5 and 97.5 percentiles were reported. The saved, trained models from the patients
from the previous work were used to classify the HS images of the 5 testing group patients
that underwent serial histological sectionifay surgical marg variation with depth
evaluation. The probabilities of all models were averaged per patient to obtain qualitative
probability heatmaps, scaled from O to 1, where 0 represents normal class and 1 represents

high probability that the tissue belongs to thaaer class.

3.2.7.3 HELICoiD Algorithms

The results of the CNN classification method and the generated probability maps
were compared to the results obtained by a machine learning pipeline previously developed
for intraoperative detection of brain cancer usir§§j F5, 167, 193-195. In summary, a

spatiatspectral classification algorithm, here referred to as HELICBiBufe3-5a), was
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implemenéd using a classification map obtained by a SVM classifier that is spatially
homogenized by employing a combination of a-baadrepresentation obtained from the

first principal component analysis (PCA) decomposition throughreedest Neighbors
(KNN) filtering method Eigure3-5a, part A). After that, the result of the KNN filtering is
merged with an unsupervised segmentation map generated by a hierarcheank
(HKM) algorithm through a majority voting (MV) method69. The result of this
algorithm is a classification map that includes both the spatial and spectral features of the
HS images. In addition, for this application, the KNN filtering is aggpkgain to the MV

probabilities and the PCA oxmndrepresentation to homogenize the resiiigyre3-5a,

part B).
(a) PCA
(1% Component) l
P d SV KNN Filt Sancoy
DI ) Mer 5 probability
HS Cube (Linear Kernel) (A=1,K=40)
Map
. . B

HKM Majority KNN Filter Cancer
(k=10) Voting | (A=1,K=40) Probability Map

(b) PCA

(1" Component)

Preprocessed

HS Cube ChIN

HKM | | Majority |, KNN Filter _ Cancer
(k=10) Voting (A=1,K=40) Probability Map

Figure 3-5. Block diagrams of the proposed classification frameworks. (a) HELICoiD
algorithm with the additional KNN filter. (b) Pipeline of the mixed algorithm.

A component of the HELICoiD algorithm was isolated and referred to as spatial
SVM, which uses both the spectral and spatial components of HSI for machine learning
through a combination of PCA+SVM+KNN. This spectsphtial implementation of SVM

is performe with and without the additional pprocessing pipeline to be used as a
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surrogate for direct comparison to the CNN with and withouppoeessing. Furthermore,

a pipeline that combines the CNN architecture with the entire HELICoiD algorithm was
proposed In this case, the spatigpectral stage of HELICoiD (PCA+SVM+KNN) is
replaced by the CNN architecture trained with thegaeessed datdigure3-5b). Both

HELICoiD and CNN+HELICoiD algorithms use the ppeocessed HS data as input.

In summary, we present 6 algorithms for investigation of HSI machine learning:
the CNN (with and without prprocessing), the spati&®VM (with and without pre
processing), the HELICoiDIgorithm, and finally the CNN+HELICoiD algorithm. These
6 machine learning algorithms were tested first on the group of experiments using the
binary ground truth masks that exclude specular glare, and again the experiments were
performed with the binary gund truth masks that include specular glare. The 6 algorithms
were compared using box plot distributions of the values and median AUC with 95%
confidence intervals, and, a paired, datked ttest on the classification results was used
to determine stagtical differences with a 0.05 threshold for significance. The quantitative
classification results of 7 patients are reportedable3-2, obtained by using leavene
patientout crossvalidation. In addition, like the CNN method, the saved, trained models
from these patients were used to classify 5 tissue specimens that were imaged with HSI
and underwent serial histological sectioning for cancer margin variabilitysgaiuThe
probabilities of all models were averaged per patient to obtain qualitative probability heat
maps, scaled from 0 to 1, where 0 represents normal class and 1 represents high probability

that the tissue belongs in the cancer class.
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3.3 Results
3.3.1 Deformable Registration from Histology to HSI

Seventeen patient tissue samples were registered according to the described methods,
divided into two groups: HNSCC (n=11) and thyroid (n=&3.arepresentative patient
Figure 3-6 shows a glossal SCCancer margin with a needi®red hole for TRE

evaluation.

Histology Registered Mask TRE Mask Reg. Margin

I . .

Figure 3-6. Results of affine and deformable demaagistration of the cancerrmal

margin on glossal SCC tissue sample with nebdled holes. The cancer margin is
outlined by a head & neck pathologist. The transformed margin from affine registration is
outlined in yellow, and the margin from demonsis&gtion is outlined in green. The fixed

HSI mask (green) and moving histology mask (magenta) overlap area is shown white. The
TRE for this sample is evaluated using nedmtieed holes shown on the masks in the center
column. The deformation fields of tinegistration methods are shown on the right.

Def. Field

e

¥

Deformable Demons

Affine registration alone of the representative tissue samples is insufficient to
establish the cancer margin on the HSI, but the Derhassed method achieved successful

alignmentTable3-1 shows the complete experimental restts.the HNSCC group only,
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Demons registration produced better matched images (TRE of 0.48 mm) with more

consistent results between tissuempkes compared to affine registration alone (TRE of

0.51+ 0.23 mm). Moreover, the result for HNSCC Demons registration was statistically
significant ©=0.02) compared to affine, using a eénaa i | e d, pattesteld St ud e
addition, for HNSCC, the prased deformable pipeline had a better image overlap
compared to affine alone, DSC of 0.98 versus 0.93, which was also statistically significant

(p<0.002.

Table 3-1. Targeted registration error (TRE) and Dgmilarity coefficient (DSC) for the
registration between hyperspectral images and digitized histological images.

Group Registration Method TRE (mm) DSC (%)

HNSCC Affine 0.51 £0.23 93+2
N=11 Deformable Demons 0.43 +0.16* 98 + 2*

Thyroid Affine 0.92+£0.45 91+2
N=6 Deformable Demons 0.98 £ 0.42 98 + 2*

*Statistically significant compared to affine registratipg@.05)

The efficacy of both registration methods, affine and Demons, differed significantly
for the thyroid group. On average thgor for Demons registration of thyroid samples
(TRE of 0.98+ 0.42 mm) was comparable with affine registration alone (TRE of8.92
0.45 mm). However, the proposed deformable pipeline had a better image overlap for
thyroid samples compared to affine adpBSC of 0.98 versus 0.91, which was statistically
significant ©<0.00]). However, Demons registration did not show an advantage over

affine registration for the thyroid samples.
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Usingaond ai | ed, u n p-test, the ksuls ofavkrage erfmrHNSCC
Demons registration were compared to thyroid sample Demons registration, and the result
was statistically significantp&0.001). This indicates that the registration of thyroid
samples induces a substantially larger amount of error when comp&tB$ECC samples,

most likely due to less structural integrity of the glandular thyroid tissue.

3.3.2 Comparison of Machine Learning Methods with Specular Glare

Quantitative results from the leav@epatientout crossvalidation, using both the
groundtruth regions that include glare pixels and the-salmpled masks that include only
ideal quality regions that exclude glare, show that the @Ebded classifier group
outperformed the SVMbased classifier group using the average area under the curve
(AUC) of the eceiver operator characteristic (ROC), as showhahble 3-2 and Figure
3-7. The esults are reported using sexeid crossvalidation to validate on all 7 patients.
Table 3-2. Results of intejpatient crosvalidation of SCC versus normal, obtained using

the leaveonepatientout method. Average AUCs reported with bootstrapped 95%
confidence interval.

Ground Truth Classifier Average AUC [95% CI]

Excluding Glare spatialSVM 0.71[0.68, 0.74]
CNN 0.86 [0.82, 0.89]
spatiatSVM (Preprocessed HSI) 0.82[0.80, 0.84]
CNN (PreprocessediSl) 0.84 [0.81, 0.86]
HELICoiD (Preprocessed HSI) 0.82[0.79, 0.84]
CNN+HELICoiD (Preprocessed HSI) 0.82[0.79, 0.85]

Including Glare spatiatSVM 0.69[0.67, 0.71]
CNN 0.73[0.71, 0.76]
spatiatSVM (Preprocessed HSI) 0.76 [0.74, 0.77]
CNN (Preprocessed HSI) 0.78 [0.76, 0.81]
HELICoiD (Preprocessed HSI) 0.79[0.77, 0.81]

CNN+HELICoiD (Preprocessed HSI) 0.81 [0.80, 0.83]
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When classification is performed of only ideal quality pixels (obtained from the sub
sampled maskseeFigure 3-1), the results indicate that additional ym®cessing of the
spectral signature and addition of the HELICoiD method and KNN filtering do not
significantly impove the results compared to only using the CNN,Fsgare3-7a. The
average AUCs for the CNN groups are 0.86, 0.84, and 0.82 for the CNN, CNN with pre
processed inpudata, and CNN+HELICoiD method, respectively. The average AUCs for
the SVMbased groups are 0.71, 0.82, and 0.82 for the sl without and with
preprocessed input data, and HELICoiD method, respectively. The 95% confidence
intervals overlap for all @ups except for basis spatial SVM, as show able 3-2.
Additionally, all methods have a similar interquartile range and median distribution, see

Figure3-7.
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0.9 09
0.85 ] } 0.85

» i it i
0.75 0.75 E

u?} n?i

0.65 0.65

06 06

0.8

Area Under Curve (AUC)

0.

0.7

[T H
T h
L Th
SEN
LTk
D
{_TH
HI h
[ TH
[T}
[T h
1 Th

06 1 L 06 - L + +

1 -+ ]
05F 4 05F L
0.4 0.4

& N F ¢ 9 ® &N F NS
g U & & O € ¢ &
R A A R A
= 8 - xR 8 S
s © S <

Figure 3-7. Results of intepatient croswalidation of SCC versus normal, obtained using
the leaveonepatientout method.Top: average AUCs reported with 95% confidence
interval. Bottom: box plots with the range in black, 75th and 25th percentile in blue, and
median in red.
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However, when the classification is performed over the entire HS image tissue area,
which includes clssification of specular glare pixels that contain more noise and
variability, the CNN+HELICoiD method outperforms other methods tested with an
average AUC of 0.81 for classification. This classification scheme including specular glare
pixels represents aore realistic application of HSI. The CNN algorithm alone with or
without preprocessing has an average AUC of 0.78 and 0.73, respectively, both which
constitute a statistically significant decrease in performance compared the
CNN+HELICoiD method f§f 18t cand 18t 1 respectively). The average AUC values
range from 0.69 to 0.79 for the SVbhased groups, and the HELICoiD algorithm
significantly outperforms the spatial SVM) ( 18t p. The additional prg@rocessing
pipeline, described irFigure 3-4, only offers a statistically significant increase in
performance for the spati&lVM algorithm § 18t §, not the CNN1j 11®); seeTable
3-2 for complete results with 95% confidence intervals. In summary, from-zedisktion
experiments, the best classification method was using the CNN as the input for the
HELICoiD+KNN filtering method, and forcomparison, using the spectsgatial
SVM+PCA+KNN for input to the HELICoiD algorithm instead of the CNN component

yielded slightly lower results that were not statisticalgnificant.

3.3.3 Variance of the Tumor Margin with Depth

For generalization and apgdtion, HS images from five tissue specimens from five
patients with SCC comprised the haldt testing group and were classified using the saved
models that were trained and crassidated using the 7 patient cresslidation group.
The testing patientwere classified by all crosslidation models and averaged to obtain

gualitative probability heataps. Qualitative investigation of the five, testing patients,

71



classified with the CNN trained with ppocessed data alone, and the
CNN+HELICoiD+KNN filtering method is showim Figure3-8. As shown inFigure3-8,

the CNN+HELICoiD+KNN technique performs better on the 5 testing patients, in
ageement with the quantitative metrics from the cneslgdation group. The SCC
probability heat maps are shown wittimary masks depicting the uncertainty and variation

in the cancer margin with depth. Depending on the tissue, as demonstrated, the margin
changes by about 1 mm depending on sectioning depth. Therefore, our qualitative results
can be interpreted within the range of uncertainty of the grtrutll to provide more
insight to the classification potential of machine learning methods using H&8&ricer

detection.
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Figure 3-8. Representative results of binary cancer classification of the 5 testing patients.
From left to right: HSIRGB composite; histological ground truth showing variation in
cancer margins with cancer area outlined; heat maps for cancer probability for CNN
HELICoiD+KNN and HELICoiD+KNN techniques. The extremes in the superficial cancer
margin are overlaid on to the heat maps.

3.4 Discussion

In this work, we presented and quantified thenbmation of two statef-the-art
machine learnindpased classification methods for HSI e¢vivo head and neck SCC
surgical specimens. In summary, there are two methods for generating SCC prediction

probability maps: the first uses a CNN, and the secomsds a combination of
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SVM+PCA+KNN. After generation of the predicted cancer probabilities on a pixel level,
the probability map is combined with a HKM unsupervised segmentation layer through a
majority voting algorithm that determines the class belonginth® region of interest.
Therefore, two distinct methods are compared using leae@atient crossvalidation to

obtain quantitative evaluation metrics. Additionally, the methods are tested on a group of
HSI obtained from 5 SCC patients that underwenabkistological sectioning to evaluate

the variation in the cancer margin with penetration depth of the light wavelengths.

The quantitative results of this paper suggest that when working with ideal quality
pixels, such as the spectral signatures geegraom flat surface tissue surfaces with no
glare, the CNN techniques and spasipéctral machine learning algorithms will perform
with no significant difference and that no additional-precessing is necessary. The
average AUCs for these methods using preprocessed input data range from 0.82 to
0.86 with overlapping confidence intervals. However, when the pixels classified contain
noise, for example due to sloping of the tissue edges or specular glare from completely
reflected incident light, adddnal spectral smoothing and additional HELICoiD+KNN
filtering of the classifier improve classification results of the CNN. The best performing
method tested was CNN+HELICoiD+KNN with an average AUC of 0.81 [0.80, 0.83].
These tested methods outperformttiaditional spectraspatial machine learning methods
employed in this study. Therefore, tHELICoiD+KNN techniques using both the CNN
and SVM+PCA+KNN for cancer probability mapperformed best for the 7 cress
validation patients, so both were employed the 5 patients testing set. One major
limitation of the approach used in this paper was the small saizgleand therefore, the

proposed ML models could be prone to overfitting and lack generalization to larger testing
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datasets. To investigate poteht&erfitting in this experiment, we analyzed the training
and crossalidation accuracies for the CNN trained with precessed HSI data. The
average training accuracy was 85%, and the average-vahbdation accuracy with

confidence interval was 79%8§781] for excluding glare and 74% [73, 76] for including

glare. This result indicates that our models did not suffer substantially from overfitting.

Excluding glare, the CNN alone without poeocessing performs best. It is
hypothesized that CNN and de&garning methods should be expected to outperform
traditional ML techniques because a substantially large dataset should allow learning of
variance, tolerance of noise, and remove the need foprpoessing. Also, the
CNN+HELICoiD method performs only gltly better than the original HELICoiD; this
could be produced because the CNN probability maps areeghted by the PCA and
KNN filtering that are applied afterwards. After the inclusion of specular glare, the results
change relative to each methodthwthe CNN with preprocessing oudperforming the
CNN without preprocessing. This outcome could be the result of the classification
problem becoming more challenging compared to excluding glare, so the dataset is now
too small for the CNN to perform wellithout preprocessing. Expanding the training
dataset with more patients with specular glare and large amounts of noise may allow

original CNN methods to outperform other techniques.

In order to test the general application of the proposed methods, HSI from 5 testing
group patients with SCC were classified using the models that were trained and cross
validated using the 7 patient group. To qualitatively investigate these resultgdicstio
images of the Bxvivotissue specimens were obtained down to about 0.3 mm to determine

how the superficial cancer margin may change with dejthshown inFigure 3-8, the
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CNN+HELICoiD+KNN technique performs best on the 5 patient SCC testing group,
which was the same result obtained from théol@ quantitative crossalidation

experiment.

The 5 pat -Hneolvad snargint spetimens were classified with @GN
trained with the fully pregprocessed image patches that were extracted from the complete
binary grounetruth mask including specular glare pixels. These probability maps are
shown inFigure3-8, and the CNN map is also used as the input for the HELICoiD+KNN
filtering technique. In the top three rowsFo§ure3-8, there are regiorsf glare with tissue
specimens that are classified incorrectly as normal with the CNN, but the CNN+HELICoiD
correctly classifies these regions of interest as SCC. It is also possible to observe that the
CNN+HELICoiD method tends to ow@redict SCC at regns of normal tissue near the
cancer margin. We hypothesize that the CNN+HELICoIiD technique outperforms the
patchbased CNN alone because it can incorporate more local and regional spatial and
spectral information to overcome the degrading effect of $peglare. Therefore, future
work could involve the application of a fullonvolutional CNN for SCC detection on
tissues with specular glare. This algorithm requires more data necessary for training as it
produces labels that are ettdend, a full pixelclassification map for a full HSI input, so

it would require the entire HSI dataset acquired for this project.

An additional aim of this investigation was to determine the variation of the
superficial cancer margin through the depth of the tissue. Frobtdsting patient tissue
specimens, it can also be seen tthat superficial cancer margin of tkecvivo tissue
specimens can vary from the extreme near and far margins in range of 1 to 2 mm. These

results allow interpretation of the cancer predictioobgbility maps with observed
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variation in the ground truth. However, additional possible uncertainty may exist in the
histological groundruth. For example, if the angle of the sectioning plane is skewed from
the tissue plane, then the groumngath couldbe warped, which could lead to errors that
cannot be corrected by deformable registration. In a previous work, we explored a pipeline
of affine and deformable demobased registration for alignment of the histological
groundtruth to grosdevel images oSpecimens, and it was determined via neédied
control points that target registration error was 0.4 + 0.2[d84]. The combination of
these two main sources of uncertainty in the histological grtrtia for theexvivotissue
specimens allows for error propagation ofta®.5 mm in the binary mask. This would
greatly affect the results of pixelise evaluation metrics such as accuracy, sensitivity, and

specificity.

Future work includes development and implementation of a new performance
evaluation method to handle this margin uncertainty, for instance evaluating primary tumor
clearance at several millimeter increments from the ideal tumor margin. Currently, the
stanhr d for surgeons® opinions on margin ade
mar gins between 1 to 5 [h9. Hbedver rsame stedies 6 c | o
suggest that outcomes may be similar fargm of 2.2 to 5 mnji197]. It is evident that
the question of margin adequacy is still being determined, and surgeons would be interested
in performance of optidamaging methods at different margin distances. Therefore, the
proposed, new error metric should extend to about 2 to JFngore3-9 demonstrates how
the cancemargn could be systematically eroded and used to determine accuracies at
several distances from the cancer margin to better provide surgeons and physicians with a

method for interpreting results for HSI studies, given the conclusions of this paper on the
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uncetainty of the cancemargin. The outcomes of this work suggest the use of this new

error metric for future studies.

Ground Truth  0.25mm Margin 0.5mm Margin  1mm Margin

S

E
=
i
o

Figure 3-9. Proposed evaluation metric demonstrates millimetric, systernaticer

margin erosion that could provide performance updates at several distances from the cancer
margin to provide physicians with an easily interpretable method for understanding results
of HSI studies.

Another avenue of future work involves the rethingkof the definition of normal
tissues in the tissue specimens of the tumeolved margin. In oral SCC, it has been
studied that normal tissue directly adjacent to the primary SCC is molecularly distinct from
normal tissues farther from the SCC, andi@aithl resection to this extended margin may
lead to increased disealsee survival and reduced local recurrefité7, 178. Moreover,
this result was obtainday investigation that NBI at 40830 nm and 525555 nm reveals
changes in normal tissue that correlate to significantly different levels of -
epigenetic regulation compared to primary tumor and normal tissue that are not visible
under whitelight dlone [175 177, 178. Therefore, it may be possible to extract micro
RNA expression levels to determine a molecular gretamith for certain tissues employed
in this study, as Litet al. have demonstrated that mieRINAs can be reliably obtained

from formalinfixed paraffin embedded tissue sam{l&ag.

78



3.5 Conclusion

This chaptennvestigated the effects of specular glare, noise, blurring, and-tissue
edge sloping artifacts on hyperspectral imagiaged cancer detection. It explored the
potential of hyperspectral imaging and machine learning for the detection of head and neck
canerin a limited subset of tissue specimeAscording to the experimental results, the
CNN seems to be more robust against the environmental conditions of the acquired images
and provides better classification results even without datprpeessing. Addionally,
another objective was to evaluate the general efficacy on example test cases with
uncertainty in the ground truth as the superficial cancer margin varies with penetration
depth. This was tested by serially sectioning the tissue samples irtitige gesup to reveal
the variation of the cancer margin through the depth of the tissue. This determined that the
validity of the top section alone as the ground truth may be limiteeltonfin, suggesting
an alternative approach for obtaining performanetrics should be developedll the
above factorswere necessary to explore and understand the potential of HSI in the
operating roomThis chapter lays the foundation for the systematic limitations of the
proposed experimental design that will be detaifethe following chapters, which will
detail deep learning methods employedsufficiently large patient datasets for training,

validation, and testingp understand the potential role of HSI for clinical translation
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CHAPTER 4. HEAD & NECK SCCDETECTION IN 102

PATIENTS WITH HSI

This chapter details the work of using HSI for SCC detection on all SCC tissues
collected in our dataseSurgical resection of head and neck&(W) squamous cell
carcinoma (SCC) may yield inadequate surgical cancer margins in 10 td 28%es. This
chapter investigates the performance of lalfrele, reflectancéased hyperspectral
imaging (HSI) and autofluorescence imaging for SCC detection at the cancer margin in
excised tissue specimens from 102 patients and uses fluorescent dpesdarison. Fresh
surgical specimensiE 293) were collected duringNlSCC resections(= 102patients.

The tissue specimens were imaged with reflectdvased HSI and autofluorescence
imaging and afterwards with two fluorescent dyes for comparison. Reeping tools
were developed to detect SCC with new patient samples-fiateant) and machine
learning for intrapatient tissue sampleBhe performance was estimated in mm increments
circumferentially from the tumemormal margin. In intrgoatient expriments, HSI
classified conventional SCC with an AUC of 0.82 up to 3 mm from the cancer margin,
which was more accurate than proflavin dye and autofluorescencep(kdd05). Intra
patient autofluorescence imaging detected human papilloma virus pgkiexer) SCC
with an AUC of 0.99 at 3 mm and greater accuracy than proflavinpdy®.05). The inter
patient results showed that reflectath@sed HSI and autofluorescence imaging
outperformed proflavin dye and standard RGB images (.05). In new patigs, HSI
detected conventional SCC in the larynx, oropharynx, and nasal cavity with0®@85

AUC score, and autofluorescence imaging detected HPV+ SCC in tonsillar tissue with 0.91
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AUC score. Thiswork demonstrates that labike, reflectancdased HSI ad
autofluorescencémaging methods can accurately detect the cancer margin-wivex
specimens within minutes. This n@mizing optical imaging modality could aid surgeons

and reduce inadequate surgical margins during SCC resections.

4.1 Introduction

Surgery is often the primary treatment for head and neck squamous cell carcinoma
(HNSCC)[199. Primary surgery is the modality of chei for resectable oral cavity
cancers and late stage disease of the larynx and hypophaéghiManagemetof locally
advanced SCC may also require a multimodal approach with adjuvant chemoradiation
therapy[199 201]. Nearly 90% of cancers of the upper aerodigestive track of the head and
neck are SC(J2, 139. Depending on the extent of the disease, radiation therapy or
chemotherapy alone may be the primary curative modality selected, such can be the case
with unresectable, recurrendy metastatic cancers and also with cases known to be
susceptible to chemoradiati¢h99, 200]. Human papilloma virus (HPV) is an identified
cause of SCC, and the most common location for HPV positive (HPV€) iSGhe
oropharynx, with nearly 60% of oropharyngeal SCC cases being HRYS; 207.
Approximately twethirds of patients with HNSCC present with stage Il or IV advanced
diseasd141]. Adequate surgical removal of the primary SCC is vital to successful patient
outcomes, improved quality of life, survival, and reduced recurrdd:196|. Surgeons
can use pr@perative imaging, such as CT or MR, for planning, but during the surgery,
surgeons rely on experience, visual cues, and tactile palpation to determine the extent of
the disease. Excised samples and tissue biopsies can be gathébogical analysis and

consultation to determine if the cancer has been sufficiently reqé&&®03 204].
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Intraoperative pathologist consultations (IPCs) canrbe-tionsuming and may not
fully reflect the extent of the disease due to limitations in tissue sampling and preparation.
While the overall accuracy of frozesections in IPCs is upwards of 97%, the accuracy for
challenging cases, such as positive and closegins, ranges from 71 to 92%, with
sensitivities reported as low as 34 to 7[/283-207]. These errors can compound, leading
to reported positive margins in up to 12% and close margins in up to 19% of HNSCC
surgeries, despite having negative frozen sections during2@%207]. For example, in

oral cavity SCC, up to 30% of patierttave positive margins after surgg291, 20§).

The task of surgal guidance for SCC resections in the head and neck has been
explored with increasing volume in the past five years using several imaging modalities
coupled with machine learnif@09. Some methods propose using fluorescetaityged
monoclonal antibodies that require intravenous administration but have specific optical
signatures in the neanfrared (NIR) spectrum, with successful outcomes of studies with
21 patient$201, 208, and other methods utilize topical fluorescent dyes for targeting SCC
[33, 210. Labelfree optical imaging methods that utilize only narrow bandseénblue
and green visible spectrum have also demonstrated success at delineating oral SCC margins

in-vivo in studies with 20 patienfd 77, 179.

Hyperspectral imaging (HSI) is an emerging technology in biomedjé#jeand
has been used for cancer detection studies detlivo and inrvivo [211, 217). HSI has
been utilized for brain cancer detectiorvivo using machine learning algorithms and an
optimized, clinical workflow for neurosurgeon$66, 168. Additionally, HSI has been
proposed for laparoscopic cancer detection in colorectal surgeries with demonstrated

potential[22, 129.
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Our group reported proaif-concept studies on HSI for the detection of head and
neck SCC in fresh surgical specimens from human pa{ig@gt447]. In our previous pilot
studies with HSI, manually selected regions of interest (ROIs) were clasaiigdnage
preprocessing was used to remove specular glare pixels before tissue classffs&tion
21Q. In our other work§113 172 179, deep learning algorithms were developed for HSI
tissue classification in both whole primarymor specimens and at the SCC caimmemal
margin, but only in limited sample sizes from 21 to 29 patients employingabdation.
Previous worksfrom other groups focus on SCC detection in excised tongue SCC
specimens, using both preof-concept RObased detection of SCC in 7 specimgt&]
and tumor semantic segmentation of the entiancemmargin specimen$148 with

promising results in leavenepatientout crossvalidation experiments of 14 patients.

In this large study of 293 tissue specimens from 102 patients with SCC, we develop
deep learimg methods to classify the whole tissue specimens instead of ROIs and thus
further investigate the full potential of labieée HStbased imaging methods for SCC
detection. This is the first work to conduct fullydependent training, validation, and
tesing directly of the SCC tumor margin with a large patient data$et 102 patients),
divided into conventional, keratinizing SCC with variarits= 88) and HPV+N = 14)

SCC cohorts. The tissues represent a variety of anatomical sites to give an accurate
assessment of the feasibility of laifedte, noncontact, and noionizing HSkbased
imaging modalities for SCC detection. Additionally, this is the first studyestigate

and quantify HSbased methods for HPV+ SCC detection directly. It is hypothesized that
deep learning algorithms can be developed to enablefldedHStbased methods, namely

reflectancebased HSI and autofluorescence imaging, to performsuitistantial accuracy
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to provide meaningful information to guide complete surgical resections. Furthermore, it
is hypothesized that labélee HStbased methods will outperform the fluorescent-dye
based methods due to lack of target specificity with sefiiicisignatto-noise in SCC
tissues. The results of this study will inform if HSI and other fluorescence imaging
modalities can be expected to provide specific benefits to cancer margin detection during

SCC resection surgeries.

4.2 Materials

4.2.1 Head and Neck SCRatient Dataset

Patients with head and neck SCC undergoing routine surgery at the Emory
University Hospital Midtown (EUHM) were recruited by providing informed, written
consent to the research coordinator, whedeatified the patient data. All methodsda
procedures were approved by the Emory University Institutional Review Board (IRB)
under the Head and Neck Satellite Tissue Bank protocol. Fesivo surgical specimens
were collected from the surgical pathology laboratory, making sure not to impédes
clinical service. Three tissue samples fr
collected: a tissue specimen of the primary tumor (T), an all normal tissue (N), and a
specimen at the tumanvolved cancer margin (TN). The specimens were paried to
an imaging laboratory to perform grasvel optical imaging of the exivo specimens for
SCC detection33, 113 210. The median sizes (height x width) of the tissues were 9x6
mm, 10x7 mm, and 9x5 mm for the T, TN, and N tissues, respectively, with an approximate
tissue depth of B 3 mm. In total, 293 tissue specimens were collected from 102 patients

with head and neck SCC to be included in this study.
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A pathologist with expertise in head and neck cancer categorized the tissue samples
collected for this study into two groups pesincer subtype: Conventional SCC with
variants and HPV+ SCC. The conventional SCC grolp 88 patients) was comprised of
conventional, keratinizing SCQIE 85), adenosquamous carcinora=(1), basaloid SCC
(N =1), and spindle cell SCQ(= 1). The HR/+ SCC group consisted of 14 patients that
were all identified as p16 marker positive using immunohistochemistry, and one was a
neuroendocrine SCClable 4-1 shows the breakdown of tissue samples for different
locations of primary tumors along with other patient characteristics and cancer properties.
For this study, we defined the oral cavity asdully consisting of netongue structures
inside the oral cavity: Oral mucoshl € 3), gingiva N = 5), floor of mouth N = 12),
retromolar trigoneN = 4), maxillary N = 2), and mandibular surfaces € 9). Although
it is not the clinical standard, tongspecimens were presented separately because it was
the single largest anatomical site in this study, and the excised specimens we acquired from
the tongue were typically very distinct, both optically and anatomically, with thick surface
epithelium and lege amounts of skeletal muscle, compared with the rest of the oral cavity
cases. The pharynx consisted of cases originating in the oropharyri2(total; 10 HPV+
and 2 HPV), hypopharynxfl=4),andN= 3 cases of HPV+ tonsil/|

primary location was unknown, only nodal HPV+ neck mass was available.

85



Table 4-1. Demographics and cancer properties for the patients recruited for this study.
Values are reported for the two cohorts, converticsCC with variants and p16+ SCC,
separately and combined. Percentages for conventional are out of 88 patients, HPV+ out
of 14 patients, and combined out of 102 patients. TNM staging was not available for one
patient in the HPV+ cohort. All cases were M®bacco history represents current or past
smoking or chewing tobacco history.

Conventional SCC HPV+ SCC All SCC
Property (N = 88) (N=14) (N=102)
No. % No. % No. %
Demographics
Mean Age (y.0.) 64.5 - 58.1 - 63.6 -
Male 59 67% 12 86% 71 70%
Female 29 33% 2 14% 31 30%
Tobacco History 58 66% 5 36% 63 62%
Primary Location
Oral Cavity 35 40% 0 0% 35 34%
Tongue 19 22% 0 0% 19 19%
Oropharynx 2 2% 13 93% 15 15%
Hypopharynx 4 5% 0 0% 4 4%
Larynx 19 22% 0 0% 19 19%
Nasal Cavity 4 5% 0 0% 4 4%
Maxillary Sinus 5 6% 0 0% 5 5%
Unknown 0 0% 1 7% 1 1%
Cancer Stage
pT1 3 3% 2 14% 5 5%
pT2 7 8% 6 43% 13 13%
pT3 16 18% 2 14% 18 18%
pT4 62 70% 3 21% 65 64%
Avg. T Size (cm) 4.4 - 3 - 4.2 -
N+ 53 60% 5 36% 58 57%
Histologic Grade
G1 8 10% - - 8 8%
G2 60 71% - - 60 59%
G3 16 19% - - 16 16%
IPC (Averages)

IPC/Surgery 2.1 - 2.0 - 2.1 -
Time/IPC (min) 41 - 42 - 41 -
Tissues/Surgen 3.5 - 2.6 - 3.4 -

Time/Tissue (min) 25 - 33 - 25 -
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4.2.2 Hyperspectral Imaging

The HSI were acquired of the grdssel surgical specimens using a Maestro
spectral imaging system (Perkin Elmer Inc., Waltham, Massachusetts), which captured 2D
images at full spatial resolution using aldi6charge coupled device and stepped through
the spectral bands using a liquid crystal tunable fiB8r 113 210. The spatial resolution
of the HS sensor was 1040 by 1392 pixels, which corresponds to a spémneien
resolution of 25 um per pixel. The HSI were captured from 450 to 900 nm in 5 nm spectral
bands to produce a hyperspecuata cube (hypercube) with 91 spectral bands. The
average imaging time for acquiring a single HSI at this resolution was about one minute.
The hyperspectral data were normalized in each spectral band individually by subtracting
the inherent dark currefimaging with a closed camera shutter) and dividing by a white
reference disk. An RGB composite image was generated from the normalized hypercube
by applying a Gaussian kernel in each color regigure 4-1 shows a representative

patient tissue specimen and average spectral signatures of SCC and normal tissues.
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Figure 4-1. A representative cancaémvolved tissue specimegf conventional, keratinizing

SCC of the mandibular gingiva. (a) From left to right: RGB image made from HSI. The
histological image, which serves as the ground truth, has SCC annotated in green. HSI
single band at 550 nm. Fluorescence imaging modatitidkee same specimen; (b) Spectral
feature saliency from CNN gradients of correctly classified HSI for conventional SCC and
normal upper aerodigestive tract tissues. Left: Full spectra from 450 to 900 nm of SCC and
normal tissues. Symbol colors represdhts relative, scaled importance of the spectral
feature for making the correct prediction of cancer or normal from the HSI (0 is low
saliency; 1 is high saliency). Right: Spectral cutout from 520 to 580 nm, corresponding to
the hemoglobin range. The douldsterisk (**) indicates that statistically significant
differences (p < 0.01) were observed in reflectance values between SCC and normal for all
spectral bands (450 to 900 nm). The most important spectral feature for correctly predicting
SCC in HSI was th oxygenated hemoglobin peak at 560 and 565 nm.

4.2.3 Fluorescence Imaging

To compare the ability of HSI for cancer margin detection, several optical imaging
modalities were acquired afterwards: A second kateel and two dydased methodS83,

210. Figure4-1 shows a representative patient tissue specimen of all imaging modalities
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and the histological ground truth. Autofluorescence imaging is a-fedeelimaging
modality that captures the light emission from intrinsic fluorophordsalogical tissue

that are stimulated to fluoresce by external excitation. The autofluorescence images were
produced by an excitation light source of 455 nm and apasg filter of 490 nm. The
autofluorescence images were acquired from 500 to 720 nn@ innml increments to
produce a hypercube of 23 spectral bands, and this imaging protocol was also used for the

fluorescent dyes.

In addition to the two labdtee modalities (HSI and autofluorescence), two-dye
based fluorescence imaging modalities were medufor SCC detectiof33, 210. A
fluorescently tagged glucose moleculadeoxy2-[(7-nitro-2,1,3benzoxadiazel-yl)
amino}D-glucose (2ZNBDG), is a dye that produces a stronger signal measured from
regions with higher metabolic glucose uptake, often associated with cancer regions. The
tissue specimens were incubated fom#@utes in a 160 uM-ABDG solution (Cayman
Chemical, Ann Arbor, MI, USA) at 37 degrees Celsius, after which tissues were rinsed in

1x phosphate buffered solution (PBS) before imaging.

Proflavin dye images were acquired last before fixing the tisfg&s21(.
Proflavin is a DNAbinding fluorescent dye that has demonstratglityufor nuclear
morphology visualization in a mouse model of oral carcinogeri2si. The effect of
proflavin staining allows greater sigA@aknoise in norkeratinizing tisues, as keratin is
also a target of the dyj@13 214]. The tissue specimens were incubated for 120 seconds
in a 0.01% proflavin solution (Sigma Aldricht. ouis, MO, USA) at room temperature,

after which tissues were rinsed in PBS.
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4.3 Methods

4.3.1 Histological Ground Truth and Registration

After acquiring the HSI, the fresbx-vivo tissue specimens were inked to preserve
the optical imaging orientation, fixeth formalin, and paraffin embedded. Using a
microtome, only the first, higlquality top section corresponding to the surface that was
optically imaged was obtained, stained with hematoxylin and eosin, and digitized using
wholeslide scanning at 40x objest [215. The digital histology images from each
specimen were annotated to outline the cancerodisyamrmal areas by a boaceértified

pathologist with expertise in H& cance33, 210.

The digital histology ground truth served as the gold standard for the optical
imaging modalitiesThe histology ground truth image was registered in a-semoimated
fashion according to a previously established pipeline of deformable registration to the
grosslevel HSI [184]. This registration was subject to errors in tisde@rmation,
uncertainty in the cancer margirtivdepth, and ofplane slices that in total were estimated
to be about 1 mnj184]. Moreover, the variation in photon penetration depth from the
optical imaging modalities and the variation in the cancer margin throughout the depth of
the tissue specimens was also estimateddate another 1 to 2 mm of error in the margin,
according to our previous wofR16. Therefore, a systematic and objective method for
calculating classification performance was implemented by removing the area near the
cancer margin in millimeter increments and reporting all va]@&§]. The regions near
the cancer margin are both included @xcluded from performance calculations because

the tissue near the margin can be degenerated or have undergecengam@®us
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transformati on. Here the registered cancer
and mm increments estimated fromth& mar gin are i dentified.
calculates performance metrics for all tissues right up to the pixels that comprise the
interface of t umor and nor mal . For di st an
represents that evaluation metrice aalculated from all distances up to 1 mm from the
margin. The O6TN margin at 2 mmé is also re

mm from the margin.

4.3.2 Intra-Patient Experiments

Intrap at i ent experi ments wused a eg@nebsitoent 0s
train a machine learning algorithm and simulated a personalized approach for SCC
detection orthefly in the operating room. For intpatient experiments, linear
discriminant analysis (LDA) was used in ensemble to train, validate, and t&g¢hdata
from the same patient. Each SCC patient with all tissue types (meaning a purely normal
specimen, a specimen containing only primary tumor, and a specimen of the cancer margin)
was included and divided into each cohort, conventional $CE€A1)and HPV+ SCCN
= 6). Despite collecting 102 patients for this study, only 47 fit this distribution of all three
tissue types exactly. Independently, an ensemble LDA of 500 learners was trained and
validated in 5 folds frosmam@mlcds .paAfiteert 6sad
model devel op men tnormal maegin ppadimere was Wsead ag thertesting
data. The LDA method was selected because our previous work demonstrated that it
outperformed other regressimased machine learning algbms[33]. Training time for
5crossval i dated folds of one patientds model

on the size of regions selected for training, which is reasonable for simulating training of a
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patientodos data f or tatidtiedl anayses werg perfonmedgusingya. Al

paired, ondailed ttest.

4.3.3 Inter-Patient Experiments

To explore the ability of HSI and fluorescence imaging modalities to detect SCC
on patients fullyndependent from algorithm development, two experiments were
performed. The first experiment consisted of training the CNN on primary tumor (T) and
all normal (N) tissues, while testing on T and N tissues from other patients. The second
experiment consisted of training on primary tumor (T) and all normal (N) tisadne

testing only tumoiinvolved cancer margins (TN) tissues from other patients.

To perform these experiments, within each SCC cohort, patients were randomly
divided into 5 folds, each fold served as the fitigependent testing group, while traigin
and validation was performed on the patients in the remaining 4 folds, which allows test
level performance metrics for all patients in our dataset. For the conventional SCC cohort,
each model from each fold was trained and validated on approximateB302%afches
from 110 tissue specimens from 70 patients, and the independent testing group from each
fold was approximately 50 tissues from 20 patients. This was performed once for each fold,
until the entire cohort dataset, comprised of 70,000 patcheBbrissue specimens from
88 patients was used as the testing group. For the HPV+ SCC cohort, training/validation
was performed in the same fashion in 5 folds, until the entire cohort dataset of 16,000
patches from 38 tissue specimens from 14 patientsused as the testing group. All

statistical analyses were performed using a pairedialeel ttest.
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4.3.4 Convolutional Neural Network

For interpatient experiments, a convolutional neural network (CNN) was
developed to quickly and efficiently classify carmes and normal tissues at the cancer
margin. Due to the uniqueness of HSI data, the incepdo@NN architectur¢217 was
customized in several key ways to optimize the CNN to hypercubardahagepatches
that were 2825xC, whereC is the number of spectral bands of each HS optical modality.
The full CNN architecture schematic is presented imitlat Figure4-2. The CNN was
developed in TensorFlow on an Ubuntu machine running NVIDIA TXBNGPUS[197.

The early convolutional layers were modified to handle the selected@a&chnd create
smaller inception blocks that would allow for faster training and classification using the
CNN. Training was performed up to 50 epochs; one epoch of trainingashatarrup to 1

hour using HSI; and deployment of the futbpined CNN on a single GPU to classify a
new HSI scene with hundreds of patches required only 25+10 seconds. The relative
saliency of spectral features for correctly predicting SCC or normallirsH&vn inFigure

4-1b andFigure4-7, were extracted from the CNN using thesslactivated gradients per

the gradCAM algorithm[21§.
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Figure 4-2. Schematic of the customized Inception V4 CNN architecture with added
squeezeaandexcitation layers. The CNN was modified to operate on the 25x25x91- patch
size selected. The receptive field size and number of convolutitteas is shown at
bottom of each inception block. The convolutional kernel size used for convolutions is
shown in italics inside each convolution box.

4.3.5 Image Processing and Reconstruction

For all experiments, the 10 pixels, corresponding to 0.25 mme adhe of each
tissue were discarded for performance calculations. Since the imaging protocol for tissue
specimens required using a flat imaging surface, the tissue free edges created false
curvature where the tissue was too thin to provide an adequagingmaignal.
Implementation of the intguatient CNN experiments involved a patohised approach
using a sliding window of size 25x25x91 and an overlap of 13 pixels. The overlapping
regions of imaggatches were averaged to produce a smoother resulidalateon of the

performance metrics of the intpatient experiments.

4.3.6 Evaluation

To evaluate performance of the machine learning algorithms employed in the

experiments for detectin§CC, the area under the curve (AUC) of the receiver operator
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characterisc (ROC) curve was calculated. The AUC score was selected because it
describes the accuracy at all possible thresholds of identifying the positive class and is not
susceptible to errors when the classes are imbalanced. For each experiment, the optimal
opeating point on the ROC was calculated for the validation group data. This validation
group threshold was used as the threshold for the testing group to best distinguish between
cancer and normal, objectively. Using tthseshold, the overall accuracy wesculated.
Sensitivity, the ratio of true positives to total positive predictions, and specificity, the ratio

of true negatives to total negative predictions, were also calculated and presented.

4.4 Results

4.4.1 Surgical SpecimerResults

The accuracy of pathologist assistants in the surgical pathology department was
calculated on their ability to identify the desired tissue specimen type (T, TN, or N) for
research purposes. To obtain this performance, the label (prediction) given by the
pahologist assistant (T, TN, or N) was compared to the ground label from histology.

This value is reported only to give an estimate of the difficulty of the task of positive margin
and primary tumor specimen identification. It is important to note ttikese specimens
were for research purposes only and do not attempt to reflect the accuracy of the clinical
service in determining SCC during intraoperative guidance. The accuracy for identifying
tissue specimens correctly was normal specimens with 92%ramy, tumomormal
margin tissues with 95%, and primary turooly specimens with 60% accuradyigure

4-3a shows the breakdown by tissue specimen type. The most comg@ason for the

misidentified tissue specimens was normal tissue in the primary tumor specimen. To
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calculate the accuracy, sensitivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV) of the specimen identification igisak pathology, the

TN tissues and predictions were separated into T and N components for calculation of
true/false positives/negatives. For example, a true TN predicted as all T would count as
both a truepositive and a falspositive; alternatively, artie T predicted as TN, would
count as both a trygositive and a falsaegative. The specificity and PPV were both 82%,

the lowest metrics obtained, as the most common misidentification was-oangins as
tumoronly, and overall an accuracy of 88% wasedained for tissue type identification.
Figure4-3b details the complete performance metrics calculated and the number of each

tissue components.

Surgical Path Prediction Surgical Path Prediction
T TN N Total T N Total
S =
] Cang -
& T 59 2 0 61 & T 192 | 10 | 202 | Sm
= s 95%
=] =
2 ! 3 < 3¢ 2 Spec.:
g N ! i 8 139 g N a2 | 193 | 235 | S
G} & 82%
= N 2 3 88 93 Fed
_.f = Total 234 203 437
= Total 98 99 96 293 =
s w PPV: | NPV: Ace.:
(a) Accuracy | 60% 95% 92% 82% ([)) 82% 95% 88%

Figure 4-3. Accuracy of exvivo tissue samples acquired. (a) The types of tissue samples
acquired were all normal (N), primary tumor (T) specimen, or specimen at the-tumor
normal (TN) margin. Accuracies shown are fioe desired tissue type in the column. (b)
The performance metrics when TN tissues and predictions were separated into T and N
components for calculation of accuracy, sensitivity, specificity, PPV, and NPV. For
example, a true TN predicted as all T woulnunt as both a trugositive and a false
positive; alternatively, a true T predicted as TN, would count as both-pdriteve and a
falsenegative. Therefore, the 139 true TNs and 5 false predicted TNs are double counted,
so the specimen total is now@Zinstead of 293 specimens.
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4.4.2 Intra-patientResultsof Tumorinvolved Cancer Margins

The results of reflectandsased HSI intrgoatient N = 47) accuracy ranged from
80 to 90% for conventional SCC and 82 to 97% for HPV+ SCC. The results of reflectance
baed HSI intrapatient AUC were 0.75 to 0.82 for conventional SCC and 0.77 to 0.91 for
HPV+ SCC.Table4-2 shows the complete results for HSI and the fluorescence imaging
modalities. The accuracy for both SCC cohorts peaked at 3 mm from the cancer margin,
but the number of patients decreased with increasing distance from the cancer margin
because not all distances up to 3 mm could be estimated from all tissue specimies. For
conventional SCC cohorlN(= 41), HSI outperformed autofluorescence, proflavin, and 2
NBDG at nearly all distances from the canmo®rgin and significantly outperformed
proflavin and autofluorescence® 0. 05) c | dguwed-dalbe Therasulg fon  (
the HPV+ SCC cohort\ = 6) are not as conclusive as the conventional cohort because the
limited number of tissue samples causes a discontinuous trendawtdgfluorescence
imaging being among the top performing modalities in terms of accuracy andmAgLC
4-4c,d), and the AUC obtained for autofluorescence imaging titmteaf HPV+ SCC was
0.99 at 3 mm, which was greater than other modalipes @.05). In terms of accuracy,
autofluorescence imaging significantly outperforms proflavin at 2.5 mm from the cancer
margin 0 < 0.05). Therefore, the labfkee methods, HSI ahautofluorescence, perform

best for intrapatient testing at the cancer margin.
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Table 4-2. Accuracy (Acc.) and area under the curve (AUC) resultsaflomodalities
performed using intrpatient experiment®r conventional SCC andPV+ pl6-positive
cohorts. Bolded values represent the greatest value in the column for each patient cohort.

. . Imm 2mm 3mm
Imaging Modality SCC Cohort AUC  Ace. AUC Acce. AUC Acc
HSI SCC, Conventional 0.77 85% 0.80 88% 0.78 90%
SCC, HPV+ 0.79 88% 0.69 88% 091 97%
Autofluorescence SCC, Conventional 0.67 85% 0.72 85% 0.73 87%
SCC, HPV+ 0.81 89% 0.84 95% 0.99 98%
Proflavin SCC, Conventional 0.73 82% 0.76 85% 0.73 89%
SCC, HPV+ 0.85 88% 0.82 94% 093 97%
2-NBDG SCC,Conventional 0.76 84% 0.79 87% 0.80 89%
SCC, HPV+ 0.74 90% 0.69 95% 0.70 97%
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Figure 4-4. Results from intrgpatient training and testing with LDA using HSI,
autofluorescence, proflavin, aneNBDG. Results forConventional SCC are shown in (a)

AUC and (b) accuracyResults for HPV+ SCC are shown in (c) AUC and (d) accuracy.
Statistically significant resultbetween imaging modalitiesre indicated by a colored
asterisk.Sample size (N) is reported alm plots to indicate that not all distances in mm

can be estimated from each tissue specimen, so sample size decreases as the distance
estimated increases, which causes noticeable jumps in the plots.
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4.4.3 Inter-patientResultof Tumor vs Normal

For the convetional SCC cohortN = 88), the results of the int@atient
experiments using only oredass specimens of the turmamly (T) or normalonly (N)
yielded similar median and average AUC scores for HSI and autofluorescence of 0.92 and
0.93 (median) and 0.&hd 0.86 (average). Both of HSI and autoluorescence outperformed
the fluorescent dybased techniques;BDG and proflavin, which had 0.88 and 0.87
(median) and both with 0.85 average AUC scores (all differences not significarg with
0.05).Figure4-5c¢,d shows the median and average AUCs for all imaging modalities for
the conventional SCC cohorts. For the HPV+ SCC cohort (14), autofluorescence
imaging yielded a mdian AUC of 0.86 and average AUC of 0.74, which was significantly
more accurate than proflavin or RGB imaging (bpth 0.05). For tonsillar HPV+ SCC
tissuesl = 3), the average SCC detection was 0.89 AUC s¢ogeie4-6b,d). The grad
CAM algorithm [218 was used to show that the salient spectral features necessary for
distinguishing SCC fromarmal across all anatomical sites encompassed both the visible
and NIR spectrumHjgure 4-1b and Figure 4-7). In particular, it can be observed that
normal tissues have more absorption and salient spectral features in the NIR range,
indicating that normal tissues have greater fat, collagen, and water content than cancer
[116. The most important spectral feature for correctly predicting SCC with HSI was the
oxygenated hemoglobin peak at 560 and 565 nm, which is correlated with increased
metabolic activity. Additionally, the spectral signatures and spectral feature salienrcy map

are shown separated by anatomical locatidfiguire4-7.
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Figure 4-5. Median and average AUC results framter-patient classification (a value of

0.5 corresponds to random guess). AUC values for the conventional SCC cohort: (a)
Median AUC values for TN margin tissue specimens; (b) average AUC shown with SEM
for TN margin specimens with statistical significanshown as (*) for p<0.05 and (**)

for p<0.01; (c) median AUC values for T and N whole tissue specimens; (d) average AUC
shown with SEM for T and N whole specimens; (e) Average AUC at 2mm from the SCC
margin using HSI across different anatomical sitéd))(fepresentative patient examples

of conventional SCC at the maxillary gingiva, nasal cavity, and larynx, respectively. From
left to right: RGB made from HSI, histology ground truth, and predicted cancemiagat

The white and green contours outline 8@C area.
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Figure 4-6. Median and average AUC results from irpattient classification (a value of

0.5 corresponds to random guess). AUC values for the HPV+ SCC cohort: (a) median AUC
values TN margin spémens; (b) median AUC values T and N whole specimens; (c)
average AUC of TN margin specimens with SEM; (d) average AUC of T and N whole
specimens shown with SEM and statistical significance; , shown as (*) for p<0.05 and (**)
for p<0.01; (e) Average AUGH HPV+ SCC in tonsillar tissues; (f) Representative patient
example of HPV+ SCC in tonsillar tissue from the oropharynx. From left to right: RGB
made from HSI, histology ground truth, and predicted cancerrhapt The white and
green contours outline tI®RCC area.

4.4.4 Inter-patientResultsof Tumorinvolved Cancer Margins

The results of the intgratient experiments with HSI in the conventional SCC

cohort (N = 88) revealed that testing on specimens of the ttontyr (T) or normalonly
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(N) yielded median andverage AUCs greater than testing at the tumor margin (TN) at
distances up to 2 mm from the margin, 0.92 and 0.87 compared to 0.85 and 0.77,
respectively Figure4-5ai d). As can been seen Kigure4-5b, for all distances HSI and
autofluorescence outperformNBDG, proflavin, and RGB imaging in average AUC
score. Both HSI and autoflugscence significantly outperformed proflavin dye imaging at
distances 1 mm (both< 0.05) and 2 mm (both< 0.01) from the cancer margin. HSI and
autofluorescence significantly outperform RGB imaging in AUC at the actual cancer
margin and 1 mm from thmargin (allp < 0.05).Table 4-3 shows the full results from

conventional SCC with HSI at distances from the cancer margin.

Table 4-3. Performance results from the best lafseé HS| methods from the intpatient
experiments for each patient cohort by distance from margin (shown with + SEM). In the
conventional SCC cohort, reflectaricased HSI is presesd. Additionally, the HSI results

are separated by anatomical location. For the HPV+ SCC cohort, autofluorescence is
presented, which all came from the pharynx.

Median  Average

Cohort / Method AUC AUC

Accuracy Sensitivity Specificity

Conventional SCC
Reflectancéased HSI

TN Actual 0.75 0.68+0.02 60+2% 60+*4% 54 + 3%
TN1Imm 081 0.73+0.02 66+2% 60+4% 61 +4%
TN2mm 085 0.77+0.03 64+3% 65+4% 59 + 5%

Conventional SCC
Reflectancéased HSI

Oral Cavity, TN2mm 0.81 0.79+0.04 63+ 5% 71+ 8% 49+ 8%

Tongue, TN 2mm 0.78 0.64+0.07 61+ 7% 57+ 9% 53+ 9%

Nasal Cavity, TN 2mnr 0.98 0.93+0.06 79+11% 6917 73+ 24%

Max. Sinus, TN2mnr  0.95 0.78+0.18 58+1% 93+ 5% 52+ 18%

Larynx, TN2mm 0.86 0.85+0.05 79+5% 69+ 11% 71+ 9%

Hypopharynx, TN 2mnmr 084 0.78+0.13 42+9% 20+14% 99+ 1%

Oropharynx, TN2mmr 0.95 0.95+0.001 95+4% 49+49% 78 +22%

HPV+ SCC
Autofluorescence

TN Actual 0.63 055+0.05 60+4% 45+6% 65 + 6%
TN1Imm 0.63 0.56+0.07 65+5% 49+ 8% 62 + 8%
TN2mm 0.77 0.68+0.09 63+7% 64+8% 60 + 9%
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The conventional SCC cohort was separated into the anatomical sites described in
Table4-1, and the highest average AUCs at 2mm from the cancer margin were observed
in the nasal cavity (0.93), larynx (0.85), and oropharynx (0.95), while specimens from the
tongue performed the lowe@tigure4-5e). Representative tissue specimens from the oral

cavity, nasal cavity, and larynx are classified with HSI and showigire4-5fi h.

(a) Normal Tissues (b) Primary Conventional SCC Tissues
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Figure 4-7. Spectral feature saliency from CNN gradients of correctly classified HSI (per
gradCAM) for conventional SCC and normal up@earodigestive tract tissues separated

by anatomical location. (a): Spectral signatures with spectral feature importance for normal
tissues from the maxillary sinus, nasal cavity, oral cavity, tongue, larynx, and pharynx.
Color of symbol represents the @ importance of the spectral feature for assigning the
correct label of the class ({0blue, low saliency; I red, high saliency). (b): Spectral
signatures with spectral feature importance for primary conventional SCC tissues from the
maxillary sinuspasal cavity, oral cavity, tongue, larynx, and pharynx.

For the HPV+ SCC cohorfN(= 14) interpatient experiments, autofluorescence
imaging yielded the best results compared to the other imaging modalities at 2 mm from
the cancer margin with 0.68 averag&lC and 0.77 median AUCF{gure 4-6a,c; not
significant,p > 0.05). For tonsillar HPV+ SCC tissu@¢£ 3), the average SCC detection
with autofluorescence imaging atn2m from the cancer margin was 0.91 AUEgure
4-6e). A representative tissue specimen from HPV+ SCC is classified with
autofluorescence imaging kigure4-6f. Table4-3 shows the full results from HPV+ SCC

with autofluorescence imaging at distances from the cancer margin.
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4.5 Discussion

The results of this large study of 293 tissue specimens from 102 patients with SCC
show that labefree, reflectancébased hyperspectral imaging and autofluorescence
imaging both outperform the fluorescent eyaesed imaging methodsg., proflavin and 2
NBDG, and this technology could aid in the detection of SCC. The fluorescent dyes
employed are not specific enough to target SCC with a high digimalise ratio irex-vivo
tissue specimens because of the large -pd¢ient variability. Proflavin allows
visualization of nuclear structures, but is washed out by excessive keratin. The regional
metabolic uptake of-RIBDG to localize cancerous areas was not evident or demonstrated
by the results of this exivo study. Labelfree HSI techniques may yield potehtut the
best machine learning protocols for training HSI classifier is undetermined. It may be task
specific, but the results of this study show that with a large SCC HSI database, deep
learning algorithms can be trained with high fidelity to work asra large number of

anatomical sites in the upper aerodigestive tract.

IPC analysis with frozen sections remains the current standard for intraoperative
guidance, but it is time and labor intensive. Across all 102 patients with SCC recruited for
this sudy, an average number of 2.1 IPCs were performed per surgery, each taking about
41 minutes in total. On average, each surgery typically investigated 3.4 tissues, each of
which take about 25 minutes to report final diagnosis. The average imaging timglfor H
was about 1 minute with up to 35 seconds for HSI classification using the CNN, which is

significantly less than IPC.
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Detection of SCC for surgical purposes is a challenging task, whether performed
by a surgeon, pathologist, or compuégied optical maging modality. In the literature,
the accuracy of detecting positive or close margins in frozen sections ranges from 71 to
92% with sensitivity from 34 to 779203-207]. As sampling and tissue preparation is the
main source of error, careful sectioning of small biopsies and vigilant communication is
recommended to reduce errors during IHT86. Nonetheless, significant need for
guidance remains, with up to 20% to 30% of cases reported with close or positive margin
results after SCC resectiof3-207]. To this end, to put the SCC detection ability of HSI
based methods into context, we present the pathologgsitant accuracy of 88% for
research purposesily tissue identification. Since current practice is imperfect, the
potential benefit of HSI for SCC detection should be evaluated on two criteria: firstly, to
establish no potential harm; and secondly, sess HSbased intraoperative information
that has clinical utility in achieving negative margins, especially considering the time

advantage.

The results presented in this study using 293 specimens from 102 patients can be
compared to previous pilot stedi from our group. Lu et al. 2017 reported results from a
small N = 24) proofof-concept study using manual ROIs that showed that training and
testing on the same patient with HSI yielded an ipaaient accuracy of 894% and intra
patient AUC of aboud.96[33]. Our objective and systematic approach yielded equivalent
results using nearly double the infratient cohort| = 47) for distances 1 mm beyond the
cancer margin, 8%0% accuracy for conventional SCC and 8B8% accuracy for HPV+
SCC, across all anatomical tissue sites. Moreover, the AUCs obtained from 0.82 to 0.91

for conventional and HPV+ SCC cohorts at 2.25 mmmftbe cancer margin, importantly,
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are not limited by the selection of manual ROIs and include specular glare pixels.
Therefore, slightly lower results are to be expected, but provide a more realistic
performance estimate for H8hsed methods in the opengt room. The experimental
results of this study were a median AUC of 0.92 for HSI and 0.93 for autofluorescence for
all conventional SCC T vs N tissues using the most patient data in an HSI study to date.
The previous proebf-concept work by Lu et al. pprted an accuracy of 85% for T versus

N tissues only, an accuracy of 76% for manual ROIs near the easacgin, and an overall
average AUC of 0.88 for all tissues (T, TN, and N) for SCC at comparable tissues and
anatomical sites. In comparison, in thigdy, for larynx, nasal cavity, and oropharyngeal

SCC, we achieved AUC scores of 0.85, 0.93 and 0.95 with accuracies above 79%.

The optical imaging modalities in this study were all acquired using HSI
technology, including proflavin,-RIBDG, and autofluagscence, and all were saved as
hypercubes for CNN training. Moreover, even RGB images were generated from HSI, and
recent work has suggested that CNNs can recover the full HSI spectrum from RGB
composites constructed from H2ILY. Therefore, it is possible that the results from these
modalities benefitted from being HS datwhich is one possible explanation for not
observing more statistically significant differences. The results of this study are promising
at tissue sites that perform with high AUCs in both SCC cohorts. However, the results
suggest that HPV+ SCC requima®re data to perform well with deep learning. Therefore,
the results of this study support the hypothesis that-fabelHSI methods significantly

outperform the dydased methods and could provide value for clinical SCC detection.
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4.6 Conclusion

In summary this chapter investigated HSI for SCC detection using2aB
specimens from 102 patientsth SCC in the dataset acquired for this thesis, and it was
demonstratethat HSI may offer utility for intraopeti@e SCC detection. This study was
published ashte first comprehensiveeport on a large SCC dataset that could be used to
train a deep learning model that can predict SCC across multiple anatomical locations with
high fidelity. There is a critical need to provide rapid information in the operatingfiamom
guidance during SCC resection, with errors reported upit8@ of missed positive and
close margins in current practice. Our results show that AUCs upwards of 0.80 to 0.90 may
be obtained for SCC detection with H&ised methods in less than 2 masufor SCC
detection, whicltcould save significant time as compared to intraoperative frozen section

analysis.



CHAPTER 5. THYROID & SALIVARY TUMOR DETECTION IN

82PATIENTS WITH HSI

This chapter details the work of using HSI foyroid and salivary gland tumor
detection on alkuchtissues collected in our dataséhe performance of hyperspectral
imaging (HSI) for tumor detection is investigated inv@0 specimens from the thyroid
(N=200) and salivary glands (N=16) from 82 patients. Tissues were imageti Slitin
broadband reflectance and autofluorescence modes. For comparison, the tissues were
imaged with two fluorescent dyes. Additionally, HSI was used to synthesizebidunele
RGB multiplex images to represent the hurege response and Gaussian RGBs, whic
are referred to as HSlnthesized RGB images. Using histological ground truths, deep
learning algorithms were developed for tumor detection. For the classification of thyroid
tumors, HSIsynthesized RGB images achieved the best performance with an I s
of 0.90. In salivary glands, HSI had the best performance with 0.92 AUC score. This study
demonstrates that HSI could aid surgeons and pathologists in detecting tumors of the

thyroid and salivary glands.

5.1 Introduction

Thyroid cancer incidence hassificantly increased worldwide from 1970 to 2012,
despite the fact that mortality from thyroid cancer has decrd@2}l Surgery is the
standard treatment for thyroid cancers, and thieds survival rate for localized or regional
thyroid cancersgxcluding anaplastic variant) is above 90221]. The most common

malignant tumor of the §moid is papillary thyroid carcinoma (PTC), comprising 70% of
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thyroid cancers, and there are several variants of PTC, including conventional, follicular,
tall-cell, and oncocyti¢222. The initial diagnosis of thyroid tumors is with fineedle
aspiration (FNA) biopsy and histological evaluation of the specif@@d]. Follicular
tumors are another cytological type of thyroid neoplasms, which include follicular
adenoma, a benign tumor, and follicular thyroid carcinoma (FTC), the malignant form. The
requisite diagnostic criterion for fatiular carcinoma versus adenoma is definitive
invasiveness; no cytological features can provide the diagnosis of FTC, so FNA is therefore
useless is making the distinctifz23. Medullary thyroid carcinoma (MT) is a rare form

of thyroid cancer, comprising only 4% of thyroid cancers, that occurs sporadically in most

cases, but can be associated with a familial germline mu{&2zh

During thyroid tumor resections, intraoperative frozen section (FS) analysis and
pathologist consultation can be useful for determining extent of the disease and, according
to recent American guidelines, may occasionally confirm malignancy and escalate
treatment from partial to total thyroidectori®25. For example, in thyroid tumors, 15
30% of preoperative FNA biopsies may be indetermifi22¢]. It remains controversial in
thyroid tumor surgeries whether the practice of intraoperative FS can provide relevant
diagnostic information, as it can be prone to misdiagri@2§. In 4% cases with benign
intraoperative FS reports, clinically significant malignancy was found, compared to 6.8%
in cases where no FS was perfornjgd7]. This translates to a s&tivity of 22% for
identifying malignancy in patients with benign FNI227]. In the literature, it is suggested

that the practice of intraoperative FS may lead to over or under treatment of thyroid tumors

[226).



Salivary tumors involve the salivary glands, which are a system of exocrine glands
in the mouth that produce saliva to initiate digestiore Tajor salivary glands are the
parotid, the submandibular, and the sublingual salivary glg#8. The classification of
benign and malignant salivary tumors is complex, with over 20 distinct entities according
to the most recent standard proposed by the World Health Organi2&®&230. Overall,
more than 80% of primary tumors of the salivary glands arise in the parotid gland, which
is the largest salivary glan@28 230. Pleomorphic adenoma is the most common benign
tumor of the salivary @nds (60%) and typically occurs in the parotid glafziz].
Mucoepidermoid carcinoma is the most common malignant neoplasm of the parotid gland
[228. Adenoid cystic carcinoma is a malignant tumor that can occur with equal likelihood
in the submandibular and parotid glafgdg8. Polymorphous lowgrade adenocarcinoma
(PLGA) is a rare malignant tumor, commonly foundnmor salivary glands of the hard
or soft palat¢231]]. In surgical resection of salivary tumors, the sensitivity of iqeaative
FS for detecting malignant parotid gland tumors with benign FNA was only 33%,
suggesting difficulty in diagnosing low grade tum@287. Moreover, FS for salivary
tumors carries the risk of tumor seeding and may not provide definitive dia¢p83js
Nonetheless, the combination of preoperative FNA and intraoperative FS leads to high

diagnostic accuracgverall for salivary tumorf234].

With the goal of imagguided surgery, hyperspectral imaging (HSBnsemerging
technology in biomedicine that has been used for cancer detection studies\ietand
in-vivo[14, 211, 212. HSI has been explored for brain cancer deteatiaivo [ 166, 168 .
Additionally, HSI has been proposed for laparoscopic cancer detection in colorectal

surgeries with demonstrated potentidR, 129. The ability of HSI to identify ideal
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transection margins for colorectal tissues has been demonstrated after devascularization by
blocking vascular anastomosg39. Our group reported HSI studies of head and neck

cancer usingxVvivo human surgical specimefi33, 113 179, 234.

In order to leave the parathyroid glands intact during surgery, Barberio et al
demonstrated that HSI may be beneficial in detecting parathyroid glands from thyroid
tissue during thyroidectomf237]. For surgeries of salivary tumors, one challenge is
leaving the facial nerve intact, which runs through the parotid gland and can cause facial
paresis if injured. Wisotzky et al. showed that HSI can identify the facial nerve in the
parotid gland238. The submandibular and sublingual salivary glands are surrounded by
an anatomical variety of normal tissues in the oral cavity. Previous work from our group
has demonstrated that HSI can distinguish amongst normal tisshesoral cavity, such

as stratified squamous epithelium, normal salivary gland, and skeletal rfiuégle

In this large study of 82 patients, we perform tumor detection in 200 thyroid tissue
specimens from 76 patients in irqgtient testing experiments, and salivary gland tumor
detection was invéigiated using 16 salivary gland tissue specimens from 6 patients. This
is the most comprehensive study to date of tumor detection in thyroid and salivary glands
to thoroughly assess the feasibility of lalrele, noncontact, and nefonizing HSkbased
imaging modalities for computer aided tumor detection. The outcomes of this work will
help guide future HSI and autofluorescence studies and determine the specific benefits that

HSI may offer for tumor detection in thyroid and salivary gland tissues.
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5.2 Methods

In this study, ewivo tissue specimens from the thyroid and salivary glands were
imaged with optical imaging modalities; histological sections were prepared from the
specimens for ground truths; patients were categorized and used to train, vatidaést

deep learning algorithms; and performance was calculated to compare the methods.

5.2.1 Ex-vivo Surgical Specimen Dataset

For this study, 216 surgical specimens were acquired from 82 patients undergoing
routine resection of thyroid tumors or salivary gland tumors at the Emory University
Hospital Midtown, who were recruited by giving written, informed consent to an
institutional research coordinatdFrable5-1 shows the categorization of patients and tissue
specimens. All patient data wereidentified by the research coordior. The Institutional
Review Board (IRB) of Emory University approved all research protocols and imaging
methods. Three types of fresh;@xo surgical specimens were obtained from the surgical
pathology department during clinical service. We aimedctjuiae a sample of normal
tissue (N), tissue from the primary tumor (T), and a specimen of the-ioraved margin
that contains both tumor and normal tissue (TN), all of which were confirmed by
histopathological analysis. The size of the tissue spesim@&s approximately 10x6x2
mm on average. Additionally, the final clinical pathology report was made available after

de-identification.
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Table 5-1. Number of patients and tissue specimens for this study. Bagiendivided by
cohort and sugroup. The tissue specimens are categorized into tumor (T), -tuonmal
margin (TN), and normal (N).

Number of Tissue Specimens
T TN N

Group Patients

Thyroid Tumor Cohort
Papillary Thyroid Carcinoma (PTC) 54 41 38 59
Medullary Thyroid Carcinoma (MTC)

. 6 4 6 8

& Insular Carcinoma
Follicular Adenoma & Carcinoma 13 14 10 12
Poorly Differentiated Carcinoma 3 4 2 2

Salivary Tumor Cohort
Parotid Gland Tumor 3 2 3 3
Other Salivary Gland Tumor 3 4 2 2
Total 82 69 61 86

The tissue samples collected for this study were categorized by an experienced
pathologist into six groups according to tumor subtype, divided into two broad cohorts:
thyroid tumors and salivary gland tumors. The thyroid tumor cohort was comprised of 200
tissue specimens from 76 patients. The malignant tumors included in this cohort were PTC
(N=54), MTC (N=5), insular carcinoma (N=1), follicular carcinoma (N=8), and poorly
differentiated thyroid carcinoma (N=3). The benign tumors of the thyroid were falicu
adenoma (N=5). The only thyroid cohort tissues excluded from this study were six patients

with benign thyroid hyperplasia/goiter.

The cohort of salivary gland tumors was comprised of 16 tissue specimens from 6
patients. Two patients had benign pleopioc adenoma (N=2) of the parotid gland. Four
patients had malignant tumors of the salivary glands: mucoepidermoid carcinoma (N=1),

salivary duct carcinoma of the parotid gland (N=1), PLGA of the hard palate (N=1), and
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adenoid cystic carcinoma (N=1). Thatient demographics and relevant cancer properties

are shown imable5-2.

Table 5-2. Patient demographics and cancerpenties for the patients recruited for this
study. Intraoperative pathologist consultations (IPCs) using intraoperative frozen section
(FS) analysis are also reported.

Property Number Percentage

Demographics

Average Age (years) 49.7 -

Male 28 34%

Female 54 66%

Tobacco History 26 32%
Ethnicity

White a7 57%

Black 19 24%

Asian 6 7%

Other / Unknown 10 12%

Primary Location / Tumor Type
Thyroid Gland

Papillary Carcinoma 54 66%
Follicular Carcinoma 8 10%
Follicular Adenoma 5 6%
Medullary Carcinoma 5 6%
Poorly Differentiated Carcinoma 3 4%
Insular Carcinoma 1 1%
Salivary Gland
Pleomorphic Adenoma 2 2%
Adenoid Cystic Carcinoma 1 1%
Mucoepidermoid Carcinoma 1 1%
Adenocarcinoma (PLGA) 1 1%
Salivary Duct Carcinoma 1 1%
Cancer Stage
pT1 19 23%
pT2 19 23%
pT3 26 32%
pT4 9 11%
Avg. T Size (cm) 3 -
N+ Status 33 40%
IPC (Averages)
Surgeries with IPC 19 23%
IPC/Surgery 1.6 -
Tissues/Surgery 1.1 -
Time/IPC (min) 19.1 -
Time/Tissue (min) 17.3 -
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5.2.2 Optical Imaging Modalities

To assess the ability of HSI for tumor detection, several other optical imaging
modalities were acquired for comparison, including both l&eel and fluorescent dye
based methods. It was hypothesized that HSI would outpeffioonescence methods due
to lack of sufficient target specificity irlRBDG and proflavin. In the following sections,
the image acquisition systems are described for hyperspectral reflectance imaging, HSI
synthesized RGB multiplex imaging, autofluoresceintaging, and two fluorescent dye

based imaging techniquesNBDG and proflavin.

5.2.2.1 Hyperspectral Imaging

A CRi Maestro HS system (Perkin Elmer Inc., Waltham, Massachusetts) was used
to acquire HSI of thexvivo specimens. The HS system performs spectairsing from
450 to 900 nm using a Xenon light source and liquid crystal tunable filter (LCTF) with 5
nm spectral resolutiof83, 239. The image size of the HSI was 1040x1392x91 pixels
(heightxwidthxspectral bands), and tb@responding specimdavel spatial resolution

was 25 um per pixel. Acquisition time for an HSI was approximately one minute.

The raw HS datal&w) were normalized barby-band € by subtracting the
inherent dark current of the sensor and dividingabyhite reference disk for all pixels

(x,y), according to the following equation.

. 0 duh O ohuh

L 9 = 0 R
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The average spectral signatures aftdrite-dark calibration are shown for all groups

included in this paper by cohort igure5-1.
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Figure 5-1. Averagehyperspectral signatures for the tissues in the thyroid cohort (a) and
the salivary cohort (b).

5.2.2.2 HSI-Synthesized RGB Images

A multiplex image is a synthetic composite image generated from a hyperspectral

image. For this work, several thrband (RGB) multiplex images were synthesized from

the normalized reflectance HSI hypercubes. The first synthetic RGB was generated from
the HSI by applying a Gaussian kernel in each color region, which is referred to as HSI
synthesized Gaussian RGB composite. The second RGB image was constructed from
human color perception curves originally proposed by Judd et al. 1951 and expanded by
Vos 1978240. For some tissues, a standard RGB image was also captured for comparison
by an RGB camera&igure5-2 shows a representative surgical tissue specimen of thyroid
cancer from an RGIBaptured camera, HSlynthesized Gaussian RGB multiplex, and

HSI-synthesized RGB with human eye perception.
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In this paper, we usklSI to simulate threband images using RGB multiplex
imaging. However, the sensors of RGB cameras typically employ the BayefZ4uter
242 for adaptingRGB color spectrums similar to humage. While the spectrum of blue
and green are typically consistent, different RGB camera sensor types have differing
sensitivity to the red channel components between 400 and 5041n242. Therefore,
for a subset of thyroid tumor specimens, the component of red channel response between
400 and 500 nm was manipulated to simulate ifwlosld have an effect on performance

from the HSisynthesized human eye RGB multiplex images.

HSI-synthesized ~ HSI-synthesized
Human-eye RGB

A RGBCamera Gaussian-RGB B -

0 400 450 600 650 700
1T T v v
—R
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208
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£04
& /
©o2
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Figure 5-2. A representative specimen of thyroid cancer. (a) Left to right: RGB image from
standard RGB camera;3#tsynthesized RGB humagye multiplex image made from
reflectance HSI using Vos et al. 1978 method;-B\githesized Gaussian RGB multiplex
image made from reflectance HSI. (b) Spectral signatures of hageaoolor perception

of red (R), green (G), andu® (B) colors proposed by Vos et al. 1978. (c) Gaussian kernels
used for generating Gaussian RGB multiplex images.
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Wavelength (nm)
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5.2.2.3 Autofluorescence imaging

Autofluorescence imaging uses the emission from intrinsic fluorophores in
biological tissue that are stimulated ftooresce by external excitation light at specific

wavelengths. The autofluorescence images were captured using a 455 nm excitation source



and a 490 nm longass filter using the CRi Maestro imaging system. The-jmass filter

removes any of the externaht from the source that would be reflected into the image

and allows capturing imagesofemissmm | v photons, according toc
autofluorescence images were acquired from 500 to 720 nm in 10 nm increments to

produce a hypercube with 3Bectral bands and final size of 1040x1392x23 pixels.

5.2.2.4 2-NBDG Imaging

A fluorescently tagged glucose molecule, -débxy2-[(7-nitro-2,1,3
benzoxadiaze#i-yl)amino}D-glucose (2NBDG), is a dye that targets cancer regions by
producing a stronger signal measd from regions with higher metabolic glucose uptake.
After the hyperspectral and autofluorescence imaging methods described above, the tissues
were incubated for 20 minutes in a 160 uMNBDG solution (Cayman Chemical, Ann
Arbor, MI, USA) at 37 degreeSelsius, quickly rinsed in 1x phosphate buffered solution
(PBS) to remove excess dye, and fluorescence imaging was performed using the CRI
Maestro. The images were acquired with the same excitation light source at 455 nm and a
long-pass filter at 490 nmdm 500 to 720 nm in 10 nm increments, producing a hypercube

that has 23 spectral bands.

5.2.2.5 Proflavin Imaging

The second dye used for fluorescence imaging was proflavin dye, which is
unaffected by previous-RBDG dye because it has a significantly strongeicapsignal
comparatively. Proflavin fluorescent dye binds to DNA and thus allows visualization of
nuclear morphology, which can improve the ability of machine learning based cancer

detection method®13. Keratin is also a target of proflavin dye, but this should not affect
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the glandular tissues involved in this sty@e3 214]. For proflavin imaging, the tissue
samples were incubated for 2 minutes in a 0.01% proflavin solution (Sigma Aldrich, St.
Louis, MO, USA) at room temperature, and the tissues were rinsed in PBS before imaging
with the CRi Maestro. fie images were acquired with an excitation light source at 455 nm
and a longpass filter at 490 nm from 500 to 720 nm in 10 nm increments, producing a

hypercube that contains 23 spectral bands.

5.2.3 Histological Ground Truth

The ground truths for the opticahaging modalities were achieved using digitized
histology imaging. After acquiring all images, the tissue specimens were inked at the top,
bottom, left and right edges, and back surface of the tissue to identify tissue orientation in
histological sectionsTissues were then fixed in formalin, paraffin embedded, and
sectioned with a microtome, and 5 em sl ice:¢
imaged. The first high quality slice was kept to serve as the histology ground truth,
processed with hertaxylin and eosin staining, and digitized using whslide scanning
at 40x objectiveg243. A boardcertified pathologist with expertise in head and neck

pathology annotated the tumor and normal areas on the digital histology images.

A binary mask was made of the contouredtdldistology images, which served
as the ground truth for the optical imaging modalities. Due to tissue deformations during
histological processing and slide preparation, the histology ground truth masks needed to
be registered to the grekasvel opticalimages. The digital histology slide was registered in
a semiautomated method according to a previously established pipeline of affine, land

mark, and deformable registration to the gres®l HSI[184, 216. The transformation



was applied to the binary histology mask, and thus a groundrrasik was generated

matching the groskevel optical images of the tissue specimens.

5.2.4 Experimental Design

The deep learning experimental designs involved training, validation, and testing.
However, for the two cohorts, thyroid tumors (N=76 patients)saligdary tumors (N=6
patients), there were different designs of the data partitioning, which was required because
of the significant differences in sample size. Therefore, the thyroid cohort is used to
produce fullyindependent intepatient results. Howey, the salivary cohort is used to

produce intrgpatient training and testing, as described below in detail.

5.2.4.1 Thyroid Tumors

Tumor detection of the thyroid gland was performed in fuljependent patients,
divided across 5 folds. Each fold served as th-independent testing group, while
training and validation was performed on the patients in the remaining 4 folds, as depicted
in Figure5-3. This design was select¢o allow testevel performance metrics for all 76

thyroid patients.

Fold 1
Fold 2 Trag‘ing

Training
Fold 3 Validation | &
Fold 4 Validation
Fold 5

Figure 5-3. Schematic depicting the experimental design of fulbependent training,
validation, and testing paradigms for the 7@gdtthyroid tumor cohort.
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5.2.4.2 Salivary Gland Tumors

Tumor detection in the limited sample size of salivary gland tumors was performed
usingintrapati ent experi ments. Training and val
primary tumor (T) and normal (N)ssues, and testing was performed on the tumomal
(TN) margin tissueFigure 5-4 shows a schematic diagram of the training and testing
paradigm. The salivary glanadleort was separated into tumors of the parotid gland (N=3

patients) and other salivary glands (N=3), as shovirabie5-1.

Intra-Patient Training Tissues Intra-Patient Test Tissue Tumor-Normal Margin

Figure 5-4. Flow diagram of intrgatient experiments of the salivary gland, with
representative tumor of the parotid gland. kgegient T and N tissues were used for MLP
(multilayer perceptron) training, and TN tissue specimens wseel for testing. The
histological ground truth is shown with tumor contour in green. The predicted tumer heat
map overlay onto the RGB image is shown with tumor predictions (red) and normal
predictions (green). Areas of specular glare in the-imegtt arenot classified, and the
groundtruth tumor contour is in blue.

5.2.5 Convolutional Neural Network

For thyroid tumor detection using 200 tissue specimens from 76 patients, a
convolutional neural network (CNN) was developed for the effective classification of
thyroid tissue into tumor and normal using a p&telsed approach. The inceptiof CNN
architecturg217] was selected because it is one of the top performing CNNs on standard
tasks like ImagéNet, yet has a manageable number of hyperparameters. HSI data has

several unique challenges due to data size. Therefore, the CNN required modification for
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HS datgpre-processed into imageaatches of size 25x28xpixels, whereC represents the

number of spectral bands. The first convolutional layers were modified for the smaller
patchsize necessitated by HS data, and the operating resolution in the modular mceptio
blocks was reduced to allow more efficient training and classification using the CNN.
Additionally, squeezandexcitation modules were added to increase the performance of

the CNN[244]. The implemented CNN architecture schematic is detail&tgure5-5.

(4x) Block A (7x) Block B (3x) Block C

25%25%384 12%12%1024 o=5=x1536

[ convolution [ Average Paol [ Softmax

Squeeze Excitation
[ Max Pool @ Concatenate [ Logits O s

Figure 5-5. Schematic diagram of the modified inception v4 CNN architecture. The CNN
was customized to operate on the 25x25x91 psidh selected. The receptive field size
and number of convolutional filters is shown at bottomeath inception block. The
convolutional kernel size used for convolutions is shown in italics inside each convolution
box. Squeezandexcitation modules were added to the CNN to increase performance.

Image patches (25x28% were generated using a sligiwindow approach with a
stride of 13 pixels, and the data yp®cessing of HSI was performed in MATLAB
(MathWorks, Inc., Natrick, MA). All deep learning programming was done in the
TensorFlow python software packad®Z on an Ubuntu machine and accelerated with
CUDA execution on TitaxXP NVIDIA GPUs (Nvidia Corp., Santa Clara, CAjhe CNN
loss function was crossntropy, the optimizer utilized was Adadelta with an initial learning

rate of 1.0, and validation performance was calculated every 2 epochs of training data.
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Training each CNN model was performed for 14 epochs of 8x augth@eflections and
rotations) training data, which took about 23 hours to train. Deployment of &rhithed

CNN model on a single GPU to classify a new thyroid tissue specimen, which consisted of
hundreds of patches, was 20 * 8 seconds (avg. * sj.fdewall imaging modalities. The
heatmaps were produced by averaging the results of overlapping pixel regions in image
patches, since the 25x25 patches were produced with a stride of 13 pixels, which was used

to produce a smoother and less coarse firsailtre

5.2.5.1 Multilayer Perceptron

For salivary gland tumor detection of 16 tissue specimens from 6 patients, a
simplified artificial neural network, called a multilayer perceptron (MLP), was used for
intra-patient detection with spectral information only. Thé&MMconsisted of a 91 unit
spectral vector input, a single hidden layer with 128 neurons, and an output layer of 2 nodes
(normal or tumor). This simplified MLP was applied only to the salivary gland tumor
cohort and selected to limit overfitting in this dhumtaset. The salivary gland cohort was
separated into parotid gland tumors (N=3 patients) and other salivary gland tumors (N=3

patients).

The spectral signatures of tissue were extracted by local averaging of 5x5 pixel
blocks to reduce noise. Imagesjprocessing was used to remove the specular glare pixels
from both training and testing. For each group, the normal (N) and ‘tomhor(T)
speci mensd spectra were used for training
tumornormal (TN) margirtissue spectra was used for testing. For the parotid group and

ot her salivary gland group separately, al
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one training group (6 tissues), and the three TN test specimens were classified. Training
was performeddn the order of a few minutes, and testing was produced in about one

second.

5.2.6 Performance Evaluation

The principal evaluation metric used for this study was area under the curve (AUC)
of the receiver operator curve (ROC). The AUC score was selected bé&dausbéust to
class imbalances within tissues and provides an estimate of performance at all possible
thresholds of separating the normal and tumor classes. Additionally, the accuracy,
sensitivity, and specificity were calculated and reported usingtuim®r probability
threshold from the validation data. All results were calculated on a tissue specimen level
and averaged. Additionally, for the final testing results of both cohorts, the 10 pixels at the
edge of tissue, corresponding to 0.25 mm, wereuebed from performance calculations.
The imaging protocol for exivo tissue specimens was performed using a flat imaging
surface, so the tissue edges created unnatural curvature where the tissue was too thin to
provide an adequate imaging signal. Statidtgignificance was calculated for the test

resul ts u s-iestand S&0p\hleethredtwold. t

5.3 Results

5.3.1 Thyroid TumomDetection

Tumor detection for the thyroid cohort with all cancer types combihed &)
demonstrated that the HSynthesized RGB multiplex images generated from the HSI

were the best performing results in terms of average AUC scores with 0.89 and 0.90 for
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HSI-synthesized Gaussian RGB multiplex and the -si#ithesized humaeye RGB
multiplex, respectively. HSI performed with an average AUC score of 0.86. Full results of

thyroid tumor detection by AUC score, accuracy, sensitivity, and specificity for all imaging

methods are shown ifable5-3 and separated by cancer type.

Table 5-3. Performance results of the optical imaging modalities for the thyroid tumor

cohort (average = SEM). The best performing mogalitft or each gr oups?®o
is bolded.

AUC Accuracy Sensitivity  Specificity

All Thyroid Tumors N=82) 0.86+£0.02 78+2% 80+ 3% 74+ 3%

PTC (N=54) 0.86+0.02 76x2% 79 3% 71+ 4%
HSI MTC & Insular Ca. N=6) 0.81+0.09 85+5% 85+x5% 72+11%
Follicular Ad. & Ca. =13) 0.90+0.04 80+4% 80+7% 82+ 5%

Poorly Diff. Ca. N=3) 0.90+0.08 81+15% 73+23% 96+4%

All Thyroid Tumors N=82) 0.85£0.02 76+2% 83+2% 68+ 3%

Auto- PTC (N=54) 0.81+0.03 72+2% 79 3% 62+ 4%
fluorescence MTC & Insular Ca. N=6) 0.86+0.06 80+5% 83%+7% 78+ 6%
Follicular Ad. & Ca. N=13) 0.95+0.02 87+3% 93+ 3% 81+ 5%

Poorly Diff. Ca. N=3) 0.98+£0.01 95+1% 95+ 3% 93+ 1%

All Thyroid Tumors N=82) 0.86+£0.02 78+2% 75+ 3% 80 3%

PTC (N=54) 0.84£0.02 76+x2% 72+3% 791 3%
2-NBDG Dye MTC & Insular Ca. N=6) 0.84+£0.05 80+5% 74+£8% 72+10%
Follicular Ad. & Ca. N=13) 0.92+0.03 84+4% 82+6% 89+ 4%
Poorly Diff. Ca. N=3) 0.91+£0.08 79+11% 81x15% 89+11%

All Thyroid Tumors N=82) 0.83+£0.02 75+2% 68+ 3% 80 3%

Proflavin PTC (N=54) 0.82+0.02 73+2% 66%4% 77+ 4%
Dye MTC & Insular Ca. N=6) 0.70£0.08 71+4% 60%9% 71+ 8%
Follicular Ad. & Ca. N=13) 0.91+0.03 81+4% 73+£7% 93+x2%

Poorly Diff. Ca. N=3) 0.98+0.01 95+2% 91+5%  97+2%

HSI- All Thyroid Tumors N=82) 0.89+0.02 79+x2% 77+x2% 82+3%
synthesized PTC (N=54) 0.87£0.02 77+£2% 76x3% 79+ 4%
Gaussian MTC & Insular Ca. N=6) 0.95+0.03 88+4% 91+4% 82+ 8%
RGB Follicular Ad. & Ca. =13) 0.90+0.02 77+£3% 67+6% 91+ 2%
Poorly Diff. Ca. N=3) 0.98+0.01 94+3% 92+4% 95+ 4%

HSI- All Thyroid Tumors N=82) 0.90£0.02 79+x2% 80x2% 79+3%
synthesized PTC (N=54) 0.88+0.02 78+2% 80+ 3% 76+ 4%
Human-Eye MT(_: & Insular Ca. N=6) 0.96+0.02 88+3% 93x3% 85+ 6%
RGB Follicular Ad. & Ca. =13) 0.92+0.02 76+3% 68+ 7% 86+ 4%
Poorly Diff. Ca. N=3) 0.99+0.01 91+3% 92+ 3% 93+ 5%

The average and median AUC scores are presenkegure5-6A and B across all

thyroid tumor types with statistical significance. Combining all thyroid tumors, both

12¢

ev



implementations of threlband, HSIsynthesized RGB multiplex imaging (average AUC
score of 0.89 for GaussiRGB multiplex and 0.90 for humaeye RGB multiplex)
outperformed autofluorescence (0.85 AUC scorelN\BDG (AUC score of 0.86), and
proflavin (0.83 AJC score) to a degree of statistical significancexedl.05). Additionally,
HSI-synthesized humaaye RGB multiplexing also significantly outperformed HSI
(p<0.05). For the PTC sutproup (N=54), both HSIsynthesized RGB multiplex images
statistically outperformed autofluorescencé\BDG, and proflavin (alp<0.05). For the
MTC group (=6), both HSIsynthesized RGB multiplex images significantly
outperformed ANBDG and proflavin (allp<0.05) For the follicular tumor group,
autofluorescence outperforms the other methods in AUC score, but the difference is not
significant £>0.05). Lastly, poorly differentiated thyroid carcinomas were classified with
the highest AUC score from HSynthesizedhumaneye RGB multiplex imaging, but not

significantly >0.05).

A Thyroid Cancer: Average AUC B Thyroid Cancer: Median AUC

EHSI mAuto SNBDG mProf 0 Gaussian mHuman Eye BEHS| mAuto ESNBDG ®mProf 0DGaussian BHuman Eye

Combined PTC MTC Follicular Poorly Dif . Combined PTC MTC

Figure 5-6. Average and median AUC scores from thyroid tumor detection. (a) average
AUC scores for thyroid tumor detection across all tisspecimens grouped by tumor
subtype; statistical significance (<0.05) is shown above. (b) median AUC scores of
tumor subtype detection.

The different imaging modalities and respective probability-hegis for tumor

detection are shown iRigure5-7 for all groups of thyroid tumors. As can be seen, HSI
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shows the most consistent headps around regions of specular glare, compared to the
HSI-synthesized RGB multiplemethods. As shown ifigure 5-6B, the median AUC
scores show that HSI (0.95) and the two H4@tthesized RGB multiplex methods (0.95
and 0.96) have approximately equivalent median performance for combined thyroid

tumors.

Histology HsI HSI-synthesized HSI-synthesized

Gaussian-RGB Human-eye RGB Autofluorescence 2-NBDG Dye Proflavin Dye

o
3

3
L
°
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Poorly Differentiated

Figure 5-7. Representative tissue images and corresponding classificatiemapstfrom

all modalities from patients with thyroid carcinoma. Columns from left to right: histology,
HSI with heatmap, HSisynhesized GaussiaRGB multiplex with heatmap, HSH
synthesized humasye RGB multiplex with heanap, autofluorescence with heaaap,
2-NBDG dye image with heahap, Proflavin dye image with heatap. Rows from top to
bottom: papillary thyroid carcinoma TE), medullary thyroid carcinoma (MTC),
follicular thyroid carcinoma, and poorly differentiated thyroid carcinoma. The contours in
white (in heatmaps) and green (on histology) outline the cancerous regions. Predicted
tumor heatmaps range from dark bluprédicted normal) to dark red (predicted cancer).

The median AUC scores are substantially greater than the averages, which indicates
that the distribution of performance results tends to be more accurate than the average
reflects. Histogram analysis of igent difference of the HSI and HSynthesized RGB

multiplex imaging methods shows that HSinthesized RGB outperforms HSI in a



relatively small number of tissue specimens, which causes the average AUC scores for
HSI-synthesized RGB multiplexing to beegter than HSIFigure 5-8A and C show the
histograms of percent difference in tissues from HSI to both GatRS&i&multiplex and

the humareye RGB multiplex, respectly. Additionally, Figure5-8B and D show the
tissue specimens with the largest differences in AUC scores compared to HSI, where HSI

synthesized RGB multiplexing stiforks quite well.
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Figure 5-8. Differences in AUC score performance comparing HSI against- HSI
synthesized GaussidGB multiplex and HSkynthesized humaaye RGB multiplexing.

(a) Histogram of percemtifference in AUC scores of tissue specimens between HSI and
HSI-synthesized Gaussid®GB multiplex imaging. The arrows show the bins that contain
the patient specimens shown in the right panels, which are the two worst performing
tissues. (b) RGB image ti§sue specimen with large difference in AUC score performance
between heamaps produced from HSI, HSknthesized Gaussian multiplex, and HSI
synthesized humaeye multiplex image. (c) Histogram of percent difference in AUC
scores of tissue specimengveen HSI and HS$ynthesized humaaye RGB multiplex
imaging. The arrows show the bins that contain the patient specimens shown in the right
panels, which are the two worst performing tissues. (d) RGB image of the tissue specimen
with the largest differeze in AUC score performance between heaps produced from

HSI, HSksynthesized Gaussian multiplex, and F8hthesized humaeye multiplex
image. The tumor margin is delineated in white.
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The threeband HSIsynthesized RGB multiplex images from HSI aneant to
represent RGB imaging. However, these multiplex images are still constructed from HSI
data. Standard RGB camera sensors have different responses to the component of the red
channel between 400 and 500 nm. Therefore, for fold 1 of thesyihesied humareye
RGB multiplex thyroid tumor detection, the red channel component from 400 to 500 nm
was multiplied by half and by zero, and two more CNNs were trained. The results are
plotted inFigure5-9. The original humamye multiplex result for fold 1 using the original
400500 nm red component was an AUC score of 0.90 for thyroid tumor detection.
Completely eliminating the 46800 nm red component (by multiplying bgre) in human
eye multiplex still resulted in an equivalent AUC score of 0.90 for thyroid tumor detection
(p>0.05). Lastly, an equivalent AUC score of 0.89 for thyroid tumor detection was obtained
when the 406600nm red component was set to half the oagwalue for human eye

multiplexing ©>0.05).
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Figure 5-9. AUC score resulta/ith 95% confidence intervédlom 1 fold of the testing data
comparing different methodas constructingiSI-synthesized RGB multiplex imagéseft
to right StandardHSI; GaussiarRGB from HSI;original HSksyrthesized humaeye
RGB from HSIl;humaneye RGB from HSI synthesized with half the 408500 nm red
component;humaneye RGB from HSI synthesized Wwitzero of the 400500 nm red
component.



To further investigate how CNN methods can utilize HSI and the relevant
wavelengths for correctly predicting normal and thyroid tissues, we incorporated the
gradient classctivated maps (graGAM) algorithm[218. Briefly, the method is used for
tracing the most relevant gradients from the input tiathe class of interest, either normal
or tumor, which is used to infer spectral feature saliency. The mean spectral signatures and
classactivated gradients were averaged for 89 tissues that were correctly classified with
high AUC scores and separatetb normal thyroid and tumoiF{gure5-10). As can be
observed inFigure 5-10A, the salient spectral features for correctly classifying normal
thyroid tissues were from 57000 nm. InFigure5-10B, the most salient spectral features
for correctly classifying thyroid tumors were also in the range ofARD nm, wih

additional bands near 500 and 750 contributing some lesser importance for classification.
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Figure 5-10. Mean spectral signatures of correetlassified normal thyroid tissues (a) and
thyroid tumors (b) The saliency of spectral features is identified below each plot using the
gradCAM technique. Red hues represent the most important features for correctly
predicting each tissue class, and blue color hues represent less important wavelengths for
correctly predicting each class.
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5.3.2 Salivary Gland Tumor Detection

The intrapatient tumor detection results of the salivary gland tumors cohort are
separated into parotid gland tumors and other salivary gland tumors. For parotid gland
tumors, HSI was the best performing imaging modality with an AUC score of 0.92,
accurag of 88%, sensitivity of 90%, and specificity of 79% (all differences were not
significant, p>0.05). For tumors of other salivary glands, autofluorescence was the best
performing imaging modality with an AUC score of 0.80, accuracy of 84%, sensitivity of
77%, and specificity of 85% (all differences were not significerd.05). The full results

are shown imable5-4.

Table 5-4. Performance results from all optical imaging modalities for the salivary tumor
cohort, separated by salivary gland group (average + SEM). The best performing modality

for each groupsd evaluation metrics is bol
Group Imaging AUC Accuracy Sensitivity Specificity
Parotid HSI 0.92+0.04 88+4% 90x4% 79+ 7%
(N=3) Autofluorescence 0.60+0.30 87+2% 99+1% 26%26%
2-NBDG Dye 0.77£0.12 87+2% 97+3% 31+31%
Proflavin Dye 0.64+0.32 89+2% 96+2% 54+27%
GaussiarRGB 0.66+0.15 81+5% 97+2% 38+24%
HumanEye 0.72+0.02 78+15% 95+5% 35+ 20%
Other HSI 0.59+0.14 76+12% 55+29% 85+ 15%
Salivary Autofluorescence 0.80+0.14 84+ 10% 77+13% 85+6%
(N=3) 2-NBDG Dye 0.52+0.08 76+11% 49+28% 84+16%
Proflavin Dye 0.62+0.10 77+11% 60+30% 78+22%
GaussiarRGB 0.45+0.03 70+x10% 62+31% 57+43%
HumanEye 0.78+0.15 84+x9% 76+12% 87+6%

5.4 Discussion

The results of this extensive study suggest that fabelHSbased imaging and

autofluorescence does indeed outperform the two fluoresceiftasgel imaging methods
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tested here for thyroid tumor detection, but not to a significant degree. Interestiagly,
discovered that H&dynthesized RGB multiplex imaging significantly outperforms all
imaging methods tested for thyroid tumor detection, including HSI and autofluorescence
(p<0.05). For salivary tumor detection, HSI performs best in the parotid gland and
autofluorescence in performs best in other salivary glands, but no difference was
significant. As can be observedkigure5-6B, one main conclusion from this worktisat

with sufficiently large datasets, many different optical imaging modalities can be used to
create deep learning algorithms for tumor detection with median AUC scores of 0.90 and
upwards. This phenomenon can be seen specifically for the thyroid twomisined

cohort.

The experiments for the thyroid cohort and salivary gland cohort were processed
separately in different ways because of vastly different numbers of tissue samples
collected. The thyroid tumor cohort experiment was investigated in-ihdigpendent
testing patients because 200 tissue specimens from 76 patients were available. The salivary
tumor cohort was comprised of only 16 tissues from 6 patients, sqatiemnt experiments
were performed using tumanly and normal specimens for traag and testing on tumer

normal margin tissues.

The hypothesis that H&lased methods would outperform fluorescentloiysed
methods was upheld in the thyroid tumor combined category, largely because it was
supported in the PTC groupl€54), which compses 71% of cases. However, it was not
supported for MTC, FTC, and poorly differentiated thyroid carcinoma groupgs\alles
were not significant). Additionally, the thyroid tumor detection results show that HSI

synthesized humaaye RGB multiplex imagigg made from HSI statistically outperforms
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reflectancebased HSI. Despite differences in average AUC scores, the median values are
equivalent around 0.95 (sEegure5-6). Exploring this phenomenon furtherfigure5-8,

it was demonstrated that only a few tissues differ between the HSI arslyhtSésized

RGB multiplex modalities. Morver, the probability heahaps from HSI seem to provide
more consistent classification around regions of significant specular glare compared to the
HSI-synthesized multiplex method&igure 5-7). These results are consistent with a
previous study from our group that was limited to only 11 thyroid patients, in which RGB

composite images (AUC score of 0.95) also outperformed HSI (AUC score of 83p2)

The purpose of thiareeband HSIsynthesized multiplex images synthesized from
HSI was to represent standard RGB imaging from a standard camera. However, these
multiplex images are still constructed from HSI data. Additionally, there are differences in
the spectral respoes to the red channel component from-800 nm in standard RGB
camera sensors. The impact of this red component value was studied, and no effect was
observed in AUC score by altering these values for-$y@thesized humaeye RGB
multiplexing. To providephysical intuition for this conclusion, the gr&RAM method
reveals that the most salient spectral features for correctly classifying normal thyroid
tissues were from 57000 nm, well above this range. Future studies are required to
investigate if a standd RGB camera would indeed outperform HSI directly. Additionally,
future work is needed to capture more thyroid tumor HSI data with higher spatial and
spectral resolution HS cameras. It is possible that the spectral resolution of 5 nm in this

LCTF spectralscanning HS system was inadequate for this study.
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5.5 Conclusion

In conclusionthis chaptepresend theextensive study using 2Xflandulartissue
samples fronall 82 patientsvith thyroid and salivary gland tumoirs our acquired dataset
for this thesis worko evaluate the performance of HSI for tumor detection of the thyroid
and salivary glands. For comparison to HSI, the tissues were imaged witHrésbel
autofluorescence and two fluorescent dyedBDG and prdlavin dye. Additionally, HS{
synthesized threband multiplex images, representing the huwega response and
Gaussian RGBs, were synthesized from HSI. Several CNNs were developed for tumor
detection that perform with median AUC scores of 0.90 and hitgreall imaging
modalities in combined thyroid tumors. Investigating each group specifically, our results
suggest that HSynthesized humaaye RGB multiplexing can classify thyroid tumors
significantly better than HSI. In salivary glands, lafsee HSland autofluorescence may
offer the best performance for tumor detectione Tonclusions from this chapter

demonstrate that H®hayaid surgeons and pathologists in tumor detection in glands.
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CHAPTER 6. TISSUE SUB-COMPONENT CLASSIFICATION

USING HSI

This chapter detailshe investigation of the ability for HSI to perform sub
component analysis, beyond normal versus cancer, in a subset of the head and neck tissues.
We developed a method to u$Sl, a noncontact optical imaging modality, and
convoluticnal neural networks (CNNSs) to perform an optical biopsy efies, surgical
grosstissue specimens, collected from 21 patients undergoing surgical cancer resection.
Using a croswvalidation paradigm with data from different patemormal tissue from
upper aerodigestive tract can be sldssified into squamous epithelium, muscle, and
gland with an average AUStoreof 0.94. After separately training on thyroid tissuée
CNN candiscriminatebetween thyroid carcinoma and normal thyroid with an A8dGre
of 0.95 and 92% accuradgensitivityspecificity. Moreover, further analysis was
performed, detectingnedullary thyroid carcinoma from benign medbdular goiter
(MNG) with an AUC of 0.93andpapillary thyroid carcinoma from MNG with an AUC
of 0.91. Thesepreliminary results demonstrate that an #8sed optical biopsy method
using CNNs can provide multiategory diagnostic information for normal azehcerous

headandneck tissue

6.1 Introduction

Cancers of the head and neck are the sixth most oconoancer worlewide,
including cancers that are predominately of squamous cell origin, for instance the oral

cavity, nasopharynx, pharynx, and larynx, and others like carcinomas of the thyroid gland
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[139. Major risk factors include consumption of tobacco and alcohol, exposure to
radiation, and infection with human papilloma virus (HRY30, 245. Approximately

90% of cancer at sites including the lips, gums, mouth, hard and soft palate, and anterior
two-thirds of the tongue asguamous cell carcinoma (SCQ). The diagnostic procedure

of SCC typically involves physical examination and surgical evaluation by a physician,
tissue biopsy, and diagnostic imaging, such as PET, MRI, or CT. Patients with SCC tend
to present with advanced disease, with about 66% presenting as stage Il or IV disease,
which requires more procedures for successful treatment of the patd@niThe standard
treatment for these cancers usually involves surgical cancer resection with potential
adjuvant therapy, such as chemotherapsadration, depending on the extent, stage, and
location of the lesion. Successful surgical cancer resection is a mainstay treatment of these

cancers in order to prevent local disease recurrence and promote disease freq 4jurvival

Previous studies have investigated the optical properties of normal and malignant
tissues from areas of the upper aerodigestive [2d&249. Muller et al. acquireth-vivo
reflectancebased spectroscopy from normal, dysplasia, inflammation, and cancer sites in
the upper aerodigestive tract from patiemith SCC to extract tissue parameters that yield
biochemical or structural information for identifying disease. Varying degrees of disease
and normal tissue could be distinguished because of their different optical properties that
were believed to be rdakd to collagen and nicotinamide adenine dinucleotide (NADH)
[244. Similarly, Beumer et al. acquired reftance spectroscopy measurements from 450
to 600 nm from patients with SC&hd implemented an inverse Monte Carlo method to
derive oxygenatiotbbased tissue properties from the optical signatures, which were found

to be significantly different in malignaahd noamalignant tissuef249.
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Hyperspectral imaging (HSI) is a n@ontact, optical imaging modality capable of
acquiring a series of images at multiple discrete wavelengths, typically on the order of
hundreds of spectral bands. Preliminary research demosdtinateHSI has potential for
providing diagnostic information for a myriad of diseases, including anemia, hypoxia,
cancer detection, skin lesion and ulcer identification, urinary stone analysis, enhanced
endoscopy, and many potential others in developm&#5]. Supervised machine
learning and artificial intelligence algorithms have demonstrated the ability to classify
images after being allowed to learn features from training or example images. One such
method, convolutional neural networks (CNNs), have dematest astounding
performance at image classification tasks due to their capacity for robust handling of

training sample variance and ability to extract features from large training datf2€zes

27].

The need for an imaging modality that can perform diagnostic prediction could
potentially aid surgeons with reme guidance during intraperative cancer resection.
This study aims to invéigate the ability of HSI to classify tissues from the thyroid and
upper aerodigestive tract using convolutional neural networks. This work was initially
presented as a conference proceedings and oral presefit&tlhrFirst, a simple binary
classification is performed, i.ecancer versus normal, and second, rul#ss sub
classification of normal upper aerodigestive tract samples is investigated. If proven to be
reliable and generalizable, this method could help provide-opesative diagnostic
information beyond palpato and vi sual i nspection to the
enabling surgeons to achieve more accurate cuts and biopsies, or as a cainedter

diagnostic tool for physicians diagnosing and treating these types of cancer.



6.2 Methods

To investigate the abilf of HSI to perform optical biopsy, we recruited patients
with thyroid or upper aerodigestive tract cancers into our study, acquired and processed
grosslevel HSI of freshly excised tissue specimens, trained our convolutional neural

network, and evaluatexy/stem performance.

6.2.1 Experimental Design

In collaboration with the Otolaryngology Department and the Department of
Pathology and Laboratory Medicine at Emory University Hospital Midtown, 21 head and
neck cancer patients who were electing to undergo sligaacer resection were recruited
for our study to evaluate the efficacy of using HSI for optical bigp4y, 170. From these
21 patients, a total of 63 excised tissue samples were collected. From each patient, 3 tissue
samples were obtained from the primary cancer gross specimen in the surgical pathology
department after the primary cancer Hweskn resected. The specimens were selected to
include tumor, normal, and a tissue at the tumamal interface. Each specimen was
typically around 10 by 10 mm in area and 3 mm in depth. The collected tissues were kept
in cold PBS during transport to theaging laboratory where the specimens were scanned

with a hyperspectral imaging syst¢88, 113.

Two regions of inteest were used for this study: firstly, the upper aerodigestive
tract sites, including tongue, larynx, pharynx, and mandible; and secondly, the thyroid and
associated carcinomas. Head and neck squamous cell carcinoma (HNSCC) of the
aerodigestive tract repsented the first group, comprised of 7 patients. Normal tissue was

obtained from all patients in the HNSCC group, and SCC was obtained from 6 of these
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patients. In head and neck cancers, theganterous tissues adjacent to SCC may be
dysplastic, inflamratory, or keratinized, which could affect the hyperspectral imaging
results. Therefore, the normal tissues included in this study were regions of normal tissue
that were not dysplastic or heavily inflamed tissues. The thyroid group consisted of 14
patientstotal and included one benign neoplasm and three malignant neoplasms: benign
multi-nodular goiter (MNG, 3 patients), classitgbe papillary thyroid carcinoma (cPTC,

4 patients), folliculatype papillary thyroid carcinoma (fPTC, 4 patients), and medulla

thyroid carcinoma (MTC, 3 patients), respectively.

After imaging with HSI, tissues were fixed in formalin, underwent haemotoxylin
and eosin (H&E) staining, paraffin embedded, sectioned, and digitized. A certified
pathologist with head and neck expsgticonfirmed the diagnoses of tevivo tissues
using the digitized histology slides in Aperio ImageScope (Leica Biosystems Inc, Buffalo

Grove, IL, USA). The histological images serve as the ground truth for the experiment.

6.2.2 Hyperspectral Imaging and Pressing

The hyperspectral images were acquired using a CRI Maestro imaging system
(Perkin Elmer Inc., Waltham, Massachusetts), which is comprised of a XenoHligihite
illumination source, a liquid crystal tunable filter, and ablt6chargecoupled devie
(CCD) camera capturing images at a resolution of 1040 by 1,392 pixels and a spatial
resolution of 25 um per pixglLl13 145 170, 183. The hypercube contains 91 spectral
bands, ranging from 450 to 9@@n with a 5nm spectral sampling interval. The average

imaging time for acquiring a single HSI was about 1 minute.



The hyperspectral data were normalized at eaeéhv el engt h ( &) s amp
pixels §, j) by subtracting the inherent dark current (captured by imaging with a closed
camera shutter) and dividing by a white reference disk according to the following equation

[145 170Q. Thenormalized HSI spectral signatura® plottedby class inFigure6-1.
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Figure 6-1. Normalized spectral signatures, whigbreaveraged acrosssues. Presented
by anatomical location: (a) normal tissue and SCC of the upper aerodigestive tract, (b)
normal, benign, and carcinoma of the thyroid.

Specular glare is created on the tissue surfaces due to wet surfaces completely
reflecting incidentight. Glare pixels do not contain useful spectral information for tissue
classification and are hence removed from each HSI by converting the RGB composite
image of the hypercube to grayscale and experimentally setting an intensity threshold that

sufficiertly removes the glare pixels, assessed by visual inspection.

A schematic of the classification scheme is showFigre6-2. For binary cancer
classification, the ckses used are normal aerodigestive tissue versus SCC, and medullary
and papillary thyroid carcinoma versus normal thyroid tissue. For-ola#is classification

of oral and aerodigestive tract tissue, squamous epithelium, skeletal muscle, and salivary
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glands in the oral mucosa are used. For binary classifications of thyroid cancer, classical
type papillary thyroid carcinoma, medullary thyroid carcinoma, and mattular thyroid

goiter tissue are used.

b Input Thyroid
® Input HNSCCa ®) e Hs|y
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Figure 6-2. Tissue classification scheme. (a) For classification of the HNSCC group, first
a binary classification is considered to test the ability of the classifier to distinguish normal
samples from SCC samples. Next, histologicaibnfirmed normal samples are sub
classified squamous epithelium, skeletal muscle, and mucosal salivary glands. (b) For
classification of the thyroid group, first a binary classification is considered to test the
ability of the classifier to distinguish moal thyroid samples from thyroid carcinoma of
multiple types. In addition, thyroid HSI classification is tested to discriminate MNG from
MTC and to discriminate MNG from classiegpe PTC.

To avoid introducing error from registration of tissue samlasdontain a tumer
normal boundary, only samples that contain exactly one class were used for binary
classification. For example, the tumor sample and normal sample are held out for testing,
so that validation performance can be evaluated on both class ut of the initial 63
samples acquired from 21 patients recruited for this study, this elimination process
excluded 22 tissue samples because it was found that two-fuwmoal margin samples
were obtained from one patient. The normal samples frompatients with MNG thyroid
neoplasm were not included in the binary cancer detection experiment. Additionally, after

clinical histological evaluation, it was determined that ereivo specimen from one
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papillary thyroid carcinoma patient was an adenoidatodule. This type of lesion is
reported in the literature to commonly cause misdiagnoses in initial needle bi@€les

251], and importantly, this lesion type was not adequately represented in the current study.
Therefore, the two remaining tissue samples from this patient were removed from this
study because we aimed to have balanced tissue specimenthérahyroid carcinoma
patients, normal and tumor. After all exclusionary criteria were determined, there were 36
tissue specimens from 20 patients, 7 HNSCC and 13 thyroid, incorporated in this study,
and the epithelium, muscle, and gland tissue componeTes selected as ROIs from 7
tissue samps from the HNSCQ@roup. The number and type of tissue specimens is
detailed inTable6-1.

Table 6-1. Number of exvivo tissue specimens included in this study from the 13 patients

with thyroid neoplasms and 7 patients with SCC. The number of image patches for CNN
classification obtained from each specimen type is also reported.

Group Class No. Tissue Specimens Total Patches

Thyroid Normal Thyroid 10 14,491
MNG 3 9,778
MTC 3 10,334
Classical PTC 3 6,836
Follicular PTC 4 13,200

HNSCC Squamous Epitheliun 4 6,366
Skeletal Muscle 3 5,238
Mucosal Gland 4 5,316
SCC 6 4,008

For training and testing the CNN, each patient HSI needs to be divided into patches.
Patches are produced from each HSI after normalization and glare removal to create

25x25x91 norover | apping patches t thaotl edo whter ene
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have been removed due to specular glareTsdxde6-1 for the total number of patches per
class. Glare pixels are intentionally removed from the training dataset tolasoihg

from impure samples. In addition, patches were augmented by 90, 180, and 270 degree
rotations and vertical and horizontal reflections, to produce six times the number of
samples. For cancer classification, the patches were extracted from tedissw#. While

for multi-class sukrlassification of normal tissues, the regions of interest comprised of the
classes of target tissue were extracted using the outlineesgoidard histopathology

images.

6.2.3 Convolutional Neural Network

The convolutional eural networks used in this study were built from scratch using
the TensorFlow application program interface (API) for Python. A -peiormance
computer was used for running the experiments, operating on Linux Ubuntu 16.04 with 2
Intel Xeon 2.6 GHz proasors, 512 GB of RAM, and 8 NVIDIA GeForce Titan XP GPUSs.
Two distinct CNN architectures were implemented for HNSCC classification, which
incorporated inception modules, and thyroid classification, which used a 3D architecture.
Both architectures are dd&d below and shown schematicallyfigure 6-3. During the
following experiments, only the learniiglated hypeparameters that were adjusted
between experiments, wdh include learning rate, decay of the Adadelta gradient
optimizer, and batckize. Within each experiment type, the same learning rate, rho, and
epsilon were used, but some cressidation iterations used different numbers of training

steps because oé@#ier or later training convergence.

14¢



Thyroid Group: 3D CNN HNSCCa Group: 2D Inception CNN

Layer Shape Layer Shape
Input | [(25x25x91x1)] Input | | (25.x 25 x 91)
] |
Conv1| |(21x21x83x50) Incep1| |(25x 25 x 496)
Convz| [(17x17x75x45)] Incep2] [(25x 25 x 494)
Conv3| [(13x13x 67 x40)| Convt| | (17X 17 x 36)
Convd| | (9x9x59x35) Incep3| |(17 x 17 x 464)|
[Convs| [ (5x5x51x30) | [ Fc1 | [ (1x1029) |
Conv6é (7x1x43x25) FC2 (1x512)
|
FC1 | | (1x400) | soft | [ (xm |
FC2 (7 x 100)
~ Soft | (1x2)

Figure 6-3. CNN architectures implemented for classification of HSI of thyroid tissue (left)
and tissue from the upper aerodigestive tract (right).

To classify thyroid tissues, a 3DNN based on AlexNet, an architecture originally
designed for ImageNet classification, was implemented using TensofE&H®O2. The
model consisted of six owolutional layers with 50, 45, 40, 35, 30, and 25 convolutional
filters, respectively. Convolutions were performed with a convolutional kernel of 5x5x9,
which correspond to they-a-dimensions. Following the convolutional layers were two
fully connectedayers of 400 and 100 neurons each. A dvaprate of 80% was applied
after each layer. Convolutional units were activated using rectified linear units (ReLu) with
Xavier convolutional initializer and a 0.1 constant initial neuron p¥&&]. Stepwise
training was done in batches of 10 patches for each step. Every one thousand steps the
validation performance was evaluated, and the training data were randomly shuffled for
improved training. Training was done using the AdaDelta, adaptive learning, optimizer for
reducing the crossntropy loss with an epsilon 0k10® and rho of 0.9253. For thyroid
normal versus carcinoma, the training was performed at a learning rate of 0.1 for two to six

thousand steps depending on the iteration. For MNG versus MTC and for MNG versus
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cPTC, the tining was done at a learning rate of 0.005 for exactly two thousand steps for

all iteration.

Classification of upper aerodigestive tract tissues was hypothesized to be a more
complex task, so a 2DNN architecture was constructed to include a modifezgion of
the inception module appropriate for HSI that does not includepoals and uses larger
convolutional kernels, implemented using TensorFl®@, 27, 192. The modified
inception module simultaneously performs a series of convolutions with different kernel
sizes: a 1x1 convolution; and convolutions with 3x3, 5x5, and 7x7 kernels following a 1x1
convoltion. The model consisted of two consecutive inception modules, followed by a
traditional convolutional layer with a 9x9 kernel, followed by a final inception module.
After the convolutional layers were two consecutive fully connected layers, followad by
final softmax layer equal to the number of classes. A draprate of 60% was applied
after each layer. For binary classification, the number of convolutional filters were 355,
350, 75, and 350, and the fully connected layers had 256 and 218 neoramsilti-class
classification, the number of convolutional filters were 496, 464, 36, and 464, and the fully
connected layers had 1024 and 512 neurons. Convolutional units were activated using
rectified linear units (ReLu) with Xavier convolutional initdr and a 0.1 constant initial
neuron biag252. Stepwise training was done in bdwes of 10 (for binary) or 15 (for
multi-class) patches for each step. Every one thousand steps the validation performance
was evaluated and the training data were randomly shuffled for improved training. Training
was done using the AdaDelta, adaptive leaynoptimizer for reducing the cresatropy
loss with an epsilon ofx1108 (for binary) or x10° (for multi-class) and rho of 0.8 (for

binary) or 0.95 (for multclass) [253. For normal oral tsue versus SCC binary
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classification, the training was done at a learning rate of 0.05 for five to fifteen thousand
steps depending on the patiidout iteration. For muliclass sukxlassification of
normal aerodigestive tract tissues, the training d@ne at a learning rate of 0.01 for three

to five thousand steps depending on the patiefd-out iteration.
6.2.4 Validation

The final layer of the CNN labels each test case as the class with the highest
probability overall, so each test patch has examtky label. In addition, the probabilities
of each test patch belonging to all classes are output from the network. All testing is done
on a patckbased level to ensure class accuracy. The typical classification time for one
patient 60s ent iordes of BEBeral minaites. Then clags Iprebabilities for all
patches of a test patient case are used to construct receiver operator characteristic (ROC)
curves using MATLAB (MathWorks Inc, Natick, MA, USA). For binary classification,
only one ROC curve is caged per patient test case, but for maldéiss classification, each
class is used to generate a respective ROC curve; true positive rate and false positive rate
are calculated as that class against all others. The CNN classification performance was
evaluded using leav®nepatientout externalalidation to calculate the sensitivity,
specificity, and accuracy, defined bel ow,
ROC curvd33, 170. The area under the curve (AUC) for the ROC curves is calculated as

well and averaged across patients.
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6.3 Results

6.3.1 Aerodigestive Tract Normal Tissue Stlbssification

Using a leaveonepatientout crossvalidation paradigm with HSI obtained from
different patients, the CNN can distinguish SCC from normal oral tissues with an AUC of
0.82, 81% accuracy, 81% sensitivity, and 80% specifitaple6-2 shows the full results.

The ROC curves for all HNSCC patients are showRigure 6-4. Additionally, rormal

oral tissues can be sukassified into squamous epithelium, muscle, and glandular mucosa
using a separately trained CNN, with an average AUC of 0.94, 90% accuracy, 93%
sensitivity, and 89% specificity. Representative normaldassification resudtare shown

in Figure6-5, and full results are detailed Trable6-3.

Table 6-2. Results of intepatient CNN classification (leavenepatientout cross
validation). Values reported are averages across all patients shown with standard deviation.

Group Classification Si;l:sirsnuei; AUC Acc. (%) Sens (%) Spec (%)

Thyroid  Normal vs Carcinome 20 0.95+0.07 9249 92+8 92+10
cPTC vs MNG 7 0.91+0.10 86+13 86+14 86+13
MTC vs MNG 6 0.93+0.04 8715 88+4 85+7

HNSCC Normal vs SCC 13 0.82+0.13 81+11 81+15 80+16
Multi-class 7 0.94+0.08 90+9 93+6 89+13
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Figure 6-4. HSI classification results ROC curves for HNSCC experiments generated
using leaveoneout crossvalidation. (a) binary classification of SCC and normal head and
neck tissue; (bnulti-class sukrlassification of normal aerodigestive tract tissues.
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Figure 6-5. Representative results of salassification of normal oral tissues. Left: HSI

RGB composites are shown with ROI of thssue type outlined. Center: Respective
histological gold standard with corresponding ROI outlined. Right: Artificially colored
CNN classification results of the ROI only. True positive results representing correct
tissuesubtype are visualized in blueydafalse negatives are shown in red. Tissue within

the ROI that is shown in grayscale represents tissue that is not classified due to glare pixels
or insufficient area to produce the necessary psitd

14¢



Table 6-3. Results of intepatient CNN classification of sutdassified normal upper
aerodigestive tract tissues. Values reported are averages shown with standard deviation.

No. Tissue o .
Group Specimens AUC Accuracy Sensitivity — Specificity
Squamous Epithelium 4 0.94+0.06 90+5% 91+3% 91+7%
Skeletal Muscle 3 0.99+0.01 98+3% 98+3% 97+4%
Mucosal Gland 4 0.89+0.10 83+13% 90+8% 79+18%

6.3.2 Thyroid Tissue Sublassification

After separately training on thyroid tissue, the CNN differentiates between thyroid
carcinomaand normal thyroid with an AUC of 0.95, 92% accuracy, 92% sensitivity, and
92% specificity. The ROC curves for all thyroid patients are showFigure 6-6.
Moreover,the CNN can discriminate MTC from benign MNG with an AUC of 0.93, 87%
accuracy, 88% sensitivity, and 85% specificity. Clasdigaé papillary thyroid carcinoma
is differentiated from MNG with an AUC of 0.91, 86% accuracy, 86% sensitivity, and 86%

specifiaty.

(a) Thyroid Group: Normal vs. Cancer Binary (b) Thyroid Group: MNG vs. MTC binary (C) A Thyroid Group: MNG vs. cPTC binary
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Figure 6-6. HSI classification results ROC curves for HNSCC experiments generated
using leaveoneout crossvalidation. (c¢) binary classification of normal thyroid and
thyroid carcinomas; (d) binaryadsification of MNG and MTC; (e) binary classification

of MNG and classical PTC.
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6.4 Discussion

We developed a deep learning based classification method for hyperspectral images
of fresh surgical specimens. The study demonstrated the ability of HSI andutmmad
neural networks for discriminating between normal tissue and carcinoma. The novel results
of normal tissue sublassification into categories of squamous epithelium, skeletal muscle,

and glandular mucosa demonstrate that there is further classifipotential for HSI.

A review of surgical cases found that head and neck surgery has the mest intra
operative pathologist consultations (IPC) per surgery, typically around two consultations
per surgery, compared to other organ systfgtbd]. The average time at our institution
was about 45 minutesep IPC. Despite being currently 1aptimized and performed off
line, our method takes around 5 minutes including imaging time, classification, and post
processing. The main benefit is that the proposed method does not require excising tissue
or any tissueprocessing to provide diagnostic information of the surgical area.
Additionally, our method is demonstrated to be significantly faster than an average IPC.
However, we do not suggest that the proposed method could replace an IPC, but rather

provide guidane during surgery to reduce the number or increase the quality of IPCs.

In this study, the limited patient dataset reduces the generalizability of the results.
In addition, the ROI technique for outlining tissues of interest for normal-claks sub
classification creates the potential to introduce error into the experiment. Both of these
issues could be resolved by utilizing a large number of patient data. Moreover, the gross
tissue specimens utilized in this study are entirely cancer or normal, caniter samples

are comprised of sheets of malignant cells. In order for the proposed method to be extended
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to the operating room to aid in the resection of cancer, the method needs to be investigated
on detecting cancer cells extending beyond the canger. &therefore, future studies will
investigate the ability of the proposed method to accurately predict the ideal resection

margin of cancerous tissues.

When the diagnosis of thyroid cancer is suspected, a needle biopsy is performed,
which can provide information on the histological and intrinsic type of cancer that is
present. It is not uncommon for thyroid cancer to be present with benign hyperptasia of
non-malignant portions of the effected lobe. However, theamrrence of both MTC and
PTC is rare, although cases have been documgzb&e?57. We hypothesized that HSI
has further potential than binary cancer detec as we explored in this work, and that
different types of cancer can be identified from benign hyperplasia. Therefore, we
performed a set of two binary classifications (MTC versus MNG, and PTC versus MNG)
to show both can be successfully identifieohirMNG. In order to determine if HSI can
detect normal thyroid and the range of thyroid neoplasms: MTC, PTC, hyperplasia,
follicular carcinoma, adenomas, and nodules; all in one +olalsis approach, more patient
data collection and more investigation ithe robustness HSI and the classifiers needs to

be performed.

We acknowledge that with a limited patient set for the experiments detailed, we do
not have a fullyindependent test set and employ a leanepatientout cross validation
approach, as wasperted in the results section. This approach has several limitations with
regards to potential owditting from hyperparameter tuning. However, in order to avoid
bias, the CNN architectures and number of filters in each network were not adjusted during

the experiments conducted. As stated, a more complex CNN design was used for SCC
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because it was deemed a more complex problem. During the experiments, the only
parameters that were adjusted were the lean@taged parameters, which are detailed in

the mehod section. These included the learning rate and the epsilon and rho of Adadelta,
which control the decay of learning rate and gradient optimization. Importantly, the same
learning rate, rho, and epsilon were used within each experiment type so thassll c
validation iterations had the same hyparameters. We found that different experiments,

for example HNSCC binary compared to mulass, required different learniigpsed

parameters because they trained at different rates.

Another potential sourcef errors from the crosgalidation experiments was the
effect of overfitting during training of each crosslidation iteration, within an
experiment type. With the relatively small sample sizes employed in this study, swapping
one patient from the valation to training set could drastically change the training time of
the network. Therefore, performance of each cresdidation iteration was evaluated
every 1,000 training steps, and different training steps for -magations were
sometimes usednlthe methods section, we report the range of training steps for each
experiment type; in order to reduce bias, the same training step humber was used when it

was possible for all or most cregalidation iterations.

Another limitation of this work is thdassue of specular glare. Glare was
systematically removed during ppeocessing, so that training patches did not contain any
glare pixels. This was done to avoid any training biases or error that could have been
introduced from glare. Moreover, since rglavas removed from training, it was also

removed from the testing dataset to ensure that the quantified results were unblemished by
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glare artifacts to fully evaluate the classification potential of HSI. Regions that were not

classified due to large amouwnftsurface glare can be sesmgrayscale ikigure6-5.

6.5 Conclusion

In summary, this chapter presenta@liminary resultdor this proofof-principle
experiment, wheh demonstratethat an HSlbased optical biopsy method using CNNs can
provide multicategory diagnostic informationifnormal headndneck tissuand thyroid
carcinomaskuture work involvegacquiring and processing more patient HSI @atéhese
typesof tissueand to conducstudies of more tissue types and potentially produce results
with a more universal applicatioAdditionally, this line of research will be important in
determining if the proposed technique has the potential to mjdaus, proming a wealth

of information just as histological analysis our preliminary results suggest.
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CHAPTER 7. HEAD & NECK CANCER DETECTIO N IN

DIGITIZED HISTOLOGY

This chapter presents the development and evaluation of a corajulddr
diagnostic algorithm with the goal of aiding surgical pathologists in the detection of cancer
in digitized wholeslide histological image$athologists guide surgeons durlmgad and
neck cancer resectiarperations byerforming microscopic analysis bfstology slides
made from the excised tissue. In this study, 381 digitized, histological \stddéeimages
(WSI) from 156 patients with head and neck cancer were used to traimteahad test
an inceptiorv4 convolutional neural network. The proposed meticad detect and
localize primary head and neck SCC on WSI with an AUC of 0.916 for patients in the SCC
testing group and 0.954 for patients in the thyroid carcinoma testing.dvimreover, the
proposed methodan diagnose WSI with cancer versus normal slides with an AUC of
0.944 and 0.995 for the SCC and thyroid carcinoma testing groups, respectively. For
comparison, we tested the proposed, diagnostic methogboblialy-availeble dataset of
WSI from sentinel lymph nodes with breast cancer metastases, CAMELYON 2016, to
obtain patckbased cancer localization and sHdeel cancer diagnoses. The experimental
design yields a robust method with potential to help create a toar&ase efficiency and

accuracy of pathologists detecting head and neck cancers in histological images.

7.1 Introduction

Head and neck cancer is the sixth most common cancer-will and majority

of cancers of the upper aerodigestive tract are squamousarelhoma (SCC]2].
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Approximately twethirds of SCC patients present with either stage Ill or IV advanced
diseas¢141]. Surgical cancer resection remains the primary management SCC of the head
and neck, with concurrent chemotherapy or radiation therapy depending on the extent of

the diseasf].

Commonly, tle safe margin for surgical resection of oral squamous cell carcinoma
(SCCQC) at sites including the surfaces of the lips, gums, mouth, plate, and antetiordeo
of the tongue is considered 5 mm from the permanent edge of the[8forAlternative
distances for resection margins have been proposed, as low as tumor clearance of 2.2 mm
to be decl ar ed [187. Aowevgractosenvmamginsifer exgmple within 1
mm, are associated with significantly increased recurrence[288s In head and neck
surgical histology, there are twechniques to investigate surgical margin clearance:
perpendicular sectioning amh-facetechnique. Perpendicular sectioning, also known as
Abread | oafingo, all ows the margin clearan
easily quantified, but iis resource exhaustive and limited by the number of slices, which
can create false negatives. Tkeface technique evaluates the surface area in a
longitudinal fashion to determine if there is any cancer on surface of the submitted
specimen[196. Both require examing a large quantity of histological slides and

considerable diagnostic time.

Previous studies have implemented compassisted detection methods using
histological images for machine learnifZb9. Colorectal epithelial and stromal tissues
have been classified on histologl images using support vector machines with hand
crafted features, such as color and texf@&o, 261]. Additionally, convolutional neural

networks (CNNs), which are a family of machine learning algorithms that learn to extract
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features from training images, have also been applied to classifying epithelium and stromal
tissues from colorectal and breast can¢262. Nonsmall cell lung cancers, including
metastatic SCC to the lungs, have been classified in histological images using CNNs that
are trained to work regions of the image, called irqaafehe4263. Another method for
detecting lung cancers in histological images of needle core biopsies used morphological
and color features for clafisation with an ensemble of artificial neural netwofR&4.

Head and neck SCC was investigated once before, but only in cell lines xenografted int
mice, and a CNN was implemented with histological images to predict hypoxia oftumor
invaded microvessel§259, 2695. Additionally, computerized methods have been
developed for thyroid carcinomas to detect and classify malignant versus benign nuclei
from thyroid nodules and carcinomas, including follicular and papillary thyroid
carcinomas, in histological images orcellular level with promising resulf®66-269.
However, most of the work involving thyroid carcinoma has been implemented on a
cellular or nuclear level irsg handcrafted features, such as texture or shape, and support
vectormachines are employed for nuclei classification, with many algorithms using an

ensemble of classifief267-271].

In the field of digital @thology, whole slide imaging (WSI) refers to the acquisition
of high-resolution images of stained tissue slides, which retains the ability to magnify and
navigate these digital slides just as standard microsgdff]. After reviewing nearly
2,000 patient cases, it has been concluded that WSinsnferior to microscopy for
primary diagnosis in surgical pathology across multiple staining types, specimen types, and
organ systems[273. Computerassisted detection algorithms have recently been

implemented using CNNs for diagnosis in WSI with considerable success for identifying
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metastasis in lymph nod@274, 275. Several statef-the-art methods using CNNs have
been applied during a grand challenge hosted at the IEEE International Sympoisi
Biomedical Imaging in 2016 and 2017 to detect breast cancer metastasis in WSI of sentinel
lymph nodes (CAMELYON) with AUCs up to 0.99, comparable to expert pathologists
performing with an AUC of 0.81 to 0.97, with and without a time const{&ird, 276,

277.

This study aims to investigate the ability of CNNs for detecting head and neck SCC
and thyroid carcinomas in a novel dataset of digitized whlade histological images from
surgical pathology. A recent literature review shows that this is the firsttevarkestigate
SCC and thyroid carcinoma detection on a WSI level in primary head and neck cancers
[259, and we implement statd-the-art classification methods in an extensive dataset
collected from our institution. The major contribution of this paper focuses on the first
application of deep learning for the histological detection of H&N SCC and thyroid cancers
in a sufficiently large head and neck cancer dataset that is best suited for-bgsaith
CNN approach. The anatomical variation of the head and neck is astghistomplex.

The inclusion of multiple, most common locations of SCC yields a successful and
substantial generalization for this application. Additionally, three of the major forms of
thyroid carcinoma are studied, and despite extensive morphologicateddés, the
method allows successful performance. Altogether, the dataset and applied methodology
of this work demonstrate the current potential to create a tool to increase the efficiency and
accuracy of surgical pathologists performing +ale SCC caner detection on WSI for

intraoperative guidance during primary head and neck cancer resection operations.



7.2 Materials and Methods

In this section, the materials for this study, including the cancer histological
datasets, are described. Additionally, thetmods of image processing, convolutional

neural networks, and performance evaluation are detailed.

7.2.1 Head and Neck Cancer Dataset

Informed, written consent was obtained from all patients consented for our study.
All experimental methods were approved I tinstitutional Review Board (IRB) of
Emory University under the Head and Neck Satellite Tissue Bank (HNSB, IRBO0003208)
protocol. In collaboration with the Otolaryngology Department and the Department of
Pathology and Laboratory Medicine at Emory Uniugrddospital Midtown, freshly
excised,exvivo head and neck cancer tissue samples were obtained from previously
consented patients undergoing surgical cancer resedtk$ 147]. Tissue specimens
collected from patients were <dentified andcoded by a clinical research coordinator
before being released to our laboratory for research purposes only. Three tissue samples
were collected from each patient: a sample of the tumor, a normal tissue sample, and a

sample at the tumarormal interface.

For this study, we present the first application of the histological component of this
dataset of 381 WSI from 156 patients, which is detailed by data3etbie 7-1. In the
upper aerodigestive tract SCC group, there were 228 tissue samples collected from 97
patients. The number of patients and tissue specimens is enumerated per anatomical origin
of the SCC inTable7-2. The only tissues that were excluded in this study were from three

patients that had SCC of Waldeyerds ring.
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comprised of entirely lymphoid tissue, and the samples frdgnpatients of this diverse
tissue type was not sufficient for inclusion in this study. The normal specimens collected
were nordysplastic and nenancerous, which may have inflammation, atypia, or reactive

epithelium.

Table 7-1. Summary of the number of patients and whkslide images (WSI) included in
this study for training, validation, and testing of the proposed method.

Dataset Training Vqlidation Testing .Total
Patients WSI Patients WSI Patients WSI | Patients WSI
Head & Neck SCC 45 91 13 32 39 105 97 228
Thyroid Carcinoma 24 48 8 23 27 82 59 153
Breast Cancer Mets| 250 250 20 20 129 129 399 399

The thyroid carcinoma group was comprised of primary papillary, medullary, and
follicular thyroid carcinomas. There were 153 tissue specimens collected from 59 patients,
which included 47 patients with papillary thyroid carcinoma, 5 patients medullanidhyr
carcinoma, and 7 patients with follicular carcinoma. Each dataset was subdivided into
separate groups for training, validation, and testing of the proposed cormagsitted

cancer detection algorithm.

Freshexvivo tissues were collected from thergeal pathology department and
fixed, paraffin embedded, sectioned, stained with haemotoxylin and eosin (H&E), and
digitized using wholeslide scanning at an equivalent magnification to 40x objective using
a NanoZoomer (Hamamatsu Photonics), which praslacgnal digital slide with pixel
l evel resoluti on o f-ceftified @athaogist With épeftige inH&N A
pathology outlined the cancer margins on the digital slides using Aperio ImageScope

(Leica Biosystems Inc, Buffalo Grove, IL, USA)



Table 7-2. Summary of the number of patients in the SCC dataset and WSI obtained from
tissue specimens per anatomical location of the head and neck. Tissue specimens refer to
the exvivo samples used to cdnsct the histological WSI (T: tumor, N: normal, TN:
tumornormal interface).

Location # Patients #T #N #TN

Tongue 18 9 17 17
FOM 12 7 10 13
Larynx 10 10 9 3
M_ucqsal 9 7 9 4
Gingiva

Mandible 8 6 6 5
M.axnlary 6 4 6 5
Sinus

Oral Cavity 6 4 7 6
Hypopharynx 5 4 5 1
RMT 5 6 3 5
Tonsil 5 4 3 6
Supraglottis 4 2 4 3
BOT 4 0 4 4
Nasal Cavity 2 2 1 0
Other 3 2 2 3

Total 97 Patients 228 WSI

7.2.2 Breast Cancer Lymph Node Metastases Dataset

For external validation, we implemented the proposed cancer detection algorithm
on the opersource CAMELYON 2016 datasgt75 278, in order to compare the results
of our proprietary head and neck cancer dataset since currently no similar independent
dataset exists.lle CAMELYON 2016 dataset consists of 399 whslide digital images
from sentinel lymph nodes (SLN) obtained from 399 patients, one SLN from each patient
that underwent breast cancer surgical resection. The dataset is collected at two institutions:

RadboudJniversity Medical Center (RUMC) Netherlands and University Medical Center
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Utrecht (UMCU) NetherlandR275 278. One slide was constructed from one SLN from

each patienfTable7-1 shows the numbers of patients and slides in each group.

The wholeslide images were digitized at each institution separately, so the
different hospitals each use a different scanner. Thesstitht were digitally scanned at
RUMC were produced at 0objective magnification using a Pannoramic 250 Flash II
digital slide scanner (3DHISTECH), which corresponds to the {bxel resolution of
0.24 em I 0.24 em. The $ICU depesacqtiredawith aver e ¢
NanoZoometXR digital slide scanner at 40x objective magnification (Hamamatsu

Photonics) with a pixel e v e | resolution of s@R&RIGmens of

7.2.3 Histological Image Processing

The histological dataset presented consistgriohary tumor specimens acquired
from surgical resections. Our SCC and thyroid cancer datasets do not have fine-cellular
level annotations. Instead, regions were broadly marked as cancer if there were any cancer
cells present, even if surrounded by normstalictures, to establish which areas would
require surgical removal. For this task, dmjicell annotations are not necessary.
Clinicians require accurate regional diagnosis of cancer invaded tissues with an estimate
of border clearance distance to thgedf the resected tissue. Therefore, the nature of the
groundtruth for this work necessitates a patidsed deep learning approach. Moreover, a
fully-convolutional network (FCN), as is widely used in the literature, would be
problematic for this approaciirstly, the tissue specimens of primary cancers collected
tend to have large regions of each class. Therefore, the large majority of patches tend to be

one class (all normal or all tumor), with few border patches that contain both classes. This
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would ceate problems with loss calculation and gradient optimization for training an FCN.
Lastly, as stated the ground truth is coarse, so if a FCN could be adequately trained to
produce findevel segmentations, not only are they not needed for this taskehgriotind

truth would call potentially correct areas as misclassifications.

A groundtruth binary mask of the cancer area is produced from each outlined
histology slide. The WSIs and corresponding gretrnths were dowssampled by a factor
of four using earest neighbor interpolation. The proposed method classifies the WSI in a
patchbased method using a window that slides over the entire image. Due to the unique
challenges of working with digital pathology images, which can create datasets of hundreds
of images that are each tens of gigabytes, it is the currento$ttiteart to perform both
downsampling and patebhased image reconstruction approaches to computationally
handle this type of dafd 12 274, 279-284]. Image patched ) are produced from each
downsampled H&E slide using 101x101 pixels and are labeled corresponding to the center
pixel, wherekv g . Representative patches from H&N SCC are showgare
7-1 showing the histological variation of normal anatomical structures and various
appearances of SCC of various identifiable difficulty. The SCC and thyroid carcinoma
training groups wereamprised of patches only from the tumor and normal tissue WSI,
and the validation and testing groups were comprised of patches from all slides. Since the
lymph node dataset contained more WSI but with smaller cancer areas, the training dataset
was construed by taking up to 5000 image patches from the cancerous area of each of the
101 cancer WSI in the training dataset, and using up to 1000 image patches from each slide
of the 149 normal WSI. The training group was approximately balanced between cancer

andnormal patches for better performance.
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Figure 7-1. Histological images (101x101 pixel imagatches) showing anatomical
diversity. Top: Patches of various normal structures, including chiafiammation,
stratified squamous epithelium, stroma, skeletal muscle, and salivary glands (from left to
right). Bottom: Patches of SCC with varying histologic features: keratinizing SCC,
keratinizing SCC with keratin pearls, basaloid SCC, SCC with chioffaecnmation, SCC

with hemorrhage (from left to right).

Histology slides have no canonical orientation, meaning the tissue will have the
same diagnosis from all vantage points. Therefore, the number of image patches were
augmented by*8by applying 9@degree rotations and reflections to develop a more robust
diagnostic method. Additionally, to establish a level of cédature invariance and
tolerance to differences in H&E staining between slides, the hue, saturation, brightness,
and contrast of each g were randomly manipulated to make a more rigorous training

paradigm.

7.2.4 Convolutional Neural Network Implementation

The three distinct cancer datasets in this study were employed to separately train,
validate, and test a 2DNN classifier based on theckeption V4 architecture, implemented

in TensorFlow on 8 TitadXP NVIDIA GPUs[27,192 217, 285. The Inception V4 CNN
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