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ABSTRACT 

Model-Based Analysis of In Vivo Fluorescence and 
Reflectance Spectra of Pre-cancer and Cancer 

by 

Crystal Elaine Weber 

Improving early detection of cancer represents the most promising opportunity to 

reduce the mortality and morbidity of cancer. This thesis presents model-based analysis 

of tissue reflectance and autofluorescence which is used to improve our understanding of 

the biological basis of tissue spectra in the uterine cervix and oral cavity. An analytical 

model to extract biologically and diagnostically relevant parameters from clinical 

measurements of cervical tissue is developed, validated, and implemented. In addition, 

Monte Carlo based models are used to investigate the effect of dysplastic progression and 

benign inflammation on oral cavity spectra. Results show depth-sensitive spectroscopy 

may be able to improve cancer detection and be used as an adjunct to wide field imaging 

where inflammation causes decreased specificity. 
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CHAPTER 1: INTRODUCTION 

1.1 Motivation 

Cancer is an important public health problem. Over the last 50 years, the death rate 

for most major chronic diseases has decreased by more than half in the United States 

(Figure 1) In contrast, the mortality rate for cancer has remained almost constant during 

this period, despite major technological breakthroughs. 

Death rate per 100,000 people 

Heart Diseases Cerebrovascular Diseases Influenza & Pneumonia Cancer 

Figure 1: Change in US death rate for major chronic diseases between 1950 and 2005. 

The rates have been age-adjusted to 2000 standard US population.1 
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Improving early detection of cancer represents the most promising opportunity to 

reduce the mortality and morbidity of cancer. Figure 2 shows that the 5-year survival rates 

decrease dramatically for patients who present with cancer at an increased stage. When 

detected late, survival rates are dismally low and treatment is both more expensive and 

more invasive. However, when detected early, survival rates are dramatically higher. 

Unfortunately, we lack good early detection tools for many cancers, and most patients are 

diagnosed when their disease is at an advanced stage. 

Fi\«-year survival rate 

Local Regional Distant 

Figure 2: Five-year survival rate for breast, ovary, and cervical cancer patients presenting 
with lesions at local, regional, or distant stages. 

Optical technologies offer the ability to noninvasively detect spectral alterations 

associated with morphological and biochemical changes that occur in tissue during 

neoplastic transformation and progression. Many groups have shown that diffuse 
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reflectance and/or fluorescence spectra can be used to detect precancer in various organ 

sites including the cervix, oral cavity, colon, esophagus, bladder, and lung.3"9 The work 

presented here will focus on improving cancer screening and detection in two organ sites, 

the uterine cervix and the oral cavity, by improving our understanding of the biological 

basis for the spectral changes that occur with dysplastic progression. 

1.2 Specific Aims 

The goal of this work was to develop models of tissue reflectance and fluorescence 

to improve our understanding of the morphological/biochemical source of the optical 

signature measured with spectroscopic and imaging devices in clinical trials. The results 

can guide instrumentation as well as algorithm development to further non-invasive, 

objective classification or pre-cancer and cancer. 

Specific Aim 1: Develop a physically based analytical model to analyze reflectance 

and fluorescence spectra of normal and neoplastic cervical tissue. Apply the 

combined reflectance and fluorescence model to in vivo clinical data from 330 

patients to extract physical parameters. Develop a diagnostic algorithm using the 

extracted physical parameters and assess the diagnostic performance of the algorithm 

compared to empirical parameter based algorithms. 

Specific Aim 2: Implement and validate a Monte Carlo-based model to predict the 

reflectance and fluorescence spectra measured with the shallow and deep channels of a 

depth sensitive spectroscopic probe. Conduct a sensitivity analysis that shows what 

biologically relevant changes to the optical properties will cause a spectral change in 
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each depth channel of the probe. Determine optical properties of normal and moderate 

to severe dysplasia and use them to predict measured spectra and compare the 

prediction to clinical data. Then, use the model results to provide a biologically based 

explanation of the trends seen in the clinical data. 

Specific Aim 3: Derive biologically realistic input parameters for normal oral tissue 

with inflammation from high-resolution fluorescence confocal images of tissue slices. 

Use these parameters as input to the forward Monte Carlo model of reflectance and 

fluorescence described from specific aim 2 to predict the spectra measured with the 

shallow and deep channels of a depth sensitive probe. Develop a model of a wide 

field imaging device to add to the Monte Carlo model. Predict spectra of normal, 

dysplasia, and inflammation measured by the wide field imaging device. Compare 

results of depth sensitive spectroscopy to wide field imaging to determine if depth 

sensitive spectroscopy can improve the specificity of wide field imaging in the case of 

inflammation. 

1.3 Overview 

Chapter 2 presents background material, including the anatomy and pathology of 

the uterine cervix and the oral cavity followed by a description of the pathological changes 

that occur in tissue during the neoplastic progression from normal to cancerous tissue. 

Then, a review of the instrumentation used to make measurements of tissue reflectance and 

fluorescence is provided. Finally, some of the relevant modeling studies of tissue spectra 

are described. 
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Chapter 3 is focused on the studies involving cervical cancer. The development, 

validation, and implementation of an analytical model to extract biologically and 

diagnostically relevant parameters from measured cervical tissue reflectance and 

fluorescence spectra are presented. Monte Carlo simulations of tissue reflectance are used 

to determine the relative contribution of signal from the epithelium and stroma. The 

results indicate that the clinical probe used collects a majority of its reflectance signal 

from the stroma; therefore a one-layer analytical model of reflectance is used. Two 

analytical approaches to calculate reflectance spectra are compared to Monte Carlo 

simulations and a diffusion theory-based model is implemented. The model is validated 

by fitting spectra generated from Monte Carlo simulations and comparing the input and 

output parameters. Median agreement between extracted optical properties and input 

parameters is within 10.6%. The reflectance model is used together with an analytical 

model of tissue fluorescence to extract optical properties and fluorophore concentrations 

from 748 clinical measurements of cervical tissue. A diagnostic algorithm based on these 

extracted parameters is developed and evaluated using cross-validation. The 

sensitivity/specificity of this algorithm relative to the gold standard of histopathology per 

measurement are 85%/51%; this is comparable to accuracy reported in other studies of 

optical technologies for detection of cervical cancer and its precursors. 

Chapters 4 and 5 present modeling studies performed on the oral cavity. The 

clinical devices used by our group in the oral cavity probe much shallower depths than 

those that were used in the cervical research and the assumptions necessary to use the 

diffusion equation and even higher level approximations are no longer valid. Due to this 
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a different modeling approach is necessary and forward Monte Carlo models are used due 

to their flexibility; the effect of multiple source detector geometries can be simulated over 

a wide range of optical properties. 

The application of a forward Monte Carlo model of tissue reflectance and 

fluorescence to predict spectra collected with both a shallow and deep channel of a depth 

sensitive fiber probe is presented in Chapter 4. Depth penetration statistics are evaluated 

for a set of baseline optical properties and show that the shallow channel fluorescence 

signal contains a significant amount of epithelial signal, but the other spectra are 

primarily from the stroma. The spectral sensitivity to perturbations in the optical 

properties that are biologically relevant is then presented. These perturbations include 

those associated with hyperkeratosis, hyperplasia, increased metabolic activity of cells 

within the epithelium, increased volume fraction of blood, and decreased stromal 

scattering. Finally, the model is used to predict the spectra of normal oral mucosa and 

changes which occur with moderate to severe dysplasia; the predictions are compared to 

average clinical data. The model correctly predicts a decrease in intensity in all four 

spectra and a red shift in both shallow and deep channel fluorescence spectra. The reason 

for the decreased intensity and red shift are understood using the photon depth 

information from the model. 

One limitation of spectroscopic based measurements is their small interrogation 

area; to scan the entire oral cavity would be too time consuming and uncomfortable for 

the patient. In contrast, wide field imaging allows one to image the entire oral cavity in 

reflectance and fluorescence modes. Recent clinical trial results of widefield image 
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based detection of dysplasia and cancer are very promising, but there is evidence that the 

specificity of widefield imaging may be limited due to false positives caused by 

inflammation. Inflammation can result in decreased fluorescence which appears similar 

to changes associated with dysplasia in widefield images; this can result in reduced 

diagnostic specificity. Confocal images show that although stromal fluorescence patterns 

are similar and a decreased intensity is seen in both inflammation and dysplasia, 

epithelial fluorescence patterns are different. Therefore, it is postulated that depth-

sensitive devices may be able to overcome this limitation. Inflammation is associated 

with a decrease in basal epithelial fluorescence, whereas dysplasia is associated with 

increased basal layer epithelial fluorescence. The Monte Carlo approach described in 

Chapter 4 provides a means to investigate the effect of inflammation on tissue spectra in 

order to test the hypothesis that depth sensitive instrumentation can offer a way to 

distinguish between inflammation and dysplasia. 

Chapter 5 presents the Monte Carlo predicted spectra of normal, normal with 

inflammation, and dysplastic oral tissue for three clinical devices, the shallow and deep 

channels of a fiber probe studied in Chapter 4 as well as a wide field imaging device. 

First, realistic input parameters for inflammation are obtained using quantitative analysis 

of 5 sites in the oral cavity with histologically confirmed inflammation. The fluorescence 

patterns and intensity values are used as input to the model to predict the spectra for 

normal, normal with inflammation, and dysplasia. In the case of the widefield imaging 

device, inflammation and dysplasia both give similar decreases in intensity as expected 

from previous images. The deep channel of the depth-sensitive probe is also unable to 
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distinguish the two, however; the shallow fluorescence shows a different ratio of 

epithelial to stromal fluorescence for inflammation and dysplasia and could have 

diagnostic power. 
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CHAPTER 2: BACKGROUND 

2.1 Cervical Cancer 

2.1.1 Current Screening 

The current cervical cancer statistics are proof in point that screening and early 

detection are the key to reduced mortality and morbidity. The 70% decrease in the 

incidence of cervical cancer has been credited in a large part to the Papanicolaou smear 

(Pap smear). The recent HPV vaccine will hopefully reduce it even further although 

screening will still be necessary. Even still, cervical cancer remains the leading cause of 

death in the developing world where infrastructure is not available for screening programs 

like the Pap smear. Furthermore, the Pap smear test has an average sensitivity and 

specificity of 73% and 63%.10 The low sensitivity leads to missed high-grade lesions and 

low specificity to over-diagnosed low-grad lesions.11 If a Pap smear comes back positive, a 

colposcopic examination is performed which has high sensitivity (96%), but low specificity 

leading again to over-diagnosed low-grade lesions, unnecessary biopsies, and over-

treatment. Due to these limitations, research is being pursued to find more effective and 

affordable screening tools. Optical technologies offer a promising option as they have the 

potential to provide objective diagnosis which alleviates the need for infrastructure and 

experts which makes it more affordable and translatable to remote settings. 

2.1.2 Anatomy and Pathology 

Figure 3 is a diagram of the lower female genital tract and shows the location of the 

cervix (the neck of the uterus). The portion of the cervix projecting into the vagina is the 
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ectocervix which is approximately 3 cm long and 2.5 cm wide. The opening of the 

ectocervix is called the external os. The endocervical canal connects the external os to the 

uterine cavity which ends at the internal os, the opening of the cervix in the uterine cavity. 

Fimbriae 

Fallopian tube 

Uterine cavity \ Ovary 

Figure 3: Lower female genital tract. Adapted from [12] l2. 

The cervix contains both non-keratinized squamous epithelium and simple 

columnar epithelium; the ectocervix being squamous and the endocervix columnar. The 

junction at the border of the squamous and columnar tissue is called the transformation 

zone. There are normal physiological changes that cause metaplasia in the transformation 

zone including menopause, puberty, and the menstrual cycle. Due to metaplasia occurring 

at the transformation zone it has a higher risk for cancer. Figure 4 is a diagram that shows 

the squamous epithelium, columnar epithelium, and the squamous-columnar junction as 
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well as their histology. The fact that there are two tissue types present is important because 

their optical properties are different. The squamous tissue consists of three distinct 

epithelial layers; the superficial top layer that consists of mature cells, the intermediate 

layer that consists of maturing cells, and the basal layer that consists of metabolically 

active, mitotic cells that regenerate the epithelium. The columnar tissue of the endocervix 

consists mainly of columnar cells with glandular structures for mucous secretion. The 

underlying stroma that supports the epithelium is made up of structural proteins such as 

collagen and contains vasculature allowing oxygen transport to the cells. 

- - j d r » • A \ \ 1 

\ A r m v 
Squamous-columnar 

junct ion j l 

Columnar epithelium 

Figure 4: Illustration of the different tissue types of the cervical epithelium with histology. 
Adapted from [13] l3. 

2.2 Oral Cancer 



12 

2.2.1 Current Screening 

Over 34,000 new cases of oral and pharyngeal cancer will be diagnosed this year in 

the U.S. and only half of those diagnosed individuals will be alive in 5 years.14 The 5-year 

survival rate is even lower, at 21% for patients with advanced stages of disease. 

Furthermore, despite technological advances and years of research, the survival rates for 

oral cancer in the U. S. have remained virtually the same for the past 20 years. However, 

the survival rate increases to 81% if the cancer is detected at an early state, which is why 

improved screening is so important. The current standard for oral cancer screening is 

simply an oral exam that may be performed during a dental check up or physical exam. If 

an area appears suspicious, a biopsy is taken and examined by a pathologist after staining 

with hematoxylin and eosin (H&E) to determine the diagnosis. The accuracy of the 

screening is highly dependent on the experience of the examiner, but even experienced 

specialists have difficulty discerning dysplasia from benign inflammation during a white 

light exam. In addition, multiple biopsies are necessary to confirm the diagnosis which 

require time and are painful and expensive. A non-invasive screening technique that can 

objectively detect dysplasia is needed. 

2.2.2 Anatomy and Pathology 

Figure 5 shows the anatomy (A) and the tissue architecture (B) of the oral cavity. 

The oral mucosa is a squamous epithelial tissue and has a similar architecture to the 

squamous epithelium in the cervix consisting of an epithelial layer supported by an 

underlying stroma. The sites in the oral cavity are distinguished into two groups based on 
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epithelial differentiation: keratinized and non-keratinized oral mucosa. The keratinized 

sites include the gingival, hard palate, and dorsal side of the tongue and the non-keratinized 

sites include the ventral surface of the tongue, soft palate, lips, floor of mouth, and buccal 

(cheek). 

Gingiva 

Tonsil -

Tongue -

Floor of 
Mouth 

T 

Incisors 
Hard Palate 

Soft Palate 
Uvula 

B 
Squamous 
superficial 

cells 

Germinative 
cells 

Basement 
membrane 

Connective 
tissue 

Figure 5: (A) Anatomy of the oral cavity (adapted from [15]15) and (B) Illustration of 
squamous epithelial tissue architecture (adapted from [16]16) 
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2.3 Dysplastic Progression 

The stepwise progression of normal squamous epithelium to invasive cancer is 

characterized by morphological changes that include increased nuclear size, increased 

nuclear to cytoplasmic ratio, increased rate of mitosis, and hyperchromasia. In addition, an 

increase in microvessel density in the stroma accompanies dysplastic progression due to 

angiogenesis.17 The precancer is graded by the fraction of the epithelium that contains 

dysplastic cells. There have been many naming systems for precancers. The convention is 

to describe oral lesions as mild, moderate, severe dysplasia, or carcinoma in situ (CIS). In 

this system, dysplastic cells occupying the lower third of the epithelium is considered mild 

dysplasia, the lower third to two-thirds is moderate dysplasia, and the lower two-thirds to 

full thickness is severe dysplasia. They are also classified by cervical intraepithelial 

neoplasia (CIN) grades or squamous intraepithelial lesion (SIL) grades where mild 

dysplasia is considered CIN1, moderate dysplasia is CIN2, and severe and CIS are CIN3. 

Finally, low-grade SIL (LGSIL) and high-grade SIL (HGSIL) are also used to group the 

lesions into two groups where CIN1 is in LGSIL and CIN2 and CIN3 are HGSIL. 

2.4 Optical Characteristics of Tissue 

Tissue is an optically turbid media that efficiently scatters light and has many 

endogenous chromophores. The light scattering, absorption, and fluorescence properties 

change with dysplastic progression and this allows reflectance and fluorescence 

spectroscopy or imaging to be used for detection. Since both cervical and oral cancer are 

epithelial cancers, the changes that occur in the tissue are similar with neoplastic 
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progression so the following will describe the optical characteristics of tissue in general and 

will point out differences in the two when appropriate. 

2.4.1.1 Scattering 

Scattering in tissue arises due to differences in the index of refraction between 

extracellular, cellular, and sub-cellular components. Angular measurements of elastic 

scattering from cells show nuclei and other cytoplasmic organelles caused scattering.18 In 

addition, Drezek, et al. used a finite-difference time-domain model of cellular light 

scattering to determine how the scattering of cells changes throughout neoplastic 

progression. 19 They found nuclear atypia strongly affected the scattering properties and 

increased size and elevated DNA content of nuclei in high-grade lesions had the biggest 

effect on the scattering intensity causing abnormal cells to have increased scattering cross-

sections. Arifler, et al. studied the scattering of normal and dysplastic cells as a function of 

depth and found scattering decreases in dysplasia and is also dependent on depth with 

scattering decreasing in the intermediate layer compared to the superficial and basal 

layers.20 

2.4.1.2 Chromophores 

Tissue has a variety of chromophores including absorbers as well as endogenous 

fluorophores. The endogenous fluorophores include aromatic amino acids, structural 

proteins, cofactors, lipids, and porphyrins.21 The fluorophores that are responsible for the 

majority of the fluorescence collected with clinical devices include keratin (oral cavity 

only), collagen, reduced nicotinamide adenine dinucleotide (NADH), and flavin adenine 
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dinucleotide (FAD). Fluorescence excitation emission matrices (EEMs) of these 

fluorophores are shown in Figure 6. 
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Figure 6: Fluorescence EEMs of (a) NADH, (b) FAD, (c) keratin, (d) type 1 collagen, (e) 
type 2 collagen, and (f) type 3 collagen. Adapted from [22] 22. 

Confocal images of tissue slices from fresh biopsies have shown increased 

fluorescence from basal cells in the epithelium consistent with increased NADH 

concentration due to dysplasia and decreased stromal fluorescence due to a breakdown of 

collagen type 1 crosslinks.23"24 

The excitation light as well as light generated by the fluorophores can be absorbed 

by chromophores. Hemoglobin is one of the absorbers found in the stroma in the 
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vasculature and plays a major role in absorption of both excitation light as well as light 

emitted from endogenous fluorophores. Since increased microvessel density occurs with 

dysplastic progression an increase in characteristic hemoglobin absorption spectrum is seen 

in measured reflectance and fluorescence spectra.17 Zonios, et al. measured an increase of 

2 5 

6 times the normal hemoglobin concentration in adenomatous polyps. 

2.5 Instrumentation 

Optical technologies offer a promising approach to real-time, non-invasive, 

objective, accurate diagnosis of cancer. Optical spectroscopy and imaging devices have 

both been used to collect tissue reflectance and fluorescence. For spectroscopy, the 

majority of the studies have been performed with FastEEM-type instruments. FastEEM 

stands for fast excitation emission matrix. A FastEEM instrument measures has the ability 

to measure reflectance spectra as well as 3-D fluorescence excitation emission matrices of 

tissue. An example of one of the devices used in our lab is in Figure 7. The basic 

components can be seen in the diagram in Figure 7. A light source is needed to provide 

broad band white light for reflectance measurements and excitation light of a particular 

wavelength and bandwidth for fluorescence measurements. The light is delivered to the 

tissue via a fiber optic probe which also collects the light back from the tissue. The light is 

then dispersed by a spectrograph onto a charge coupled device (CCD). 

Figure 8 shows an example of the tip of a fiber probe. In this particular probe there 

are six different source detector separations labeled 1-6 in Figure 8; the D is where the light 

is delivered and 1-6 are the collection fibers. The different distances between the source 
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and detector allow interrogation of different regions of the tissue. The probe diagramed in 

Figure 8 is the one used for the clinical measurements of cervical tissue that are analyzed in 

Chapter 3. 
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Figure 7: Diagram (left) and photograph (right) of a FastEEM device used to measure in 
vivo reflectance and fluorescence spectra of cervical tissue. Adapted from [26] 26. 
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Figure 8: Diagram of the fiber optic probe with 6 source detector separations. D: delivery 
fiber, 1-6: collection fibers. Adapted from [27] .27 

There are a variety of different probe designs that have been considered including 

angled fibers for a shallower interrogation depth as well as a ball lens coupled fiber probe 

designed by our group that is shown in Figure 9.28 The top panel of Figure 9 shows a 

diagram of the fibers and the ball lens. The middle panel shows the end view indicating the 

different depth channels. The light is delivered and collected through the ball lens for the 

shallow and medium channels, but the deep channels are direct contact fibers similar to the 

probe in Figure 8. The bottom panel of Figure 9 shows a picture of the probe that is used to 

make the measurements; note: it is similar to the size of a pencil and angled for ease of use 

in the oral cavity. 
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Figure 9: Depth sensitive fiber optic probe used for oral tissue measurements, (top) 
diagram of the fibers showing the ball lens configuration, (middle) end view of probe 
showing different depth channels, (bottom) picture of the probe. Adapted from [27]28. 

The design of the ball lens coupled probe was intended to provide depth sensitive 

spectroscopy capabilities. In order to quantitatively determine the depth profile for each 

channel, fluorescence measurements were performed as a function of depth from a thin 

fluorescence target. Figure 10 shows the results of this experiment providing a depth 

profile for the three channels. For reference, a typical value for the depth of the epithelium 

in the oral cavity is around 300 |am. This indicates the shallow channel collects both 

epithelial and shallow stromal signal, the medium channel both epithelial and stromal 

signal, and the deep channel mostly stromal signal. This is the probe modeled in Chapters 

4 and 5 and used to make the clinical measurements in Chapter 4. 
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Figure 10: Depth profile for shallow, medium, and deep channels of the depth sensitive 
probe. Adapted from [27]28. 
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Figure 11 shows an example of a device used for wide field imaging of tissue 

autofluorescence and reflectance.29 This device is a research grade instrument based on a 

dental microscope capable of measuring tissue autofluorescence at multiple excitation 

wavelengths as well as white light reflectance and cross polarized reflectance. This device 

is the basis for the model of the wide field imaging device in Chapter 5. Much simpler 

devices that do not even have digital imaging capability but only provide a means for a 

clinician to visualize tissue autofluorescence at one wavelength are now commercially 

available and FDA approved. 
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Figure 11: Photograph (top) and diagram (bottom) of wide field imaging device for 
measuring tissue reflectance and fluorescence in the oral cavity. Adapted from [28]29. 
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Figure 12 is wide-field image of oral tissue with inflammation; (a) is a white light 

image and (b) a corresponding autofluorescence image. The loss of fluorescence seen in 

the area of the tissue that was determined to be normal with inflammation illustrates a 

possible limitation of wide-field imaging. A similar decrease in fluorescence with 

dysplastic progression is used for the discrimination in the algorithms that have been 

successful and would give false positives from the loss of fluorescence seen in benign 

inflammation. However, there are many cases of benign inflammation that have been 

successfully classified with wide field imaging so the magnitude of the limitation is not yet 

known. Chapter 5 describes a possible way to avoid the limitation inflammation may 

present to wide-field imaging by combining it with depth sensitive spectroscopy. 

a . b. 

Figure 12: Wide-field image of benign inflammation in (a) white light and (b) 
autofluorescence mode. Note the loss of fluorescence in the region of inflammation 
outlined in yellow. Images courtesy of Dr. Vigneswaran, UT Health Science Center, 
Dental Branch. 

2.6 Monte Carlo Modeling Studies of Oral Tissue 

Chapters 4 and 5 use a forward Monte Carlo based model to predict depth sensitive 

tissue spectra. The following section will provide a brief background on the way Monte 

Carlo models are used to model light propagation in tissue as well as describing a half ball 
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lens model and method of using high resolution confocal images to provide input optical 

properties. 

2.6.1 Monte Carlo Method 

Monte Carlo simulations are an alternative approach to analytical models of light 

propagation in tissue. They offer the advantage of not being limited by a range of tissue 

properties or probe geometries; however they are computationally very expensive. 

However, the analytical models used in Chapter 4 for the cervical probe geometry are not 

valid for the depth sensitive probe which is why a Monte Carlo approach is used for the 

forward models in Chapters 5 and 6. The basis for the Monte Carlo approach for modeling 

light propagation in tissue is to simulate a larg&> number of photons (at least 106 and 

normally 107-108) using a random walk in a medium described by absorption, scattering, 

and fluorescence properties. The main steps in the simulation are as follows: 

1) Initialize the photon trajectory by random assignment of possible trajectories 

out of the source fiber based on the size and numerical aperture of the fiber. 

2) Determine a random step size for the photon based on the mean free path for 

absorption and scattering. 

3) Move the photon, determine if it is absorbed based on the attenuation 

coefficient. If it is absorbed, it may be remitted based on the fluorescence 

efficiency. If it is not absorbed or is remitted it continues on, otherwise it is 

dead. 



26 

4) Determine the scattering angle and step size using the anisotropy and scattering 

and absorption coefficients and scatter the photon to its new position. Once 

again, it can be absorbed and die, be absorbed and emitted to continue, or not be 

absorbed and continue. 

5) Repeat step 4 until the photon either exits the tissue or dies. 

6) If the photon exits the tissue, determine if it will be detected by comparing its 

position and trajectory to the position and numerical aperture of the detection 

fiber. If the photon is detected record it as reflectance or fluorescence based on 

whether it was absorbed and emitted or just multiply scattered. 

7) Repeat for 106-107 photons to obtain statistically significant results. 

More details on the model are given in the proceeding Chapters. 

2.6.2 Half Ball Lens Model 

A simplified model of the ball lens coupled probe was developed and validated 

based on a half ball lens plus a cylinder shaped lens.30 Figure 13 shows the geometry of the 

half ball lens (left) and the predicted intensity compared to the measured intensity of the 

depth profile experiment with the thin fluorescence target described in section 2.5. The 

agreement between the prediction and measured data for the shallow channel depth 

response provides validation of the simplified model of the ball lens geometry. 
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Figure 13: Half ball lens model geometry (left) and validation (right). The model was used 
to predict the fluorescence as a function of depth from a thin fluorescent target and 
compared to measured data. Adapted from [29]30. 

2.6.3 Input Parameters for Monte Carlo Models 

In order to correctly predict spectra using the MC modeling approach, biologically 

realistic input parameters of the tissue are required. One approach that has been used in 

this dissertation in Chapter 5 to obtain parameters of oral inflammation was developed by 

Pavlova, et al. in our group. 24,30"31 High resolution fluorescence confocal images of fresh 

tissue slices of biopsies were taken at UV and 488 nm excitation. After background 

subtraction, the mean fluorescence intensity was calculated for both UV and 488 images 

within regions that showed similar fluorescence patters. From this, a 5-layer model of oral 

tissue was developed consisting of 3 epithelial layers and 2 stromal layers. This model is 

used in Chapters 4 and 5 of this dissertation where a more detailed description of the 

layered tissue model is given. Figure 14 shows an example of a series of confocal images 

taken from sites with different diagnosis: normal (a), normal with inflammation,(b) mild 
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dysplasia(c) and cancer(d).31 The average fluorescence intensities from these images were 

used as input to the Monte Carlo model to predict the site specific fluorescence detected by 

the ball lens probe and the results are compared to measurements in Figure 15. 

( c ) ( d ) 

Figure 14: High resolution fluorescence confocal images (UV excitation) of (a) normal, (b) 
normal with inflammation, (c) mild dysplasia and (d) cancer. The white line represents the 
basement membrane which is the dividing line between the epithelium and the stroma. In 
cancer, the layered structure is lost so there are no longer separate layers. The scale bars 
are 200 pm. Adapted from[30]31. 
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Figure 15: Comparison of Monte Carlo predictions and clinical data for 4 oral sites. 
Adapted from31. 

This model was also used to predict average normal and dysplastic oral tissue using 

average input optical properties. The results are compared to average clinical data in 

Figure 16. Figure 16a shows the predicted measurements of fluorescence spectra for the 

shallow channel match the trend seen in the average clinical data: a decrease in intensity 

and red shift from normal to dysplasia. In addition, in Figure 16b,c the number of detected 

photons from the epithelium and the stroma are compared for (b) normal and (c) dysplasia. 

This information is used to understand the biological basis of the decrease in intensity and 

red shift seen in dysplasia. In dysplasia, the decreased signal is due to decreased stromal 

signal which increases the fraction of fluorescence from the red-shifted epithelial 

fluorescence emission. In Chapter 4 of this thesis I have extended this work to model the 

deep channel of the depth sensitive probe to compare the information collected from the 

two depths. In addition, I have developed a reflectance version of the model to determine 

what can be gained diagnostically by measuring shallow and deep reflectance and 

fluorescence. 
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Figure 16: (A) Monte Carlo predictions compared to average clinical measurements for the 
shallow channel of the depth sensitive probe for normal and moderate to severe dysplasia. 
(B-C) Number of detected photons from the epithelium and stroma for (B) normal and (C) 
moderate to severe dysplasia. Adapted from [29]30. 
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CHAPTER 3: MODEL-BASED ANALYSIS OF REFLECTANCE AND 

FLUORESCENCE SPECTRA FOR IN VIVO DETECTION OF CERVICAL 

DYSPLASIA AND CANCER1 

3.1 Introduction 

Optical techniques offer the ability to non-invasively detect spectral alterations 

associated with morphological and biochemical changes that occur in tissue during 

neoplastic transformation and progression. Many groups have shown that diffuse 

reflectance and fluorescence spectra can be used to detect precancer in the cervix and other 

organ sites.8'25'32"39 A recent article reviewed twenty-six studies that reported diagnostic 

algorithms based on diffuse reflectance spectra, fluorescence spectra or the combination; 

approaches which combine reflectance and fluorescence spectra offer the advantage of 

monitoring morphologic changes using reflectance spectra and biochemical changes using 

fluorescence spectra, and generally result in higher diagnostic accuracy.40 

A variety of empirical methods have been used to reduce the dimensionality of 

tissue fluorescence and reflectance spectra to develop classification algorithms for 

detection of neoplasia.3'8'36'39'41"44 Physically based models have also been used to extract 

tissue spectroscopic parameters for use in classification algorithms.25'45"48 Although 

1 The work describe in this chapter was done solely by the author of the thesis unless otherwise noted. This content of this 
chapter has been published in the following journal article: Crystal Redden Weber, Richard A. Schwarz, E. Neely Atkinson, 
Dennis D Cox, Calum MacAulay, Michelle Follen, and Rebecca Richards-Kortum, "Model-Based Analysis of Reflectance and 
Fluorescence Spectra for In Vivo Detection of Cervical Dysplasia and Cancer", Journal of Biomedical Optics 13(6):064016, 2008. 
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diagnostic performance is typically similar for physical and empirical methods, physical 

models give insight into the changes occurring in the tissue that can be probed 

spectroscopically. Accurate extraction of optical properties from the in vivo spectra could 

perhaps provide better diagnostic accuracy and can potentially provide insight into 

understanding which precancerous lesions will progress and which can be left untreated. 

The goal of this Chapter is to develop and evaluate a physically based model to 

analyze fluorescence and reflectance spectra of normal and neoplastic cervical tissue. We 

have previously reported an analytical model to extract cervical tissue optical properties 

from fluorescence spectra.49"50 The development of an analytical model to analyze both 

cervical tissue fluorescence and reflectance offers several important advantages. The 

combination of both techniques offers the opportunity to improve diagnostic performance. 

In addition, reflectance spectra can be analyzed to determine tissue absorbance and 

scattering properties, reducing the number of free model parameters which are 

subsequently needed to analyze fluorescence data. 

In this Chapter, I evaluate several reflectance based models together with our 

fluorescence model to analyze clinical spectra of normal and neoplastic cervical tissue. A 

number of analytical models have been developed to describe tissue reflectance. Many are 

based on diffusion theory, despite its known limitations in tissue at short source-detector 

separations as well as the finite range of optical properties at which it is valid.46 Sun et al. 

developed a diffusion-based reflectance model that extracts tissue optical properties from 

normalized spectra and tested it using data obtained at various source-detector 

separations45 Zonios et al. applied a diffusion-based reflectance model to analyze 
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reflectance data from human adenomatous colon polyps in vivo.25 In addition to diffusion-

based models, higher order approximations have been proposed. Hull and Foster proposed 

a model using the P3 approximation to the Boltzmann transport equation as well as a hybrid 

dif fusion^ approximation (P3-Hybrid).46 This approximation expands the Boltzmann 

transport equation in terms of Legendre polynomials. The Pk approximation refers to 

truncating the expression after the kth polynomial; diffusion theory is formally the Pi 

approximation. Palmer et al. developed a Monte Carlo-based inverse reflectance model 

and applied it to ex vivo human breast tissue samples.47 Reif et al. developed an empirical 

model for reflectance based on Monte Carlo (MC) simulations and tissue phantom 

48 experiments. 

I initially performed MC simulations of cervical tissue reflectance to determine 

whether cervical tissue reflectance could be described using a one-layer or two-layer 

geometry. I then compared the results of the P3-Hybrid model proposed by Hull and Foster 

and the diffusion-based model used by Sun et al to the results of MC simulations to 

determine the level of complexity needed to accurately extract optical properties from 

diffuse reflectance spectra of cervical tissue. Finally, I combined the resulting analytical 

model of tissue reflectance together with our analytical model of tissue fluorescence to 

create an adjoint model which could be used to extract tissue optical properties from 

measurements of tissue fluorescence and reflectance. This inverse adjoint model was 

applied to in vivo clinical data from 330 patients and the diagnostic performance of the 

algorithm based on the extracted parameters is assessed. 

3.2 Methods 
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3.2.1 Overview 

Cervical tissue is comprised of an epithelial layer and an underlying stromal layer. 

Figure 17 shows the fiber optic probe geometry used to collect clinical measurements of 

cervical tissue. Fluorescence measurements are obtained through a central channel of the 

probe, while reflectance measurements are obtained at several different source-detector 

separations, ranging from 250 (j.m to 3 mm. The fiber optic probe configuration determines 

the depth of tissue which is interrogated. It has been shown previously that tissue 

fluorescence collected with this device samples fluorescence contributions from both the 

epithelium and the stroma.22'50 I performed Monte Carlo simulations to determine the 

fraction of reflectance signal produced in the epithelium and stroma for this probe 

geometry. Next, I compared two different reflectance models to the results of the MC 

simulations to determine what level of complexity is needed to describe the data collected 

clinically. Finally, the previously developed two-layer fluorescence model was combined 

with the reflectance model chosen to extract optical properties from clinical data. 

Figure 17: Diagram of the fiber optic probe used to measure the in vivo fluorescence and 
reflectance spectra. The fluorescence is collected thru the large central region and the 
reflectance is collected at six source-detector separations at distances from the detector 0.25 
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mm (1, referred to as SDO), 0.5 mm (2, referred to as SDa), 0.75 mm (3, referred to as 
SDb), 1.1 mm (4, referred to as SD1), 2.1 mm (5, referred to as SD2), and 3.0 mm (6, 
referred to as SD3). Adapted from [27].27 

3.2.2 Model Input Parameters 

Cervical tissue was modeled as a 300 pm thick epithelial layer above a semi-

infinite stromal layer. Wavelength independent scattering anisotropy values of 0.97 and 

0.88 were used for the epithelium and stroma, respectively. The scattering and absorption 

coefficients for squamous normal cervical tissue were used as described in 49, except that a 

hemoglobin oxygen saturation value of 85% was assumed. The scattering and absorption 

coefficients for high grade precancer are based on results in 50. The scattering in the 

epithelium is increased by a factor of three relative to normal tissue for high grade 

precancer and the scattering in the stroma is decreased by a factor of 0.75 relative to normal 

tissue. The absorption in the epithelium is unchanged from that in normal tissue for 

modeling high grade precancer, but the absorption in the stroma is increased by a factor of 

two relative to that of normal tissue. 
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Figure 18: Squamous normal (SqN) and high grade (HG) tissue optical properties used as 
input for modeling, (a) absorption coefficient (b) scattering coefficient. Adapted from [271 
27 

Figure 18 shows the resulting wavelength-dependent absorption and scattering coefficients 

used to model squamous normal cervical tissue and high grade cervical precancer. These 

values were used as input to both analytical models of reflectance and MC simulations. 

The input parameters do not take into account time dependent effect of acetic acid 

application that has been described by Balas.51 The changes that can occur to the epithelial 

scattering coefficient over time due to acetic acid application do not have a substantial 

effect on the reflectance spectrum measured by our device since most of the signal is from 

the stromal layer. 
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3.2.3 Monte Carlo Model 

The fixed-weight, multi-layered Monte Carlo (MC) code has been previously 

described and validated by Arifler, et al..49 The MC simulations use typical optical 

properties of normal and high grade cervical tissue: absorption coefficient (pa), scattering 

coefficient (ps), and anisotropy (g). Monte Carlo simulations were carried out for normal 

tissue and high grade precancer, modeling tissues both with a two-layer geometry, with a 

thin epithelial layer on top of the underlying stroma, and a one-layer geometry consisting of 

only a stromal layer. 

3.2.4 Diffuse Reflectance Models 

3.2.4.1 Diffusion Theory 

The diffusion theory model used the formulation presented in 45. Figure 19 shows 

the boundary-mismatched 2D semi-infinite homogeneous tissue model used in 45. 

Incident Fiber Collection fiber 

; z-axis * 

Figure 19: Diagram of the tissue model used in [45].45 
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The following expression for the detected reflectance, Rd(r) is used for the forward model, 

An M, 
Veff + — • + — + 2Za 

M, 
Veff 

~feffr2 

'2 y Eq(l) 

The transport albedo is defined as a = — r , where jus = fis (1 - g) and g is the 
Ma+Ms 

anisotropy. The total interaction coefficient is ju, = jua + /js . The effective attenuation 

coefficient is fj.eff = -^3na {p.a + ju's). The distance from the scattering source to the 

detector is r{ = yj(z-z0)2 +r2 where z is the distance into the tissue from the surface, zQ 

is the depth of the scatterer. The corresponding distance to the image source is 

r2 = yj(z + z0 -2zb)2 +r2 . zb is the distance from the tissue surface to the extrapolated 

boundary and is defined as zb=2AD, where 
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refractive indices. The diffusion constant is defined as D -• 
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3.2.4.2 P3-Hybrid Approximation 

The reflectance expression used for the P3-Hybrid forward model, derived in 46, is 

Rd (n z0) = (r; z0) + C jz (r; z0 )](Adeteclor). The detected reflectance is " EBC, asymptotic J EBC 

modeled as the sum of the fluence and flux with appropriate coefficients multiplied by the 
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area of the detector used where, <bn = (—, . )and 

f 

. The variables are all defined in the same way as for the diffusion theory except for /f , the 

l + Reff internal reflectance dependent constant. In the P3-Hybrid model, A = , where 
l ~ R e f f 

"A "A 
Reff = * C R j n ' = [2 sin ̂  cos ORFresnei (0)d0, and = {3 sin £ cos2 6RFresnel(8)dd 

2-K^+Rj 0J 0 

where RFresnd (0) is the Fresnel reflection coefficient. 

3.2.5 Fluorescence Model 

The fluorescence model used has been previously described in detail in 50. 

Fluorescence spectra measured at four excitation wavelengths, 340, 350, 360, and 370 nm, 

are fit to an analytic expression for tissue fluorescence to extract optical properties of the 

tissue. The extracted parameters include the concentration of fluorophores NADH, keratin, 

FAD, and three types of collagen crosslinks, the scattering coefficient of the epithelium, the 

stromal hemoglobin and protein concentrations, the intensity and slope of the scattering 

coefficient of the stroma, and the hemoglobin oxygen saturation. 

3.2.6 Adjoint Inverse Model 

The adjoint inverse model allows for extraction of optical properties from the 

collected reflectance and fluorescence spectra. Tissue reflectance spectra are first fit to an 
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analytical expression to obtain n a and of the stromal layer. Tissue fluorescence 

spectra are then fit to the analytical expression for fluorescence using the optical properties 

detected from reflectance spectra and allowing the epithelial scattering and fluorescence 

concentrations to vary. 

3.2.7 Instrumentation 

A fiber optic point probe was used to measure the reflectance and fluorescence 

spectra of normal and precancerous regions in 330 patients. Measurements were made of 

squamous normal tissue, columnar normal tissue, and tissue at the squamous-columnar 

junction which may contain both squamous and columnar tissue. The details of the 

instrumentation used can be found in 52. Briefly, an arc lamp and filter wheels act as the 

illumination source and the diffuse reflectance and fluorescence spectra are collected 

through a fiber probe coupled to a spectrograph and CCD camera. Fluorescence spectra 

were collected at excitation wavelengths between 300 and 530 nm in 10 nm increments. 

Reflectance spectra were collected at six different source-detector separations ranging 

from 0.25 mm to 3.1 mm over a wavelength i&nge of 350 to 650 nm every 1 nm. The 

reflectance signal was referenced to a measurement made with the probe placed in the 

input port of an integrating sphere. Data processing of the raw signal is necessary to 

ensure that the absolute signal intensity and spectral shape of the reflectance spectrum are 

accurate. The steps involved include: (1) background subtraction, (2) exposure time 

normalization, (3) wavelength calibration, (4) data smoothing, and (5) system response 

calibration and illumination power normalization 26 
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3.2.8 Study Protocol 

The study protocol was reviewed and approved by the Institutional Review Boards 

at the University of Texas M. D. Anderson Cancer Center, Rice University, the British 

Columbia Cancer Agency, and the University of Texas at Austin. Details of the clinical 

study are provided in 50. Written consent was obtained from all subjects. There are 748 

fluorescence and reflectance spectral measurements used in this analysis and they account 

for 615 unique sites in 330 patients. This data set is a subset of the data collected in a 

multi-center phase II clinical trial; our analysis only includes the data measured with one 

generation of the device used in the trial. The diagnostic categories used for analysis were 

Normal (normal epithelium, inflammation, metaplasia), LG (low grade including atypia, 

HPV-associated change, grade 1 cervical intraepithelial neoplasia), CIN2 (grade 2 cervical 

intraepithelial neoplasia), and CIN3+ (grade 3 cervical intraepithelial neoplasia and 

cancer). Table 1 shows the diagnosis and tissue type statistics for the data analyzed in this 

study. The classification was performed to discriminate Normal and LG from CIN2, and 

CIN3+. 
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Number of Measurements Diagnosis Number of Measurements 

Normal LG CIN2 CIN3+ All 
Ti

ss
ue

 T
yp

e 

Squamous 302 56 13 12 383 

Ti
ss

ue
 T

yp
e Mixed 93 98 53 64 308 

Ti
ss

ue
 T

yp
e 

Columnar 46 9 2 0 57 Ti
ss

ue
 T

yp
e 

All 441 163 68 76 748 

Table 1: Statistical breakdown of the data by tissue type and diagnosis. 

3.2.9 Statistical Analysis 

The training set was split into five groups to perform five-fold cross validation to 

estimate the diagnostic performance of the algorithm based on the extracted parameters. 

Principal components of the measured spectra were also used as features in the algorithm to 

compare the performance of the physical parameters to empirical parameters. 10 principal 

components were obtained from the SD1 reflectance spectrum, 10 from the SD3 

reflectance spectrum, and 10 from 4 concatenated fluorescence spectra (excitation from 

340 - 370 nm); over 99.9% variance was accounted for in each case. Forward stepwise 

feature selection based on the highest area under the receiver operating characteristic curve 

was used to determine the feature set used in the algorithm. Linear discriminant analysis 

was used for classification. 
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3.3 Results 

In order to determine whether a one-layer model was adequate to describe the 

reflectance spectra, both two-layer and one-layer Monte Carlo (MC) simulations were 

performed for each source-detector separation. The two layer simulations were performed 

at emission wavelengths from 350 to 650 nm in 10 nm increments. The one layer 

simulations were performed in 1 nm increments from 350 to 650 nm. All the simulations 

included 108 photons and three simulations were averaged for each wavelength. The 

standard deviation of the three simulations was orders of magnitude lower than the average. 

As the results in Figure 20 indicate, at the source-detector (SD) separation values measured 

here, the epithelium makes minimal contribution to the detected signal. All further 

reflectance modeling was done assuming tissue could be described as a single layer with 

optical properties of stroma. 

Figure 20 compares the results of the MC models to the two analytical models of 

reflectance at each source-detector separation. The diffusion theory forward model is used 

to set the scale; normalization occurs at 500 nm. A scale factor is determined for the 

normal and high grade cases separately and the average of the two is used to scale the MC 

and P3-Hybrid spectra. All four models are in good agreement for all source-detector 

separations except for SD0. This is expected because for SD0, the transport albedo is low 

and the source-detector separation is only 0.25 mm. Since both forward models adequately 

describe the shape of the MC simulations with good agreement, the simpler diffusion-based 

model was chosen for further analysis. 
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Figure 20: Diffusion-based forward model, P3-Hybrid forward model, 1- and 2-layer MC 
simulations are compared for all source-detector separations. SqNMCIIyr is the one layer 
MC simulation for the squamous normal (SqN) input parameters, SqNMC21yr is the two 
layer MC simulation for SqN input parameters, SqNDT is the diffusion theory model for 
SqN input parameters, and SqNP3 is the P3-Hybrid forward model for the SqN input 
parameters. The legend entries for the high grade dysplasia (HG) input parameters are 
defined similarly. The differences are very small except at SDO for both squamous normal 
and high grade. Neither diffusion theory nor P3-Hybrid is expected to be valid at SDO. A 
one layer stroma model is sufficient to model the data. Adapted from [27]21. 

Figure 21 compares the results of the one-layer MC simulation, the diffusion theory 

forward model, and the average clinical data for both squamous normal and high grade 

precancer. For clarity the standard deviation of the average clinical data is not shown in 

Figure 21, but for reference the standard deviation for the squamous normal clinical data at 

500 nm is 0.1667. Again, except for SDO (source-detector separation 0), the models and 



45 

clinical data are in good agreement, and show separation between spectra of normal tissue 

and high grade precancer. 
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Figure 21: Validation of one-layer MC and diffusion-based models against in vivo clinical 
measurements for both squamous normal and high grade. Spectra are normalized at 
emission wavelength of 500 nm to an average of the SqN and HG forward models. 
Adapted from [27] 1. 

In order to validate that reflectance spectra could be fit to this analytical expression 

to accurately extract tissue optical properties, spectra generated using MC simulations were 

fit to this expression. The parameters extracted from the inverse model fit to the Monte 

Carlo simulation were compared to the input parameters of the Monte Carlo simulation. 

Figure 22 shows the fits to the MC simulations for SDa, SDb, SD1, SD2, and SD3 for 

squamous normal as well as high grade input parameters. The extracted parameters are 
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plotted in Figure 23. The median value of the percent difference between input and output 

spectra for all the extracted parameters is 10.6%; parameters extracted from the inverse 

model capture the expected differences between squamous normal tissue and high grade 

precancer. 
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Figure 22: Results of applying the inverse model to the MC generated spectra for both 
squamous normal and high grade input parameters at source-detector separations greater 
than SDO. The fit is extremely good in all cases. Adapted from [27]27. 
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Figure 23: Comparison and extracted optical properties after fitting the Monte Carlo 
generated spectra with known input optical properties. The model captures the increase in 
absorption with disease, both with increase in Vf(blood) and increase in [protein]. The 
decrease in scattering is also evident by a decrease in A as well as a decrease in C^Sat. The 
trends are consistent for all five source-detector separations evaluated. Adapted from [27] 
27 

The inverse reflectance model was used to fit 748 clinical measurements of tissue 

reflectance. The fit parameters were the volume fraction of blood (vf {blood)), the 

hemoglobin oxygen saturation (0 2 Sa t ) , the concentration of structural protein ([Pr otein]), 

and two constants describing the strength (A ) and shape (b) of the scattering in the stroma. 

Using these parameters as input, the fluorescence model was applied to extract the 

remaining fluorescence parameters. Box plots of selected extracted parameters are shown 

in Figure 24. The clinical data is separated into five groups based on the type of tissue and 

stage of disease for the measurement: squamous normal, mixed squamous and columnar 



48 

normal, columnar normal, all tissue types with CIN2, and all tissue types with CIN3 or 

cancer. Figure 24a shows the median epithelial scattering coefficient; this parameter 

increases from squamous normal to high grade disease, but it is also increased in columnar 

tissue. Figure 24b shows the concentration of protein in the stroma; squamous normal 

tissue has lower concentrations of protein where as both columnar tissue as well as high 

grade precancer have higher stromal protein concentrations. Figure 24c shows the 

concentration of keratin in the epithelium; it is higher in squamous normal than in 

columnar tissue and precancer. Figure 24d shows the concentration of NADH in the 

epithelium; the concentration is higher in columnar tissue than in squamous normal and 

precancer. 
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Figure 24: Example boxplots of optical properties extracted from w vivo clinical data. 
Scale chosen may exclude some outliers. The categories shown are squamous normal 
(SqN), mixed squamous and columnar normal (MixN), columnar normal (ColN), grade 2 
cervical intraepithelial neoplasia (CIN2), and grade 3 cervical intraepithelial neoplasia and 
cancer (CIN3+) (a) ps from the epithelium extracted from the fluorescence spectra (b) 
[Protein] from the stroma extracted from the reflectance spectra (c) [keratin] extracted from 
the fluorescence spectra (d) [NADH] extracted from the fluorescence spectra. Adapted 
from [21 f . 

Using five-fold cross validation, a simple linear discriminant classification 

algorithm was developed and used to classify the measurements based on the extracted 

inverse adjoint model parameters as features. The resulting receiver operating 

characteristic (ROC) curve is shown in Figure 25. An ROC curve was also generated for a 

per-patient classification. These curves were generated using the worst diagnosis based on 

pathology as the gold standard and the highest posterior probability from the classification 
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algorithm as the prediction. To compare the diagnostic performance of the adjoint model 

parameters to empirical parameters the ROC curve achieved using principal components 

(PCs) of the spectra is also shown. Also plotted in Figure 25 are the sensitivity and 

specificities for selected spectroscopy and imaging studies reported in [40]40. 

ROC Curve 

Figure 25: ROC curve generated from posterior probability output of linear discriminant 
analysis-based algorithm performed on 748 measurements from 330 patients. Separate 
ROC curves are also generated based on the posterior probability of each measurement and 
each patient. In the case of the patients, the worst diagnosis is used as well as the worst 
posterior probability. Results from other studies are show with the number of patients 

9 7 used in the analysis. Adapted from [27] . 
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3.4 Discussion and Conclusions 

The adjoint reflectance and fluorescence model presented here provides a means to 

interpret the detected spectroscopic changes associated with neoplastic progression. The 

model accurately extracts twelve parameters; five from the reflectance spectra and seven 

from the fluorescence spectra. The reflectance parameters are the volume fraction of 

blood, the hemoglobin oxygen saturation, the concentration of structural protein, and two 

constants describing the strength and shape of the scattering in the stroma. The 

fluorescence parameters include the scattering coefficient of the epithelium and six 

fluorophores concentrations: NADH, FAD, keratin, and three types of collagen. By 

extracting these parameters from in vivo clinical data an understanding of the biochemical 

changes occurring with neoplastic progression can be realized. 

In addition, the optical properties extracted with the adjoint model can be used for 

classification of lesions. In order to evaluate the use of the adjoint model parameters as 

classification features the performance of the classification algorithm using the adjoint 

model parameters was compared to the performance if principal components were used as 

features instead. The per measurement classification performance was better for the adjoint 

model parameters than for principal components for our data set (Figure 25). This implies 

that the model extracts parameters that are biologically significant without giving up 

diagnostic potential available by empirical means of data reduction. Physically based 

models that are valid for shorter source-detector separations including SDO are needed to 

fully capitalize on the data available from this study. The signal from the shorter source-
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detector separations might also lead to better discrimination of normal and abnormal 

tissues. 

Reported results of five other studies of optical spectroscopy in the cervix are 

plotted in Figure 25 for comparison to our results.34'53"56 Chang, et al. reported a sensitivity 

and specificity of 83/80% per patient in an analysis of subsets of data from a phase II trial; 

the analysis results were based on 161 patients using combined reflectance and 

fluorescence spectroscopy.53 Georgakoudi, et. al reported a sensitivity and specificity of 

92/71% per site in a combined reflectance and fluorescence spectroscopy pilot study 

involving 44 patients.34 Ferris, et al. reported a sensitivity and specificity of 97/70% per 

patient in a multispectral phase I trial.54 DeSantis, et al. reported a sensitivity and 

specificity of 95/55% per patient in a phase II trial where 572 patients were evaluated.55 

Huh, et.al. reported a sensitivity and specificity of 92/50% per patient in a 604 patient 

phase II trial using wide field multispectral imaging.56 In general, diagnostic performance 

decreases as the study sample size increases. In our study, the sensitivity and specificity 

achieved relative to a per measurement gold standard of histopathology are 85/51%, this is 

increased slightly to 85/53% for a per patient diagnosis. These classification results 

compare favorably to other studies of optical technologies for detection of cervical cancer 

and its precursors. 
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CHAPTER 4: REFLECTANCE AND FLUORESCENCE MONTE CARLO 

MODEL OF DEPTH-SELECTIVE OPTICAL SPECTROSCOPY2 

4.1 Introduction 

Results of studies using tissue reflectance and autofluorescence for non-invasive 

early detection of cancer are promising.57"59 Spectroscopic studies have been performed in 

many organ sites as well as with various fiber optic probe geometries aimed at optimizing 

8 9e -l') Q 

discrimination between normal and abnormal tissue spectra. ' ' " Although there are a 

series of known biochemical and architectural changes that occur during the dysplastic to 

carcinoma sequence, our understanding of how these changes individually and collectively 

affect the measured tissue spectra is very limited. 

Previously, a forward fluorescence Monte Carlo model was used to predict average 

normal and dysplastic spectra of oral mucosa.30 These results were consistent with clinical 

data and showed a decrease in intensity and red shift of the spectrum with dysplasia.30 The 

results were for the shallow channel of a device that is capable of measuring three different 

depths: shallow, medium, and deep. This Chapter aims to understand the information that 

can be gained by adding reflectance as well as the deep channel information. The results 

2 The content for this chapter was performed solely by the author unless otherwise specified. The content of this chapter is 
being prepared for publication. Richard Schwarz, Ann M. Gillenwater, and Rebecca Richards-Kortum will be co-authors on 
the paper. 



54 

may provide insight into the specific parameters that give optimal classification 

performance and predict the weaknesses of the algorithm by considering the effect benign 

conditions have on the spectrum and therefore the classification. This is very important 

since benign conditions are often predicted to decrease specificity. The flexibility of the 

Monte Carlo models allow testing of this hypothesis by predicting measured spectra for a 

variety of tissue optical properties and probe geometries. 

Here I systematically explore how changes to tissue optical properties affect 

measured reflectance and fluorescence spectra of oral tissue for two probe geometries: one 

that preferentially targets the epithelial tissue and one the stroma. Based on these results I 

draw conclusions about how different tissue types, grade of disease, and benign conditions 

will affect both the reflectance and fluorescence signal measured with the two different 

probe geometries. 

4.2 Methods 

4.2.1 Tissue Geometry and Model Input Parameters 

A five-layered geometry based on high resolution confocal imaging and previous 

modeling results is used to model oral tissue.24'30 A diagram of the tissue geometry as well 

as the two detector geometries modeled can be seen in Figure 26a. The scattering, 

absorption, and fluorescence properties of each layer can be seen in Figure 26b and are 

based on previously validated input parameters.30 The stromal absorption is a linear 
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combination of hemoglobin (Hb) and collagen absorption. A hemoglobin concentration of 

150 g/L, a volume fraction of blood of 0.0016, and an oxygen saturation of 80% is used to 

calculate the absorption coefficient (pa) of Hb. 
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Figure 26: (a) Diagram of tissue geometry, (b-d) baseline optical properties: relative 
fluorescence efficiency (fleff) for each epithelial layer and the stroma (b), absorption 
coefficient (pa) for the epithelium and stroma (c), and scattering coefficient (ps) for each 
epithelial layer and the stroma (d) 
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4.2.2 Monte Carlo Model of Reflectance and Fluorescence 

The forward Monte Carlo models used to simulate the reflectance 30 and 

fluorescence 58'60 spectra have been previously described. Briefly, un-weighted photons are 

propagated through the tissue with step sizes depending on the attenuation coefficient of 

the layer in which they are traveling. At each step, the photon has a probability 1/(JIs + |ia) 

of being absorbed. If a photon is absorbed by a chromophore, the probability that a photon 

is isotropically remitted is equal to the fluorescence efficiency of the fluorophore in the 

layer in which the photon is traveling. The emitted photons propagate in the same manner 

as the initial photons. Incident photons that propagate through the tissue and exit under the 

detector at an angle accepted by the numerical aperture of the detector are counted towards 

the diffuse reflectance intensity. Remitted photons meeting the same conditions are 

counted towards the fluorescence intensity. For the photons that are detected as diffuse 

reflectance, the maximum depth into the tissue that they travel is recorded. For photons 

detected as fluorescence, the maximum depth traveled into the tissue before absorption, the 

depth at which the fluorescence occurs, as well as the maximum depth the emitted photon 

travels is recorded. 

4.2.3 Model of Clinical Device 

Two different source detector geometries in a clinical depth-sensitive fiber optic 

probe are modeled. The clinical device has been described in 28>57'61. One of the 

geometries is called a deep channel and consists of fibers in direct contact with the tissue 
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surface with a source-detector separation of 260 pm. The other is called a shallow channel 

as it is designed to collect signal from the epithelium and shallow stroma by placing a ball 

lens between the fibers and the tissue. This channel has previously been successfully 

modeled by a simplified half ball lens plus a cylindrical piece to match the diameter of the 

ball lens.30 This model of the clinical probe has been validated by comparing 

measurements of a fluorescent target at various distances from the probe tip to the predicted 

spectrum. The comparison of the fluorescence model and measurement were shown in 30; 

similar agreement was found for the reflectance model (data not shown). 

4.2.4 Monte Carlo Model Output 

The forward Monte Carlo models were used to predict reflectance and fluorescence 

spectra of tissue detected by both the shallow and deep channel probes modeled after the 

clinical device used to measure in vivo spectra. The baseline parameters shown in Figure 

26 were used as input to the Monte Carlo models to establish a set of baseline spectra for 

comparison. All the simulations were run 3 times with 107 photons; the results plotted are 

the average of the 3 runs. For the sensitivity analysis, the parameter(s) specified is (are) 

altered and the other parameters stay as defined in the baseline case so that the effect of the 

altered parameter(s) alone can be investigated. The output of the reflectance simulations is 

the intensity (or number of detected photons) vs. wavelength for wavelengths of 350 to 560 

nm in 10 nm increments. For the fluorescence simulations, the output is the intensity at 

wavelengths 390 to 560 nm in 10 nm increments. In addition, the number of epithelial and 
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stromal photons is calculated for both reflectance and fluorescence using the depth 

penetration data. For reflectance, if the maximum penetration depth is greater than the 

depth of the epithelium, the photon is considered a stromal photon; otherwise it is an 

epithelial photon. For fluorescence, the number of epithelial and stromal photons are 

calculated in a similar manner, but using the depth at which the emission photon is 

generated instead of the maximum penetration depth. 

4.2.5 Spectra Sensitivity to Epithelial Changes 

Hyperkeratosis is a condition that occurs in the oral cavity described by a thick 

keratin layer on the top of the oral mucosa. This is modeled by increasing the superficial 

epithelial layer depth in the model where the dominant fluorophore is keratin. The depth of 

the superficial epithelial layer in the baseline case is 80 |im. The spectral sensitivity to 

hyperkeratosis is considered by increasing the depth of the superficial epithelial layer by 25 

and 50 p.m. 

Hyperplasia or the thickening of the epithelium due to proliferation of cells is 

modeled as the thickening of the non-keratinized epithelium. The depths of both the 

intermediate and basal epithelial layers are increased, but their relative thicknesses 

compared to one another remain the same. The epithelial depth is increased by 50 and then 

100 jim by increasing the intermediate layer depth from 80 jim to 100 jim and then 120 [im 

and the basal epithelial layer depth from 120 p.m to 150 (im and then 180 |im. 
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Dysplasia consists of a series of changes occurring, but I model the epithelial 

dysplastic changes by increasing the thickness of the basal epithelium without changing the 

thickness of the total epithelium which effectively increases the fraction of the epithelium 

occupied by the basal epithelium. The baseline thickness of the basal epithelium is 120 

pm. The thickness of the basal epithelium is increased by 50 and 80 pm while decreasing 

the intermediate epithelium by the same amount. 

4.2.6 Spectral Sensitivity to Stromal Changes 

A decrease in superficial stroma fluorescence with neoplastic progression is attributed to 

the degradation of collagen crosslinks. This is modeled by decreasing the fluorescence 

efficiency of the superficial stroma layer where collagen is the dominant fluorophore. The 

fluorescence efficiency is decreased by 25 and 50%. 

An increase in microvascularization leads to an increase in the volume fraction of 

blood in the stroma. The model considers an increase of the volume fraction of blood in 

the deep stromal layer by a factor of 2 and 3. 

4.2.7 Clinical Measurements 

Clinical measurements were obtained during a study approved by the Institutional 

Review Boards at Rice University and M.D. Anderson Cancer Center.28 A depth sensitive 

fiber optic spectroscopy device was used to measure in vivo fluorescence and reflectance 

spectra of oral tissue.28 As previously described in section 2.3, the probe has a deep 
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channel that consists of direct contact fibers to measure primarily stromal signal and a 

shallow channel with a ball lens configuration to collect signal from the epithelium and 

shallow stroma. 

To validate the models, the predictions were compared to average normal clinical 

data and average moderate to severe dysplasia clinical data. In the normal category I 

included measurements made at non-keratinized oral sites that were histologically 

determined to be normal or normal with hyperkeratosis and/or hyperplasia. The moderate 

to severe dysplasia clinical data included measurements made at non-keratinized oral sites 

that were histologically determined to have moderate or severe dysplasia. There were 281 

measurements averaged in the normal category and 29 in the moderate to severe dysplasia 

category. The input parameters used to mimic the average normal data were equivalent to 

the baseline parameters described previously with the exception of the absorption 

coefficient in the stroma. Specifically, the volume fraction of blood in the superficial 

stroma is 0.035% which is the value used in 30 based on the volume of the lumen of the 

blood vessels in the shallow stroma measured from H&E stained slides. The volume 

fraction of blood in the deep stroma was increased to 1.28% accompanied by a decrease in 

the collagen absorption by 33%. These values were obtained by visual comparison of 

predictions to the spectral shape seen in clinical data. The oxygen saturation was also 

lowered to 60% for both sub-layers of the stroma. To model dysplasia, a combination of 

the changes described above that are consistent with known biological changes are applied 

to the normal parameters. Specifically, the stromal changes include doubling the deep 
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stroma volume fraction of blood and decreasing the fluorescence efficiency of the 

superficial stroma by a factor of 1.6 from 0.8 to 0.5. The sub-layer depths are also changed 

from 80 (superficial), 80 (intermediate), and 120 pm (basal) in the normal case to 115 

(superficial), 70 (intermediate), and 150 (basal) for dysplasia. 

4.3 Results 

4.3.1 Origin of Photons 

Figure 27 shows the origin of the detected photons obtained using the baseline input 

parameters. Figures 27a (shallow channel) and 27b (deep channel) are plots of the percent 

of photons in the reflectance simulations that penetrate a maximum depth that is within the 

epithelium, called epithelial photons, or within the stroma, called stromal photons for 

emission wavelengths from 350 to 560 nm in increments of 10 nm. Figures 27c-f are 

generated from the fluorescence simulations; 27c (shallow channel) and 27d (deep channel) 

are calculated using the depth the detected photons are generated and 27e (shallow channel) 

and 27f (deep channel) using the maximum depth the emission photons travel before being 

detected. 

Figure 27a shows the shallow channel reflectance signal is made up of an average 

of 9% epithelial photons and slightly more stromal photons at longer wavelengths due to 

increased penetration depth. Figure 27b shows the deep channel detects photons that travel 

deeper into the tissue with now only 0.8% of the signal coming from epithelial photons. 
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Figure 27c shows that the shallow channel probe geometry detects a significant amount of 

fluorescence generated in the epithelium. Averaged across the wavelengths approximately 

48% of the signal is from epithelial photons, but this is as much as around 75% at the 

longer wavelengths. In this case, an increase in depth is not seen with longer wavelengths 

due to the difference in fluorescence efficiency; at short wavelengths the stromal 

fluorescence has a higher efficiency whereas at longer wavelengths the epithelial 

fluorescence dominates (Figure 27). Figure 27d shows the deep channel fluorescence 

signal is dominated by stromal photons; only 14% of photons detected with the deep 

channel are generated in the epithelium and only 10% do not penetrate the stroma. It is 

interesting to note that the reflectance signal comes from much deeper photons than the 

fluorescence signal indicating that they may contain complementary information. The 

shallow channel reflectance signal has the almost same percent epithelial photons as the 

deep channel fluorescence when the maximum emission penetration depth is used to 

determine the number of epithelial photons in the fluorescence case. 
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Figure 27: Fraction of detected photons that are epithelial or stromal photons for (a) 
shallow channel reflectance, (b) deep channel reflectance, (c) shallow channel 
fluorescence, and (d) deep channel fluorescence. For reflectance (a,b), the fraction of 
epithelial photons is defined as the fraction of detected photons with a maximum 
penetration depth less than the depth of the epithelium. For fluorescence, (c,d), the fraction 
of epithelial photons is defined as the fraction of detected photons in which the photon was 
generated at a depth less than the depth of the epithelium. 
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4.3.2 Spectral Sensitivity to Epithelial Changes 

The results of increasing the superficial layer by 25 and 50 p.m, to simulate 

hyperkeratosis, are shown in Figure 28. Figure 28a shows the decrease in shallow channel 

reflectance seen by increasing the superficial epithelial layer depth. The deep channel 

reflectance is not significantly affected as seen in Figure 28b. The shallow channel 

fluorescence intensity decreases with increased superficial epithelial depth similar to the 

effect of the shallow channel reflectance as seen in Figure 28c. The deep channel 

fluorescence is unaffected as seen in Figure 28d. The percent of epithelial and stromal 

photons is unaffected. 
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Figure 28: Effect of hyperkeratosis, modeled by increasing the superficial epithelial depth 
by 25 (xm (open circles), and 50 jim (open squares) from the baseline depth of 80 (im for 
(a) shallow channel reflectance, (b) deep channel reflectance, (c) shallow channel 
fluorescence, and (d) deep channel fluorescence. 

The results of increasing the total epithelial thickness by increasing both non-

keratinized layers to model hyperplasia are shown in Figure 29. The baseline thickness of 

the intermediate epithelium is 80 p,m and it is increased by 20 and 40 |im. The basal 
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epithelium thickness is increased from 120 |j.m by 30 and 60 |j.m. Figure 29 shows the 

intensity is decreased for both shallow channel reflectance (Figure 29a) and fluorescence 

(29c). The deep channel fluorescence and reflectance spectra are only slightly altered; a 

small decrease is seen with the largest perturbation (Figures 29b,d). 
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Figure 29: Effect of hyperplasia, modeled by increasing the non-keratinized epithelial layer 
depths on (a) shallow channel reflectance, (b) deep channel reflectance, (c) shallow channel 
fluorescence, and (d) deep channel fluorescence. 
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To model the epithelial sublayer depth changes that occur with dysplasia, the 

fraction of the epithelium occupied by the basal epithelium is increased by increasing the 

depth of the basal epithelium and decreasing the depth of the intermediate epithelium while 

leaving the keratinized superficial epithelial layer unchanged. The baseline thickness of the 

basal epithelium is 120 pm; the thickness is increased by 50 and 80 pm while decreasing 

the intermediate epithelium by the same amount. The resulting spectra are shown in Figure 

30. Neither reflectance spectra is affected by the change nor is the deep channel 

fluorescence spectrum changed significantly. However, the shallow channel fluorescence 

signal is increased by 50% when fraction of the epithelium occupied by the basal layer is 

increased from 43% to 71%. 
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Figure 30: Effect of increasing the fraction of the epithelium occupied by the basal 
epithelium on (a) shallow channel reflectance, (b) deep channel reflectance, (c) shallow 
channel fluorescence, and (d) deep channel fluorescence. 

4.3.3 Spectral Sensitivity to Stromal Changes 
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Spectra resulting from decreasing the stromal fluorescence to mimic the decrease in 

fluorescence seen with degradation of collagen crosslinks are shown in Figure 31. The 

superficial stroma fluorescence efficiency is decreased by 25 and 50%. The shallow 

channel signal decreases approximately 10% with a 50% decrease in fluorescence 

efficiency whereas the deep channel decreases by approximately 25% with the same 

change in fluorescence efficiency. 
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Figure 31: Effect of decreased fluorescence in the superficial stroma on the shallow 
channel fluorescence (a) and the deep channel fluorescence (b). 

Figures 32 a-d, are the spectra resulting from increasing the volume fraction of 

blood by a factor of 2 and 3 in the deep stroma. An increase in hemoglobin absorption is 

seen in the shallow channel reflectance at the characteristic absorption maximum of 420 
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nm. The deep channel fluorescence is only slightly affected near the maximum absorption 

at 420 nm. 
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Figure 32: Effect of increasing the volume fraction of blood in the deep stroma on the 
shallow channel reflectance (a), deep channel reflectance (b), shallow channel fluorescence 
(c), and deep channel fluorescence (d). 
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4.3.4 Comparison of Monte Carlo Predictions to Average Clinical Data: Normal 

and Dysplastic Oral Tissue 

Monte Carlo model predictions using the normal and dysplasia input parameters 

were compared to average clinical data to validate the model and therefore gain insight into 

the optical property changes associated with the spectral changes seen in the clinical data. 

Figure 33 shows the predicted spectra for the normal and dysplasia input parameters 

compared to average clinical data. Figure 33a shows the shallow channel reflectance 

spectra; a decrease in intensity is seen in the average dysplasia spectrum compared to 

normal. The model also predicts a decrease in intensity with dysplasia by a very similar 

amount that is well within the spread of the clinical data. The shape the model predicts 

does not exactly match the shape of the average clinical spectra, however; the predicted 

shape is the same for normal and dysplasia. This is consistent with no shape change 

between normal and dysplasia in the clinical data. The higher intensity predicted by the 

model at the longer wavelengths is most likely due to the model parameters having too 

much hemoglobin absorption compared to collagen. However, decreasing this fraction 

causes the deep channel spectra to incorrectly predict the hemoglobin valley seen in both 

the deep channel reflectance and fluorescence spectra. This indicates that the shallow 

channel of the model may sample slightly deeper than the clinical probe samples, causing 

the deep stromal parameters to have a bigger influence on the predicted spectra than the 

clinical data. Nonetheless, the model correctly predicts the magnitude and direction of the 

change that occurs with dysplasia in the shallow channel reflectance spectrum. 
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Figure 33b shows the predicted and average clinical reflectance spectra for the deep 

channel. The average clinical data shows a decrease from normal to dysplasia by a smaller 

amount than in the shallow channel. This decrease is predicted by the model and the 

magnitude of the change is also predicted to be significantly less than with the shallow 

channel. The predicted shape of the spectrum is also much closer to the average clinical 

data than it was for the shallow channel. 

Figure 33c and d show the predicted and average clinical fluorescence spectra for 

the shallow channel (33c) and the deep channel (33d). For the shallow channel 

fluorescence, the average clinical spectrum for dysplasia is lower in intensity and red 

shifted from the normal spectrum. This decreased intensity as well as the red shift is also 

predicted by the model. A similar trend is seen in Figure 33d for the deep channel except 

with an exaggerated absorption valley from the deep stromal hemoglobin. 
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Figure 33: Comparison to average clinical data for (a) shallow channel reflectance, (b) deep 
channel reflectance, (c) shallow channel fluorescence, and (d) deep channel fluorescence. 
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In order to understand the reason for the intensity and shape changes seen in the 

average clinical data and model predictions, the number of detected photons that are from 

the epithelium and stroma are calculated and plotted in Figure 34. The values in Figure 34 

are an average of the fraction of epithelial and stromal photons over the emission 

wavelength range. Figure 34a shows that the shallow channel reflectance signal is mainly 

from the stroma for both normal and dysplasia as it was with the baseline case shown in 

Figure 26. However, there is a decrease in stromal photons in the dysplasia case compared 

to normal which causes the spectral intensity to decrease and the fraction of epithelial 

photons to increase from 9% to 14%. Figure 34b shows the deep channel reflectance signal 

is nearly all from the stroma in both the normal and dysplasia. However, although difficult 

to discern, the signal decrease seen with dysplasia in Figure 34b is due to decreased stromal 

photons leading to an increase fraction of epithelial photons with dysplasia to 1.6% from 

0.8% in the normal case. Figure 34c shows the shallow channel fluorescence signal in the 

normal case is 50% epithelial signal and this increases to 68% in the dysplasia case. The 

decrease in signal seen with dysplasia was due to decreased stromal fluorescence and the 

red shift due to increased signal from the epithelium since the now thicker basal epithelial 

layer has a red shifted emission spectrum compared to the stroma. Figure 34d shows an 

increase from 13% to 19% epithelial contribution from normal to dysplasia. The decrease 

in signal is again due to decreased stromal fluorescence and the red shift in the spectrum 

due to more epithelial contribution. 
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Figure 34: Fraction of detected photons in the normal (Nm) and dysplastic (Dys) 
simulations that were from the epithelium (Epi) and Stroma (Str). 

4.4 Discussion and Conclusions 

The tissue changes associated with dysplastic progression include changes that 

occur in the epithelium and stromal layers of the tissue and some are even expected to have 

opposite effects on the measured spectra. For example, the increased fraction of the 
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epithelium occupied by highly metabolic cells is expected to increase the fluorescence 

signal due to increased NADH while the degradation of the collagen matrix in the stroma is 

expected to decrease the fluorescence signal. Probe designs that can detect, separately, the 

epithelial and stromal signatures may be advantageous for classification of dysplasia. 

The analysis presented here provides insight into the sensitivity of the two depth 

channels to optical property changes that model hyperkeratosis, hyperplasia, increased 

epithelial fraction occupied by the basal layer, decreased stromal scattering and 

fluorescence efficiency, an increased volume fraction of blood, and the combined changes 

that model dysplasia. Table 2 provides a summary of the analysis in a simplified way that 

shows what probe geometry and modality could discriminate specific changes known to be 

associated with disease progression in oral cancer. 

As expected, changes to the epithelial layers have an effect on the signal measured 

by the shallow channel probe, but in general have no effect on the deep channel signal. 

The one exception to this is when the epithelial layer depth actually increases, as in the case 

of hyperplasia. Changes to the stromal layers affect both the shallow and deep channels as 

expected, with the shallow reflectance signal being altered more than the shallow 

fluorescence signal since it probes more stromal photons. This implies that not only do the 

shallow and deep channels have complementary information based on depth, but the 

shallow channel fluorescence and reflectance themselves do as well. One interesting thing 

to note is that the combined effects of dysplasia cause a decrease in signal in all four 
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spectra. One might expect that at least the shallow channel fluorescence would increase 

with dysplasia since an increase is seen with the increase in NADH fluorescence that 

accompanies the basal layer occupying an increased fraction of the epithelium. However, 

the model shows that this increase is not seen because the decrease in fluorescence caused 

by the other concurrent changes dominates. 

Deep Deep 
Shallow Shallow 
Channel Channel Channel Channel 

Reflectance Fluorescence 
Reflectance Fluorescence 

Hyperkeratosis Decrease Decrease 

Hyperplasia Decrease Slight Decrease Slight J r r Decrease Decrease 

Increased Fraction of the 
Epithelium Occupied by Basal Increase 
Epithelium 

Decreased Stromal Fluorescence Decrease Decrease 

Increased Volume Fraction of 
Blood Decrease Decrease Slight 

Decrease 

Decreased Stromal Scattering Decrease Decrease 
Slight 

Decrease 

Dysplasia Decrease Decrease 
Decrease 

Red-shift 

Decrease 

Red-shift 
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Table 2: Summary of the effect histologically significant optical property modifications 
have on shallow and deep channel reflectance and fluorescence spectra. 
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CHAPTER 5: MONTE CARLO-BASED COMPARISON OF DEPTH 

SENSITIVE SPECTROSCOPY AND WIDE FIELD IMAGING 

MEASUREMENTS OF ORAL TISSUE SPECTRA3 

5.1 Introduction 

Wide-field imaging is emerging as a non-invasive screening technology for oral 

dysplasia and cancer and recent clinical trial results are very promising with sensitivity and 

specificity values of over 90%.62 These results however are obtained with a small data set 

in a high prevalence setting. Preliminary results show that benign inflammation which is 

seen more frequently in low prevalence, screening settings may decrease the specificity of 

these devices. Images of benign inflammation appear to have the same decreased 

fluorescence that is used to discriminate dysplasia and cancer from normal tissue. 

Fluorescence confocal images of oral sites have shown that inflammation and dysplasia do 

show similar decreased fluorescence in the stroma, but the fluorescence pattern in the 

epithelium is quite different. One possibility being explored to take advantage of this fact 

is to combine depth sensitive spectroscopy with wide field imaging. Wide field imaging 

primarily probes stromal fluorescence, whereas depth sensitive spectroscopy has the ability 

to probe both epithelial and stromal fluorescence using different depth channels which may 

3 The content for this chapter was performed solely by the author unless otherwise specified. The content of this chapter is 
being prepared for publication. Richard Schwarz, Ann M. Gillenwater, and Rebecca Richards-Kortum will be co-authors on 
the paper. 
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allow inflammation and dysplasia to be distinguished by their differing epithelial 

fluorescence. In this Chapter, I will use input from confocal images of inflammation in a 

forward Monte Carlo model and predict the reflectance and fluorescence spectra of 

inflammation for both depth-sensitive spectroscopy (a shallow and deep channel) and wide 

field imaging. These spectra will be compared to previously predicted spectra of normal 

and dysplastic tissue to determine whether depth sensitive spectroscopy can be used as an 

adjunct to wide field imaging to increase specificity. 

5.2 Methods 

5.2.1 Tissue Confocal Image Analysis 

Tissue slices of fresh oral biopsies from sites with inflammation verified by 

pathology were obtained under a clinical protocol approved by the Institutional Review 

Boards at The University of Texas M. D. Anderson Cancer Center, The University of 

Texas at Austin, and Rice University.24 Complete details of the collection, preparation, and 

imaging can be found in 24. Briefly, fresh tissue slices were imaged on a confocal 

microscope at two fluorescence excitation wavelengths, one at UV excitation (351 or 364 

nm) and one at 488 nm. Slices from 5 sites with histopathologically confirmed 

inflammation were quantitatively analyzed as follows. The background was subtracted 

from the UV and 488 nm images and then they were overlaid. In the overlaid image, layers 

were outlined representing 5 distinct layers based on the fluorescence pattern (see Figure 

26 for layered tissue geometry). The mean fluorescence intensity value of each of the 5 
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regions was calculated for the UV and 488 nm images and used to determine the relative 

fluorescence efficiency of the sub-layers. 

5.2.2 Tissue Geometry and Model Input Parameters 

A previously reported 5 layer geometry was used to model the oral tissue.30 The 

input parameters for normal and dysplasia were validated in Chapter 4. The input 

parameters for inflammation are unchanged from normal except for the depth and 

fluorescence efficiency of each tissue sub-layer. These parameters were determined from 

the quantitative image analysis described above. Specifically, for each of the 5 

inflammation sites that were imaged, the depth of the 5 tissue layers was calculated and the 

average value for each sublayer as input to the model. The fluorescence efficiency of each 

tissue sublayer was calculated from the mean fluorescence intensity of that sublayer in the 

5 sites imaged. The fluorescence input parameters used to model normal, dysplasia, and 

benign inflammation are shown in Table 3. Compared to normal, inflammation is 

described with decreased basal epithelial and stromal fluorescence efficiencies as well as 

increased superficial and intermediate epithelial thicknesses and a decrease in the thickness 

of the basal epithelium. In addition, the dominant fluorophore in the stromal for 

inflammation is NADH instead of collagen. Dysplasia has decreased superficial stromal 

fluorescence and an increase in both superficial and basal epithelial thicknesses and a slight 

decrease in the intermediate epithelial thickness. 
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Normal Inflammation Dysplasia 

Depth Relative D e P t h „ Relative D e P t h _ . Relative Dominant _ Dominant „ Dominant „ layer „ . fluorescence „ , fluorescence „ , fluorescence J fluorophore „ . fluorophore „ . tluorophore „ . 
(|im) efficiency efficiency ( ( i m ) r efficiency 

sup 
epi 80 keratin 0.12 101 keratin 0.14 115 keratin 0.12 

int 
epi 80 FAD 0.15 162 FAD 0.18 70 FAD 0.15 

bas 
epi 120 NADH 0.58 102 NADH 0.39 150 NADH 0.58 

sup 
str 120 collagen 120 NADH 0.43 120 collagen 0.5 

deep 10000 collagen 10000 NADH 0.61 10000 collagen 

Table 3: Fluorescence input parameters. 

5.2.3 Monte Carlo Model of Reflectance and Fluorescence 

Forward Monte Carlo models of reflectance and fluorescence are used to predict 

spectra measured with three geometries: a shallow channel of a depth-sensitive fiber optic 

point probe, a deep channel of a depth-sensitive fiber optic point probe, and a wide field 

imaging device (see Chapter 2). The forward Monte Carlo models used to simulate the 

reflectance 30 and fluorescence 58'60 spectra have been previously described. Briefly, un-

weighted photons are propagated through the tissue taking steps of size depending on the 



83 

attenuation coefficient of the layer in which they are traveling. At each step, the photon has 

a probability l/(ps + pa) of being absorbed. If a photon is absorbed by a chromophore, 

there is a probability that a photon is isotropically remitted equal to the fluorescence 

efficiency of the fluorophore in the layer in which the photon is traveling. The emitted 

photons propagate in the same manner as the initial photons. Photons that propagate the 

tissue and exit under the detector at an angle accepted by the numerical aperture of the 

detector are counted towards the diffuse reflectance intensity, if they are an initial photon, 

or fluorescence intensity, if they are a remitted photon). For the photons that are detected 

as diffuse reflectance, the maximum depth into the tissue that they travel is recorded. For 

photons detected as fluorescence, the maximum depth traveled into the tissue before 

absorption, the depth at which the fluorescence occurs, as well as the maximum depth the 

emitted photon travels is recorded. The shallow channel and deep channel probe 

geometries were described in Chapter 4. The wide field geometry can be seen in Figure 35 

(note: not drawn to scale). The source and detector are both 1 cm in radius with a source 

detector separation of 3 cm. The source is located 25 cm from the tissue surface. The 

numerical aperture of the source is 0.2 and the detector 0.05. The source is angled 5 

degrees from the vector normal of the tissue. The detector is located 3 cm away from the 

source, directly above the center of illumination on the tissue. 
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3 can 

5.3 Results 

5.3.1 Quantitative Image Analysis of Inflammation Sites 

Figure 36 shows the high resolution images from one of the five sites of benign 

inflammation that were imaged and analyzed. On the left is the image obtained with UV 

excitation, then the middle with 488 nm excitation, and their overlay is shown on the right. 

Using the fluorescence patterns based on the 5 layer model described in 24, the boundaries 

for the 5 sublayers are drawn and shown in white. The superficial epithelium contains 

bright fluorescence consistent with keratin fluorescence which is commonly seen at the 

surface of the oral mucosa. The intermediate epithelium has bright cellular fluorescence in 

the 488 nm excitation which is assumed to be from FAD, the basal epithelium has 

fluorescence from metabolically active cells with a fluorescence assumed to be from 

NADH, and the stromal fluorescence comes from inflammatory cells assumed to be from 
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NADH. Compared to the normal and dysplasia images seen in Chapter 2, inflammation is 

seen to have decreased epithelial and stromal fluorescence compared to normal where 

dysplasia only has decreased stromal fluorescence. In addition, inflammatory cells are seen 

in the stroma whereas in normal and dysplasia only collagen fibers are seen. 

Figure 36: High resolution fluorescence confocal images of benign inflammation of the 
oral mucosa at (left) UV excitation, (middle) 488 nm excitation, and (right) overlay. 
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Figure 37 shows the average fluorescence intensity values extracted from the 5 

sites. These values are compared to the average fluorescence intensity values for normal 

oral mucosa in order to obtain the relative fluorescence efficiencies seen in Table 3. 
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Figure 37: Average fluorescence intensity for each sublayer at 488 and UV excitation. 

5.3.2 Predicted Spectra of Normal, Inflammation, and Dysplasia 

Figure 38 shows the predicted spectra for input parameters describing normal, 

benign inflammation, and dysplasia. Figure 38a shows the reflectance predicted for the 

shallow channel of the depth sensitive probe. The signal decreases by a significant, 

equivalent amount for inflammation and dysplasia and there are no significant differences 

in shape except at short wavelengths where inflammation is slightly lower than dysplasia. 
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Figure 38b shows predicted shallow channel fluorescence. A decrease in intensity is seen 

for both inflammation and dysplasia, but by different amounts that are wavelength 

dependent. The inflammation spectrum is more red-shifted than the dysplasia spectrum. 

The deep channel reflectance in (c) shows a decrease in signal for both inflammation and 

dysplasia, but with a bigger decrease for dysplasia with a shape difference indicative of 

more hemoglobin absorption for the dysplasia spectrum in the 530 - 550 nm range. The 

deep channel fluorescence (d) is very sensitive to the stromal fluorescence being modeled 

as inflammatory cells in the inflammation case resulting in a very red shifted inflammation 

signal compared to the normal and dysplasia. The dysplasia signal is decreased by a 

significant amount from the normal as is the inflammation. The wide field reflectance 

spectra (e) show a decrease in intensity for both inflammation and dysplasia, but to a much 

larger extent for dysplasia and also noticeably higher absorption of hemoglobin at the 

longer wavelengths. Finally, the wide field fluorescence spectra show a decrease in 

intensity for both inflammation and dysplasia at short wavelengths and for dysplasia at 

longer wavelengths. Again, the modeled stromal fluorescence for inflammation due to 

inflammation cells causes a red-shift in the inflammation spectrum. 
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Figure 38: Model predictions of normal (Nm), benign inflammation (Inf), and moderate to 
severe dysplasia (Dys) for the shallow channel (a,b), deep channel (c,d), wide-field imaging 
(e,f). Predicted reflectance spectra are on the left (a,c,e) and fluorescence on the right 
(b,d,f). 
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5.3.3 Origin of Signal 

Figure 39 shows the fraction of predicted signal arising from the epithelium and 

stroma for (a) shallow channel reflectance, (b) shallow channel fluorescence, (c) deep 

channel reflectance, (d) deep channel fluorescence, (e) wide field reflectance, and (f) wide 

field fluorescence for normal (Nm), benign inflammation (Inf), and dysplasia (Dys). The 

shallow channel reflectance signal is primarily from the stroma for normal, inflammation, 

and dysplasia. For normal it is 9% epithelial compared to 10% for inflammation and 12% 

for dysplasia. The shallow channel fluorescence signal is 50% epithelial for normal, 40% 

for inflammation, and 55% for dysplasia. The deep channel reflectance signal as well as 

the wide field reflectance signal is less than 1% epithelial for normal, inflammation, and 

dysplasia. The deep channel fluorescence signal is 13 and 10% epithelial for normal and 

dysplasia respectively and less than 1% for inflammation. The wide field spectra are all 

less than 3% epithelial. This data allows us to understand the spectral changes seen in 

Figure 38. Specifically, the shallow channel fluorescence is not dominated by the stromal 

fluorescence modeled as NADH since the signal has a significant epithelial contribution. 

In addition, the increased hemoglobin absorption in the dysplastic stroma is more 

prominent in the deep channel and wide field reflectance since they have almost no 

epithelial component. 
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Figure 39: Fraction of predicted signal from the epithelium and stroma for (a) shallow 
channel reflectance, (b) shallow channel fluorescence, (c) deep channel reflectance, (d) 
deep channel fluorescence, (e) wide field reflectance, and (f) wide field fluorescence. 

5.4 Discussion and Conclusions 

Although wide field imaging presents a promising approach for accurate, non-

invasive, objective discrimination of dysplasia and cancer from normal tissue in the oral 

cavity, the decreased autofluorescence in the stroma that is the basis for its diagnostic 

power is also seen in inflammation. This may lead to false positives in the screening 

population where benign inflammation is present, and may limit the specificity of the 

technique. One approach to overcome this limitation is to combine depth-sensitive 

spectroscopy with wide field imaging. The rationale is that although inflammation and 

dysplasia have a similar decrease in stromal fluorescence that is detected in wide field 

imaging, their epithelial properties are different and depth-sensitive spectroscopy may be 

able to separate out the signal from the epithelium and stroma and therefore discriminate 

the two. 

Using realistic inputs for inflammation obtained from confocal images of tissue 

slices I have predicted the spectral changes that will be seen for inflammation and dysplasia 

with depth sensitive spectroscopy and wide field imaging. As expected, the wide field 

imaging data consists of less than 1% epithelial signal for reflectance and less than 3% for 

fluorescence. This indicates that wide field imaging will only be able to detect stromal 

changes in the tissue. One interesting thing to note, however, is that if stromal fluorescence 
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in the inflammation case is due to NADH from inflammatory cells, a wide field imaging 

device that has spectral resolution may still be able to distinguish the two. More research 

into the emission spectra of the stromal fluorescence in inflammation may be able to 

determine if this is a real possibility. This is true for the deep channel of the depth sensitive 

probe as well, if the shape change predicted is accurate for average inflammation then 

shape may be useful in distinguishing it, but if the emission is more similar to dysplasia 

(from collagen), then the deep channel will not necessarily be able to discriminate dysplasia 

and inflammation. 

Another important thing to note is that the epithelial changes with different degrees 

of dysplasia are depth dependant and studies that compare the fluorescence as a function of 

dysplastic grade would be useful. The shallow channel fluorescence signal has a 

significant epithelial contribution and, as expected, the intensity for inflammation decreases 

due both to decreases in epithelial fluorescence as well as in stromal fluorescence. A probe 

that measures a slightly shallower depth may give better discrimination when combined 

with wide field since it would be expected that the dysplasia spectrum would not decrease 

in intensity if the signal was from only the epithelium whereas the inflammation signal 

would decrease in intensity. I predict that a probe would need to measure a maximum 

depth of around 300 - 350 pm in order to see this effect since it needs to only measure 

epithelial fluorescence. It is also possible that the reflectance signal could add 

discrimination power to wide field measurements since an increase in hemoglobin 

absorption is seen in dysplasia and is evident in the predicted spectrum. However, this too 
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requires some element of spectral resolution in the wide field device. Alternatively, the 

deep channel reflectance could be used to supplement the wide field signal. 
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CHAPTER 6: CONCLUSIONS 

6.1 Summary and contributions 

Reflectance and fluorescence spectroscopy and imaging are promising technologies 

for improving screening and detection of cancer and improving our understanding of the 

biological basis of the spectral differences measured in normal and abnormal tissue will 

lead to improved instrumentation and classification accuracy. 

Chapter 4 of this dissertation presents a model based analysis of cervical tissue 

spectra that extracts biologically based parameters that are used for classification of 

cervical dysplasia and cancer. The model developed, implemented, and validated was used 

in an automated classification algorithm for a Phase III clinical trial at MD Anderson. The 

biological parameter extraction is not only helpful for classification alone, but may lead to 

patient specific treatment regimens in the future. 

Chapter 5 of this dissertation presents a Monte Carlo based forward model of depth 

sensitive spectroscopy that is used to understand the origin of the spectra measured with 

two depth channels of a depth sensitive probe. The model illustrates the relative 

contribution of epithelial and stromal signal to the spectral intensity predicting the shallow 

channel fluorescence has a significant epithelial component compared to shallow 

reflectance and the deep reflectance and fluorescence. The relative contributions of 
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individual changes associated with dysplasia are investigated. The increased fraction of the 

epithelium occupied by active cells was expected to produce an increase in the shallow 

channel fluorescence signal, but the decreased stromal fluorescence combined with other 

changes overwhelms the increased signal producing a net decrease in signal explaining the 

average clinical data. 

Chapter 6 focus on comparing predicted measured spectra using depth sensitive 

spectroscopy and wide field imaging. Realistic optical property inputs for the fluorescence 

profile of inflammation are obtained from confocal images and used to predict measured 

spectra. The similar stromal loss of fluorescence seen in inflammation and dysplasia in 

wide field imaging limits its specificity which is evident in the predicted spectra. The use 

of shallow channel fluorescence, deep channel reflectance, or adding a spectrally resolved 

component to wide field imaging is proposed as a means to overcome this limitation based 

on the results. 

6.2 Future Research Directions 

The results of Chapter 5 indicate that the emission spectrum of the stromal 

fluorescence for oral tissue with inflammation is an important variable in determining what 

the best adjunct technology is for widefield imaging in order to avoid over diagnosing 

benign inflammation. In order to measure the emission spectra of the stromal fluorescence 

in oral tissue with inflammation a protocol would need to be approved to collect biopsies of 

oral tissue. A similar protocol to that used for confocal imaging could be used to produce 
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tissue slices of the fresh biopsies. Then spectroscopic measurements of the stromal 

fluorescence could be made. This would allow for a better understanding of the relative 

contributions from inflammatory cells and collagen in the stroma. 

As a parallel study, modifying the wide field imaging device in Figure 11 with two 

different emission filters; one that allow for emission in the 400 - 450 nm range to be 

detected and one that allows 450 to 560 nm emission. By imaging with these two filters 

you can effectively have a small amount of spectral resolution that would help determine 

the contribution of inflammatory cells and collagen in the stromal fluorescence of benign 

inflammation sites. 

In addition, an inverse Monte Carlo model that would allow extraction of 

parameters similar to the analytical model in Chapter 3 would be very helpful in analyzing 

clinical spectra. Traditional Monte Carlo models cannot be inverted due to the 

computational time of the prediction, however; scaling models for Monte Carlo output have 

recently proven successful for single layered models. The extension of these scaling 

techniques to multi-layered tissue would allow an inverse Monte Carlo model for oral 

spectra. 
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