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Optical spectroscopy has shown promise as a diagnostic tool for detecting 

cervical pre-cancer because spectral variations in optical measurements are 

closely correlated with the molecular and architectural changes in tissue that 

accompany dysplastic progression. However, optical measurements from cervical 

tissue are also affected by other factors, such as age or menopausal status of the 

patient. In order to develop robust diagnostic algorithms based on optical 

measurements, it is important to identify diagnostically significant features and to 

devise methods to extract them from the spectral variations. 

Principal component analysis (PCA) is a statistical method of extracting 

features based on the variance in a dataset. PCA applied to fluorescence 

measurements from cervical tissue revealed biophysically significant spectral 
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variations during the menstrual cycle. We have also applied PCA in developing a 

classification algorithm to discriminate a pair of diagnostic classes. 

Although statistical methods can reveal subtle changes in optical spectra 

that are diagnostically significant, it is difficult to interpret the biophysical 

significance of the extracted features. Another approach is to extract the tissue 

optical parameters that are directly related to precancerous changes. In order to 

perform model-based parameter estimation, an analytical model was developed to 

describe fluorescence in two-layered tissue such as the cervix. Briefly, the model 

uses exponential attenuation and diffusion theory, respectively, to describe light 

propagation in the epithelium and the stroma, and calculates the total detected 

fluorescence as the sum of the fluorescence signals emitted from the two layers. 

In the inverse model, the analytical model was iteratively fitted to the measured 

fluorescence spectra, and as a result of the fitting process, the optical parameters 

are estimated. Validations with Monte Carlo simulations show that optical 

properties of the epithelium and the stroma can be estimated accurately. The 

inverse model was subsequently applied to a large-scale clinical data, and the 

estimated parameters show good correlation with changes associated with 

dysplastic progression as well as age. 
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Chapter 1. Introduction 

Despite tremendous efforts both publicly and privately, cancer continues 

to be one of the leading problems in public health. Public expenditures on cancer 

treatment have increased by nearly 40 fold during the past 4 decades, but cancer is 

still the second leading cause of death worldwide. Meanwhile, it is interesting to 

note that research in the treatment of cancer has lead to only a marginal 

improvement in the overall survival rate during the last several decades. As a 

result, early detection of pre-malignant changes has become a key solution to the 

problem of cancer.  

Tremendous effort has been directed towards improving current early 

detection programs by capitalizing on advances in various areas of basic sciences 

research, including biomedical optics. Various optical technologies ranging from 

endogenous fluorescence and diffuse reflectance detection to exogenous contrast 

agents have enables us to visualize a wide range of biophysical processes that 

have significant implications for cancer diagnosis at the microscopic, mesoscopic 

and macroscopic levels. An increasing number of clinical trials using optical 

technologies for cancer detection show promise for development of non-invasive, 

cost-effective and real-time diagnostic tools with high level of diagnostic 

performance.  

In order for the optical techniques to translate from a research technology 

to a health care methodology, it is imperative to develop robust algorithms to 

make diagnostic decisions based on optical measurements. Optical measurements 
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in tissue are influenced by a complex interaction of a number of optical 

phenomena, which in turn are induced by a wide range of physiological changes 

that are not necessarily related with dysplastic progression. A fundamental step in 

developing diagnostic algorithms is to understand the sources of variation 

inherent in the optical measurements and to devise methods to extract features 

that are diagnostically significant.  

This dissertation provides a framework to identify the diagnostically 

significant features in fluorescence measurements from cervical tissue and to 

develop methods to extract them. In general, optical measurements such as 

fluorescence data can be analyzed in two ways: one is based on statistical analysis 

and the other approach is model-based parameter estimation. Statistical analysis 

identifies significant statistical differences among diagnostic classes, and 

correlates these differences with diagnostic information. In model-based analysis, 

a priori knowledge of light interaction in tissue is used to construct mathematical 

models that can selectively estimate features that have diagnostic significance. In 

this dissertation, both the statistical and model-based approaches are investigated 

for analyzing spectral variations in fluorescence measurements that have 

important utility in the development of diagnostic algorithms. 

Chapter 2 gives background information relevant to the research described 

in this dissertation. The physiology of cervical tissue as well as pathology of 

cervical cancer is reviewed. Then an overview of methods to acquire and analyze 

fluorescence spectroscopy data from cervical tissue in vivo is presented.  
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In Chapters 3 and 4, a statistical approach for feature extraction is used in 

two different studies. In previous studies on in vivo fluorescence spectroscopy of 

tissue, features extracted from statistical methods have been successfully 

implemented into diagnostic algorithms. However, the features used in these 

algorithms are extracted from the overall spectral variations in the measurements, 

only part of which are related with dysplastic progression. Diagnostic 

performance of these algorithms can potentially improve if the spectral variations 

related with dysplastic progression can be separated from those that result from 

other physiological changes, such as age. Chapter 3 investigates the effect of the 

menstrual cycle on fluorescence measurements from cervical tissue using 

statistical analysis. A total of 10 patients have been examined, and the 

measurement from each patient is tracked for a period of 28-30 consecutive days. 

Statistical analysis of the data revealed that the menstrual cycle influences the 

intra-patient variation in the fluorescence measurements from cervical tissue. It 

was also possible to deduce the biophysical origins of the statistically significant 

differences.  

Since fluorescence emission depends on the wavelength of the excitation 

light, specific fluorophores can be targeted by using a certain combination of 

excitation wavelengths. Identification of such combination that is diagnostically 

effective can help develop cost-effective instrumentation using fewer excitation 

wavelengths. In Chapter 4, an optimal set of fluorescence excitation wavelengths 

as well as source-detector separations for reflectance measurements are 

investigated that maximizes classification performance for a pair of diagnostic 
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classes. For the analysis, a classification algorithm using a statistical method of 

feature extraction is developed for separating data from a pair of diagnostic 

classes. Various combinations of fluorescence excitation wavelengths and 

reflectance source-detector separations are tested for their ability to separate each 

pair of diagnostic classes, and their classification performance is evaluated. The 

study shows that all pairs of diagnostic classes can be classified with relatively 

good performance using a combination of two fluorescence excitation 

wavelengths. 

Although statistical methods can be used as a powerful tool for feature 

extraction, they suffer some inherent limitations. For example, it is not always 

straight forward to identify the biophysical origin of changes identified with 

statistical methods. Another approach to feature extraction is model-based 

analysis. In contrast to the statistical methods which identify statistical differences 

without reference to prior knowledge of the physical conditions of the 

measurement, model-based analysis uses knowledge about the optical properties 

of tissue to create a mathematical model that extracts specific features of interest 

from spectral measurements. In the scope of diagnostic algorithm development, a 

mathematical model can be developed to extract optical properties that are 

diagnostically relevant. Chapters 5 and 6 present the development of a model-

based method for extracting diagnostically significant tissue optical parameters 

from fluorescence measurements of cervical tissue. 

Before parameter estimation can be performed, a mathematical model to 

describe fluorescence spectra using a set of tissue optical parameters needs to be 
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developed. Chapter 5 explains the development of an analytical model to calculate 

fluorescence spectra detected from tissue that consists of an epithelial layer with 

finite thickness and a semi-infinite stromal layer. The model was validated by 

comparing with spectra generated by Monte Carlo simulations using optical 

parameters of normal and abnormal tissue. 

Once the analytical model is developed, it can be iteratively fit to a 

fluorescence measurement, and as a result of the fitting process, tissue optical 

parameters associated with the measurement are estimated. In Chapter 6, the 

development of an inverse model based on the analytical model from Chapter 5 

and trust-region optimization method is presented. The model is initially validated 

by fitting to fluorescence spectra generated by Monte Carlo simulations and 

comparing the estimated parameters to those used in the simulations. For 

validating the model in a more realistic setting, biopsy specimens were collected 

from the tissue where fluorescence measurements were made. A set of tissue 

optical parameters were characterized from the biopsy specimen using various 

imaging modalities. The optical parameters estimated with the inverse model are 

compared with those from ex vivo measurements.  

Chapter 7 discusses the future directions for the research presented in this 

dissertation. Using the inverse model developed in Chapter 6, the diagnostic 

significance of each of the tissue optical parameters estimated by the model 

should be evaluated. The inverse model was applied to a large-scale clinical 

dataset, and the correlation between each of the optical parameters to diagnosis as 

well as a number of biographical variables is investigated. The inverse model was 
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developed under certain set of assumptions regarding light propagation in tissue. 

The accuracy of these assumptions, and thus the accuracy of the estimated 

parameters, can be improved by adding spatial resolution to the spectroscopic 

measurement. This chapter concludes by discussing improvements in probe 

design that will facilitate the development of inverse estimation models.
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Chapter 2. Background 

Each year, an estimated 1,250,000 women are diagnosed with abnormal 

changes in the cervix referred to as squamous intraepithelial lesions (SIL). These 

changes can persist, regress or progress into cervical cancer. In 2003, about 

12,200 new cases of cervical cancer and 4,100 deaths will occur in the United 

States alone [American Cancer Society 2003]. The incidence and mortality rates 

are much higher in the developing world where cervical cancer is the second 

leading cause of cancer mortality among women. However, statistics show that 

cervical cancer is a preventable disease. The 5-year relative survival rate for 

cervical cancer is 92.2% when it is detected at a localized stage [Ries 2000]. The 

survival rate drops to only 16.5% when diagnosed with distant metastasis. Even in 

pre-cancers, high-grade SIL (HG-SIL) has a higher probability of progressing to 

malignancy, whereas low-grade SIL (LG-SIL) is more likely to regress. Thus 

cervical cancer can be effectively prevented and treated when detected at an early 

or premalignant stage.  

The value of early detection for cervical cancer prevention has been 

demonstrated through decreased mortality in current screening programs [Koss 

1989, Kurman 1994]. However, the diagnostic performance of current practice is 

limited. Screening using a small sample of cervical cells in the Papanicoloau 

smear yields an average sensitivity and specificity of 73% and 63%, respectively 

[Follen Mitchell 1999a]. Thus a patient with an abnormal smear is further 

investigated with colposcopy, and biopsies are taken from suspect areas of the 
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cervix for histopathologic review. Although the sensitivity of colposcopy is 

excellent (96%), the specificity is poor (48%) [6]. Development of a more 

sensitive diagnostic method will improve the effectiveness of early detection.  

To investigate more effective methods for cancer screening and diagnosis, 

various optical techniques are being explored.  A number of groups have 

examined novel optical approaches, including fluorescence spectroscopy 

[Ramanujam 1996a, Muller 2001, Chang 2002a, Palmer 2003a], diffuse 

reflectance spectroscopy [Bigio 1995, Zonios 1999, Mirabal 2002], Raman 

spectroscopy [Mahadevan-Jenson 1996] and confocal imaging [Rajadhyaksha 

2001, Collier 2003].  Of these, the largest clinical experience has been reported 

using fluorescence spectroscopy. 

2.1 FLUORESCENCE SPECTROSCOPY 
 

Fluorescence is a type of inelastic scattering where the photon is emitted at 

a wavelength that is longer than that of the absorbed excitation photon 

[Lackowicz 1999].  Figure 2.1, which is called a Jablonski diagram, describes the 

process of light absorption and emission in fluorescence. 

Figure 2.1 Jablonski diagram describing fluorescence [Lackowicz 1999]. 
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In the diagram, S0, S1 and S2 denote the ground, first and second 

electronics states, respectively, and levels 0, 1, 2 within each state denote the 

associated vibrational energy levels.  When a photon is absorbed by a 

chromophore, a valence shell electron is excited to a higher electronic energy 

level (either S1 or S2), with an increase in energy (hνA) of the absorbed photon.  

The electron then rapidly relaxes to the lowest energy level of S1 through a 

process called internal conversion.  As the excited electron returns to the ground 

state, S0, a photon is emitted as fluorescence.  The wavelength of the emitted 

photon (c/νF) is higher than that of the absorbed photon (c/νA) due to the energy 

loss associated with internal conversion.  Each fluorophore, a compound that emit 

fluorescence, has a characteristic absorption and emission wavelength that is 

related to the structure of its electronic energy levels.   

2.2 MORPHOLOGY AND HISTOLOGY OF CERVICAL TISSUE 
 

The cervix is located at the neck of the uterus, protruding slightly into the 

upper end of the vagina [Fig. 2.2].  The vaginal portion of the cervix, termed the 

ectocervix, forms a convex surface with a diameter of 2.5 – 3 cm. The cervix is 

connected to the uterus through the endocervical canal, whose opening is located 

at the center of the ectocervix.  
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Figure 2.2 Lower female genital tract and location of the cervix [Silverthorn 
2001]. 

 

The ectocervical epithelium is composed of a stratified layer of non-

keratinizing, squamous epithelial cells. The ectocervix shows three continuous 

layers of differentiation. The basal layer in the bottom of the epithelium is 

composed of metabolically active, mitotic cells that are responsible for the 

continual regeneration of the epithelium. The cells in the basal layer are relatively 

small and are characterized by a high nuclear-to-cytoplasmic ratio. The 

intermediate layer in the middle is populated by continually maturing cells. The 

superficial layer on the top of the epithelium is composed of completely mature 

cells that end in desquamization. Cytoplasmic volume increases and the cellular 

shape becomes flatter as the cells reach the superficial layer. On the other hand, 

the endocervix is lined with columnar cells which contain glandular structures for 

secretion of mucous. The area where the endocervix joins the ectocervix is termed 

the transformation zone. The stroma underneath the epithelium is a supporting 
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framework that consists mostly of structural proteins such as collagenous fibers 

and fibroblasts. The stroma also contains vascular structures that play a vital role 

in providing oxygen to cells for aerobic metabolic activities. Figure 2.2 depicts 

the histological features of these three layers. 

 

Figure 2.3 Different layers of the cervical epithelium. 

2.3 CERVICAL CANCER 

Cervical cancer is a type of epithelial cancer which progresses through 

successive stages of abnormal development. In general, the abnormality originates 

when the part of the columnar cells exposed at the squamous-columnar junction is 

transformed to normal squamous cells in a process called metaplasia. At the 

precancerous stage, normally referred to as cervical intraepithelial neoplasia 

(CIN), part of the epithelium is occupied by abnormal cells that are characterized 

with cytological and nuclear abnormalities such as hyperchromatic nuclei, 

pleomorphism, multinucleation, abnormal chromatin distribution and increased 
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nuclear-cytoplasmic ratio. An increase in microvessel density in the stroma due to 

angiogenic development is also a significant marker of dysplastic progression 

[Dellas 1997]. CIN is classified into three different histological gradings with 

respect to the proportion of the epithelial thickness that is occupied by dysplastic 

cells [Table 2.1]. In carcinoma in situ (CIS), dysplastic cells occupy the full 

thickness of the epithelium. 

Table 2.1 Description of various categories of CIN [Lackowicz 1999]. 

CIN grade Description 
CIN 1 Dysplastic cells occupy lower third of the epithelium 
CIN 2 Dysplastic cells occupy lower third to two-thirds of the epithelium 
CIN 3 Dysplastic cells occupy lower two-thirds to full thickness of the 

epithelium 

The Bethesda system is a cytologic classification method that classifies 

dysplastic tissue into two categories of squamous intraepithelial lesions (SIL). 

Under the scheme, HPV infection and CIN 1 are collectively grouped as low 

grade squamous intraepithelial lesion (LGSIL). CIN 2, CIN 3 and CIS are 

grouped as high grade squamous intraepithelial lesion (HGSIL). 

2.4 OPTICAL CHARACTERISTICS OF CERVICAL TISSUE 

In cervical tissue, there are several endogenous fluorophores with 

characteristic fluorescence signatures. However, fluorescence measurements in 

optically turbid media such as are perturbed by optical events such as absorption 

and scattering, which makes it difficult to discern the fluorescence signatures 

from each fluorophore. At the same time, properties of light scattering and 

absorption, as well as fluorescence from certain endogenous fluorophores, are 

directly correlated with physiological changes in tissue throughout dysplastic 



 13

progression. The resulting variations give diagnostic value to fluorescence 

measurements from cervical tissue. In this section, the optical properties of 

cervical tissue regarding fluorescence, scattering and absorption are reviewed, and 

the relationship between each of these characteristics to dysplasia is discussed. 

2.4.1 Fluorescence 

Endogenous fluorophores in tissue include a number of aromatic amino 

acids, structural proteins, cofactors, lipids and porphyrins [Richards-Kortum 

1996]. Collagen along with cofactors NADH and FAD are among the 

fluorophores that exhibit prominent fluorescence intensity in clinical 

measurements and at the same time that have direct correlations with dysplastic 

progression. Cofactors NADH and FADH2 are electron carriers that provide 

electrons to generate cellular energy in the mitochondria through aerobic and 

anaerobic metabolic activity [Nelson 2000]. It is the oxidized form of the 

flavoprotein FAD and the reduced form of the nicotinamide adenine dinucleotide 

NADH that emit fluorescence. The fluorescence properties of these two 

fluorophores are presented as an excitation-emission matrix (EEM) in Figure 2.4. 

Drezek imaged transverse fresh tissue sections using fluorescence microscopy to 

monitor changes in fluorescence intensity between normal and dysplastic tissue 

[Drezek 2001a]. Fluorescence images from 380 nm excitation show increased 

epithelial fluorescence in abnormal specimens, suggestive of increased NADH 

fluorescence and thus increased NADH concentration. In a similar study, Pavlova 

used confocal fluorescence microscopy for enhanced spatial resolution [Pavlova 

2003].  Fluorescence images of normal biopsies at 360 nm excitation show that 
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cytoplasmic fluorescence due to mitochondrial fluorophores is limited to the basal 

cells of the epithelium. However, in biopsies diagnosed as LGSIL and HGSIL, 

cytoplasmic fluorescence is observed in 1/3 and 2/3 of the epithelial thickness, 

which suggests that increased portion of the epithelium shows metabolic activity 

in abnormal tissue. 

The extracellular matrix in the stroma is composed of a meshwork of 

various polysaccharides and matrix proteins including collagen. Collagen 

polymerizes into fibrils by forming crosslinks, and pyridinoline residues in the 

crosslinks emit fluorescence which peaks at 325 nm excitation and 400 nm 

emission [Eyre 1984]. Figure 2.4 shows the fluorescence characteristics of 

collagen I, which is the main constituent in the stroma. Fluorescence images of 

fresh tissue sections at 360 nm excitation have shown that fluorescence intensity 

from the stromal layer decreases in dysplastic tissue compared to normal 

specimens [Drezek 2001a]. Presuming that collagen crosslinks are a major source 

of fluorescence in the stromal layer, the decrease in fluorescence was assumed to 

be caused by breakdown of collagen fibers during dysplastic progression. It has 

been identified that various signaling proteins from tumorigenic epithelial cells 

induce unregulated protease activity of matrix metalloproteinases (MMP) that 

degrades the structural proteins in the stroma [Chang 2001]. The fluorescence 

along collagen fibrils and the shortening of collagen fibers in abnormal tissue 

were confirmed using fluorescence confocal microscopy [Pavlova 2003]. 
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Figure 2.4 Fluorescence EEMs of (a) NADH at pH of 7.4, (b) FAD at pH of 7.4 
and (c) phantom of collagen I from rat tail 

 

(a)  

(b)  

(c)  



 16

2.4.2 Optical Scattering 
 

Propagation of excitation light and fluorescence emission within tissue is 

affected by various light scatterers in the tissue. Using angular measurements of 

elastic scattering from cells and nuclei, Mourant identified that cellular scattering 

is caused by cytoplasmic organelles as well as the nucleus [Mourant 2000]. 

Scattering properties of the tissue change as the scatters are modified through 

dysplastic progression. Drezek analyzed Fuelgen-stained cervical cell nuclei from 

122 patients using an electromagnetic model [Drezek 2003]. Computational 

results from nuclei of various pathological grades suggested that changes in 

nuclear atypia, DNA content and chromatin texture increases the scattering cross-

section from abnormal cells. Arifler further analyzed cervical cell nuclei from 

various layers of the tissue and found that angular dependence of cell scattering is 

not only dependent on pathologic grade but also on epithelial depth [Arifler 

2003].  

2.4.3 Optical Absorption 

Excitation light and fluorescence emission are absorbed by chromophores 

in tissue such as hemoglobin. Hemoglobin in the stromal vasculature is an 

important source of light absorption. Increased microvessel density due to 

angiogenic developments is observed in the abnormal cervical tissue [Dellas 

1997], which suggests that light absorption from cervical tissue increase with 

dysplasia. Using reflectance spectroscopy data from the colon, Zonios calculated 

a 6-fold increase in hemoglobin concentration using the absorption characteristics 

of normal mucosa and adenomatous polyps [Zonios 1999]. However, Hornung 
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postulated that the observed absorption properties of the abnormal tissue in cervix 

might actually decrease due to accompanied increase in epithelial thickness with 

dysplastic progression [Hornung 1999], which illustrates the importance of 

separating changes in the epithelial and stromal optical properties. 

2.5 INSTRUMENTATION 

Fluorescence from tissue can be collected in a number of ways. In 

fluorescence imaging, fluorescence signal is measured from an area delineated by 

the field-of –view of the imaging device. On the other hand, the spatial resolution 

in point-spectroscopy is limited to a single pixel. However, point-spectroscopy is 

widely used to collect tissue fluorescence [Zangaro 1996, Zuluaga 1999] because 

of its high spectral resolution, which is necessary to resolve the fluorescence 

signatures originating from different fluorophores. The spectroscopic capability of 

fluorescence imaging is limited by the capabilities of the imaging device. For 

example, when a monochromatic camera is used, the spectrum of the fluorescence 

measurement cannot be resolved at all. Using an RGB camera, certain aspects of 

the spectral characteristics can be resolved, but it may not be sufficient to detect 

subtle differences in fluorescence signatures from different fluorophores. 

A device to collect fluorescence from tissue consists of three parts: a light 

source to generate a narrow band of excitation light, a mechanism to deliver the 

excitation light and collect the fluorescent light, and a detector to collect the 

fluorescent light. In point-spectroscopy, two types of light sources can be used. 

Coherent light with a narrow spectral bandwidth from lasers provides an excellent 

excitation source for fluorescence measurements. A wide range of excitation 
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wavelengths can be achieved by employing multiple laser sources at different 

excitation wavelengths or using laser dyes. A more versatile excitation source for 

fluorescence measurements can be achieved using an arc lamp with a broad 

output spectrum, such as the Xenon arc lamp. A wide wavelength range of 

excitation light can be generated from a single light source by employing a series 

of bandpass filters to select a narrow band of excitation light at specific 

wavelengths. 

The excitation light is then delivered to the measurement site on tissue 

using a guiding channel, which is normally achieved using optical fibers. 

Fluorescence emitted from tissue can be collected through the same channel, but 

can also be collected using a separate collection channel. The excitation and 

collection channels can be designed in various ways that selectively determines 

the volume of light collection within the tissue [Utzinger 2003]. 

The collected fluorescence light is detected through a number of steps. 

The light collected through the collection channel in the fiber optic probe contains 

specular reflection of the excitation light as well as fluorescence signal from 

tissue. In order to reject the excitation light component, a long pass filter is used. 

The spectrum of the filtered light can be resolved using a spectrograph. The whole 

spectrum can then be simultaneously recorded using a series of detectors, often a 

CCD. 

In this dissertation, the fluorescence measurements from tissue are 

collected using a spectroscopic system called the FastEEM [Zuluaga 1999].  The 

system uses a Xenon arc lamp with a series of bandpass filters ranging from 330 
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nm to 480 nm in 10 nm increments which enables collection of fluorescence 

spectra at 16 different excitation wavelengths. Briefly, the system measures 

fluorescence emission spectra at 16 excitation wavelengths, ranging from 330 nm 

to 480 nm in 10 nm increments with a spectral resolution of 5 nm.  The fiber optic 

probe consists of a fluorescence channel as well as a set of reflectance channels to 

measure diffuse reflectance from different source-detector separations.  The 

fluorescence channel is composed of a fiber optic bundle with 12 excitation fibers 

and 24 collection fibers arranged in random in a 2 mm diameter window. Light 

collected through each collection fiber is spectrally resolved using an imaging 

spectrograph, which is then imaged using a CCD camera. Figure 2.5 shows a 

schematic diagram describing the system. 
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Figure 2.5 Systematic diagram of the spectroscopic system to measure 
fluorescence spectra. 
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Each of the components in the system, such as the optical fibers in the 

probe and the imaging spectrograph, generates a spectral response that is not 

uniform throughout the emission wavelength range. In order to correct for the 

spectral response of the system, the spectra of two calibrated sources were 

measured at the beginning of the study; in the visible a National Institute of 

Standards and Technology (NIST) traceable calibrated tungsten ribbon filament 

lamp was used and in the ultra-violet a deuterium lamp was used (550C and 45D, 

Optronic Laboratories Inc, Orlando, FL).  Correction factors were derived from 

these spectra.  Dark current subtracted EEMs from patients were then corrected 

for the non-uniform spectral response of the detection system.  Variations in the 

intensity of the fluorescence excitation light source at different excitation 

wavelengths were corrected using measurements of the intensity at each 

excitation wavelength at the probe tip made with a calibrated photodiode (818-

UV, Newport Research Corp.). 

The quality of the device is checked through a set of negative and positive 

control standards. Since a negative control standard does not generate fluorescent 

light, any signal collected from the standard can be accounted as background 

signal generated from the device. On the other hand, a positive control standard 

emits fluorescence with known characteristics, so the sensitivity of the device can 

be checked using measurements from the standard. As a negative control, a 

background EEM was obtained with the probe immersed in a non-fluorescent 

bottle filled with distilled water at the beginning of each day. A quartz cuvette 
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containing a solution of Rhodamine B (Exciton, Dayton, OH) dissolved in 

ethylene glycol (2 mg/mL) was used as the positive control. 

2.6 EXTRACTION OF DIAGNOSTIC INFORMATION FROM CLINICAL 
MEASUREMENTS 
 

Fluorescence measurements contain a wealth of diagnostic information. 

However, emission spectra measured with a typical optical device are 

multidimensional data, consisting of several scores to hundreds of features. An 

increase in the number of features not only increases the complexity and the cost 

of the classification algorithm, but could even drop its performance beyond a 

certain point [Duda 1989]. In order to develop an effective diagnostic algorithm 

from multidimensional spectroscopic data, it is important to extract classification 

features that are most relevant to diagnosis. 
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2.6.1 Statistical Method 
 

 

Figure 2.6 Diagram illustrating principal component analysis. Spectral 
measurements at two emission wavelengths λ1 and λ2 are plotted as gray dots. 
The gray arrow represents the first principal component calculated from the 
dataset. For a data point p, the principal component score is calculated as the 
projection on to the principal component, indicated with an x. 

 

Features of interest can be extracted based on the statistical differences 

that exist in the dataset. For example, principal component analysis (PCA) 

analyzes the variance in the dataset to reduce the dimensionality in the data using 

a linear combination of features called principal components [Dillon 1984]. Each 

of the principal components represents a mutually independent source of variation 

observed in the dataset. PCA can be preceded by a normalization step to 

transform the dataset to amplify specific types of spectral variations that are of 
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interest. Principal component scores are calculated by projecting the data onto a 

principal component, and represent the contribution of the corresponding 

principal component to the overall variation inherent in the data [Figure 2.6]. 

Principal component scores have been successfully used as diagnostic features in 

developing diagnostic classification algorithms [Ramanujam 1996a, Chang 

2002a, Heintzelman 2000]. In all the cases, the fluorescence spectra were 

normalized by the maximum intensity to amplify spectral variations that are 

diagnostically relevant. Other statistical methods such as neural networks [Tumer 

1998] and support vector machines (SVM) [Lin 2004] are also being investigated 

as methods for extracting diagnostically significant features. 

2.6.2 Model-based Approach 
 

Instead of selecting features based on statistically identified differences, 

mathematical models based on characteristics of light propagation in tissue can be 

used to extract specific parameters from spectral measurements. Of the extracted 

parameters, those that are related to abnormal development can then be used as 

diagnostically significant features. For example, changes in optical properties of 

tissue such as epithelial scattering and stromal light absorption due to hemoglobin 

are directly correlated with physiological changes that accompany dysplastic 

progression. However, the complex interaction of various optical events makes 

these parameters difficult to deconvolve from the spectral measurements of tissue. 

Using knowledge of optical characteristics of tissue, mathematical models that 

describe the complex optical interactions can be fitted iteratively to each of the 
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measurements. As a result of the fitting process, a set of optical parameters related 

with the measurement can be estimated.  

Model-based parameter estimation has been applied to various optical 

techniques.  Zonios developed a mathematical model to describe diffuse 

reflectance from tissue using diffusion theory [Zonios 1999]. The model was able 

to extract hemoglobin concentration, hemoglobin oxygen saturation, effective 

scatterer density and effective scatterer size from diffuse reflectance spectra 

measured from colon tissue. Of these, hemoglobin concentration and effective 

scatterer size showed differences in measurements from normal and adenomatous 

tissue sites. Spatially resolved diffuse reflectance measurements have the 

advantage of selectively targeting different depths in tissue, and Kienle was able 

to separate the optical parameters from two layered turbid media using diffusion 

theory [Keinle 1998].  

Nieman [Nieman 2004] and Backman [Backman 1999] used Mie theory to 

extract parameters such as nuclear size of epithelial cells as well as their 

distribution from polarized reflectance spectra. Georgakoudi [Georgakoudi 

2002b] applied the model developed in [Zonios 1999] to polarized reflectance 

measurements from cervical tissue, and using the estimated parameters, SILs were 

separated from non-SILs with a sensitivity and specificity of 77% and 71%, 

respectively.  

Zhang developed an analytical model based on photon migration to extract 

intrinsic fluorescence that is not perturbed by absorption and scattering in tissue 

[Zhang 2000]. By fitting the intrinsic fluorescence spectra from tissue to 
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signatures of various fluorophores, relative fluorescence intensities of NADH and 

collagen were extracted. These two parameters yielded a sensitivity and 

specificity of 62% and 67%, respectively, from cervical tissue measurements 

[Georgakoudi 2002b]. As in diffuse reflectance, spatially resolved fluorescence 

measurements in tissue can be used to probe different depths in tissue. Hyde 

developed a diffusion theory based model to estimate fluorophore concentrations 

that are depth-dependent in the medium [Hyde 2001]. 
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Chapter 3:  Fluorescence Spectroscopy for Cervical Pre-Cancer 
Detection: Is There Variance Across the Menstrual Cycle?1 

3.1 INTRODUCTION 

Optical technologies provide a promising new approach to real-time, in 

vivo diagnosis of epithelial pre-cancers, in both screening and diagnostic settings.  

A number of groups have examined novel optical approaches, including 

fluorescence spectroscopy [Alfano 1987, Hung 1991, Mycek 1998, Shomacker 

1992, Ramanujam 1996a], reflectance spectroscopy [Bigio 1995, Koenig 1998, 

Zonios 1999], Raman spectroscopy [Mahadevan-Jansen 1996], confocal imaging 

[Rajadhyaksha 1995, Drezek 2000] and optical coherence tomography [Pitris 

1999].  Of these, the largest clinical experience has been reported using 

fluorescence spectroscopy. 

Fluorescence spectroscopy for the screening and diagnosis of cervical pre-

cancer has demonstrated promising results.  Clinical trials show a sensitivity and 

specificity of 86% and 74% in the diagnostic colposcopy clinic [Tumer 1998] and 

75% and 80% in the screening setting [Follen Mitchell 1999a].  In both diagnostic 

and screening settings, peak fluorescence intensity varies by more than an order 

of magnitude from one patient to another.  In an attempt to further improve the 

sensitivity and specificity of real-time diagnosis, it is necessary to understand and 

control for the sources of this inter-patient variability.  Figure 3.1 shows how 

fluorescence intensity can vary in squamous normal tissue of the cervix from one 

                                                 
1 This chapter originally appeared as: Chang SK, Dawood MY, Staerkel G, Utzinger U, Atkinson 
EN, Richards-Kortum RR, Follen M, J Biomed Opt 7(4):595-602, 2002. 
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patient to another.  Plotted here is the fluorescence intensity at 340 nm excitation, 

440 nm emission from a previous series of 50 squamous normal sites from 25 

patients [Tumer 1998].  Patients are listed in the order of increasing age, and the 

age of the patients ranges from 18 to 60.  In general, the intra-patient variation is 

less than the inter-patient variation.  However, the biological basis for these 

variations is not well understood.  Previous work [Brookner 2001] has shown that 

race and smoking do not account for these variations, while age and menopausal 

status may play a role. In Figure 3.1, patients 23, 24 and 25 show a large increase 

in fluorescence intensity compared to rest of the patients.  It is interesting to note 

that the patients have ages 49, 50 and 60, respectively, and that patients 24 and 25 

are post-menopausal.  We are conducting large clinical trials in the diagnostic and 

screening settings to examine the influence of age on fluorescence spectroscopy.  

However, it is unknown whether the phase in the menstrual cycle may also play a 

role. 
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Figure 3.1  Fluorescence intensity measured in vivo from squamous epithelium of 
the cervix at 340 nm excitation, 440 nm emission from 25 patients from a 
previous study.  Multiple sites from a single patient are linked with lines.  The 
patients are listed in the order of increasing age. 

A more thorough understanding of the correlation between the menstrual 

cycle and fluorescence spectroscopy of the cervix is necessary to explore the 

inter-patient variation.  The goal of the clinical study described in this paper was 

to examine the variations in the fluorescence spectra throughout the menstrual 

cycle and to determine the range of effect the menstrual cycle had on the 

fluorescence of the cervix. 
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3.2 MATERIALS AND METHODS 

3.2.1 Materials 

The study protocol was reviewed and approved by the Institutional 

Review Boards at the University of Texas M.D. Anderson Cancer Center and the 

University of Texas at Austin.  Eligible patients included those over the age of 18 

who were not pregnant, who had a history of normal menses, and no history of an 

abnormal Pap smear.  After signing informed consent, all patients underwent a 

demographic interview, risk factor questionnaire, complete history and physical 

exam and pan-colposcopy of the vulva, vagina and cervix.  6% acetic acid was 

applied during pan-colposcopy. Initially, each patient underwent a urine 

pregnancy test, chlamydia and gonorrhea cultures, and a Papanicoloau smear.  

Both the pan-colposcopy and the Papanicoloau smear were performed prior to the 

first day of the measurement period.  Additionally, patients underwent Virapap 

testing (DiGene, Bethesda, MD) as well as human papilloma virus (HPV) DNA 

and mRNA sampling.  Initially, each patient had blood drawn for FSH, Estradiol, 

and Progesterone levels.  The last menstrual period and menstrual history were 

asked of each patient. 

The patients were then followed with fluorescence spectroscopy 

throughout one cycle.  Three colposcopically normal sites were chosen by one of 

the investigators (MF) and fluorescence EEMs were measured daily from these 

three sites.  It was noted whether these sites corresponded to squamous or 

columnar epithelium.  Because of the variation between squamous and columnar 

epithelium and the relatively small number of columnar sites investigated here, in 
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this work we report only results from squamous normal sites.  Menstrual bleeding 

was asked of the patient daily, noted daily by a research nurse, and verified by the 

nurse practitioner or physician making the measurements.  These dates were 

assigned to the menstrual phase of the cycle.  Ovulation was assumed to occur at 

cycle day 14, with dates preceding the day assigned to the proliferative phase and 

dates following the day assigned to the secretory phase of the cycle. 

3.2.2 Instrumentation 

The spectroscopic system used to measure fluorescence EEMs has been 

described in detail previously [Heintzelman 2000, Utzinger 2000].  Briefly, the 

system measures fluorescence emission spectra at 16 excitation wavelengths, 

ranging from 330 nm to 480 nm in 10 nm increments with a spectral resolution of 

5 nm.  The system incorporates a fiber optic probe, a Xenon arc lamp coupled to a 

monochromator to provide excitation light and a polychromator and thermo-

electrically cooled CCD camera to record fluorescence intensity as a function of 

emission wavelength. 

3.2.3 Measurements 

As a negative control, a background EEM was obtained with the probe 

immersed in a non-fluorescent bottle filled with distilled water at the beginning of 

each day.  Then a fluorescence EEM was measured with the probe placed on the 

surface of a quartz cuvette containing a solution of Rhodamine 610 (Exciton, 

Dayton, OH) dissolved in ethylene glycol (2 mg/mL) at the beginning of each 

patient measurement. 



 31

To correct for the non-uniform spectral response of the detection system, 

the spectra of two calibrated sources were measured at the beginning of the study; 

in the visible a National Institute of Standards and Technology (NIST) traceable 

calibrated tungsten ribbon filament lamp was used and in the ultra-violet a 

deuterium lamp was used (550C and 45D, Optronic Laboratories Inc, Orlando, 

FL).  Correction factors were derived from these spectra.  Dark current subtracted 

EEMs from patients were then corrected for the non-uniform spectral response of 

the detection system.  Variations in the intensity of the fluorescence excitation 

light source at different excitation wavelengths were corrected using 

measurements of the intensity at each excitation wavelength at the probe tip made 

with a calibrated photodiode (818-UV, Newport Research Corp.). 

Before the probe was used it was disinfected with Metricide (Metrex 

Research Corp.) for 20 minutes.  The probe was then rinsed with water and dried 

with sterile gauze.  The disinfected probe was guided into the vagina and its tip 

positioned flush with the cervical epithelium. Acetic acid, which enhances the 

fluorescence and the reflectance differences between normal and dysplastic tissue 

[Agrawal 1999], was not applied to the cervical epithelium prior to the placement 

of the probe.  In an initial pilot period, acetic acid was applied daily prior to 

fluorescence measurement; however after applying for 3 days, patients 

experienced discomfort, and significant inflammation was observed 

colposcopically.  When noticeable bleeding is observed, the blood was removed 

from the measurement site using an alcohol swab immediately before the optical 

measurement.  Then fluorescence EEMs were measured from three pre-
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determined cervical sites.  Measurement of each EEM required approximately 

two minutes. 

3.2.4 Data Analysis 

Multi-dimensional data, such as the EEMs recorded in this study, 

represent a challenge in bio-statistical analysis.  To analyze this high dimensional 

data set, we explored a dimension reduction strategy called Principal Component 

Analysis (PCA).  In PCA, the primary goal is to build linear combinations of the 

variables that account for as much of the total variance as possible.  Successive, 

uncorrelated linear combinations of the variables are then extracted, which 

account for successively smaller amounts of the total variance [Dillon 1984]. 

In this study, PCA was applied to the data from the squamous normal sites 

of each patient.  Prior to analysis, emission spectra at each excitation wavelength 

were cropped to discard the noisy tails and the area under each cropped spectrum 

was normalized to unity.  Then the emission spectra of the EEM matrix were 

concatenated into a single vector.  For each patient, an input data matrix was 

assembled where the concatenated vector from each squamous normal site at each 

day was placed as a row. The eigenvectors of the corresponding co-variance 

matrix were then calculated, yielding the principal components for each patient.  

Principal component scores were computed by projecting the concatenated 

vectors from each day and each site onto the principal components of the 

respective patient.  Since 2-3 sites were measured from each patient for 30 days, 

this amounts to a total of 60-90 principal component scores from a principal 

component of each patient. We calculated two sets of principal components and 
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corresponding principal component scores from different regions of the EEM: one 

set was calculated from the emission spectra at 340 – 380 nm excitation, and the 

other set from those at 410 – 470 nm excitation, as these two areas correspond to 

fluorophores associated with epithelial cells, the co-factors NADH and FAD, as 

well as emission from stromal collagen and elastin.  In each set of principal 

components, we examined the 5 principal components accounting for the largest 

portion of the variance and their principal component scores as a function of cycle 

day. 

3.2.5 Classification 

A diagnostic algorithm was previously developed for the classification of 

SIL (squamous intraepithelial lesion) and normal cervical tissues based on 

fluorescence spectra at 340-, 380-, and 460-nm excitation using Bayesian 

classifiers [Ramanujam 1996b].  Briefly, the algorithm is a two-step algorithm 

where squamous normal and columnar normal samples, respectively, are 

classified at each step based on the a posteriori probability of principal component 

scores.  To investigate the effect of the menstrual cycle on diagnostic 

classification, we trained the algorithm using a data set from a previous study 

[Ramanujam 1996b], which is composed of 190 samples from squamous normal 

tissues, 32 samples from columnar normal tissues, 119 samples from SIL. Then 

the data from the present study was tested with the algorithm. 

3.3 RESULTS 

Ten patients enrolled in and completed the study.  The patients ranged in 

age from 26 to 45.  All ten patients were pre-menopausal as determined by FSH 
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levels, and nine of ten had ovulatory bleeding by medical history and by estradiol 

and progesterone levels.  One patient (patient 2) had an anovulatory cycle.  Nine 

out of the ten patients had normal Pap smears.  One of the ten patients (patient 

10), who had a previous history of normal Pap smears, had stage 1 cervical 

intraepithelial neoplasia (CIN 1)/HPV-associated-atypia.  Eight of the ten patients 

participated in a second study and underwent colposcopically directed biopsies on 

two of the measured sites at the end of the trial.  One of these patients displayed 

colposcopic abnormality and biopsies of all 3 measured sites were obtained at the 

end of the trial.  Out of the eight patients, seven patients had normal cervical 

biopsies. The patient who had CIN 1/HPV-associated-atypia on her Pap smear 

had the diagnosis of low grade SIL (LG-SIL) confirmed in all three biopsies.  

Each patient underwent fluorescence EEM measurements daily of three sites.  For 

three patients (patient 2, 6, 10), one site was columnar epithelium and two sites 

were squamous epithelium. For seven other patients, all three sites were 

squamous epithelium. 
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Figure 3.2 A typical fluorescence EEM from a squamous normal site on the 
cervix.  NADH/CC, FAD/SP, FAD, P represent peak positions of 
NADH/Crosslinked Collagen, FAD/Structural Protein, FAD and Porphyrin, 
respectively.  Dotted lines represent positions for hemoglobin absorption.  Scale 
bar for the intensity values is shown on the right. 

Figure 3.2 shows a typical fluorescence EEM from a normal squamous 

site on cycle day 7.  The fluorescence EEM is plotted as a topographical map, 

with excitation wavelength on the ordinate and emission wavelength on the 

abscissa.  Contour lines connect points of equal fluorescence intensity.  Several 

excitation-emission maxima are present; the peak at 350 nm excitation, 450 nm 

emission is consistent with emission of the co-factor NADH as well as collagen 

crosslinks.  A shoulder at 370 nm excitation, 525 nm emission is consistent with 
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emission of the co-factor FAD.  The peak at 450 nm excitation, 525 nm emission 

is consistent with the co-factor FAD as well as structural protein fluorescence.  

Fluorescence of endogenous porphyrins is present with excitation maxima at 410 

nm and emission maxima at 630 nm.  Tissue vascularity can influence 

fluorescence spectra, when hemoglobin absorbs fluorescent light at 420, 540 and 

580 nm, producing valleys in the EEMs parallel to the excitation and emission 

wavelength axes. 

Figure 3.3 shows how the fluorescence intensity at 340 nm excitation, 440 

nm emission varies in ten patients daily throughout the cycle.  On average, the 

fluorescence intensity varies by approximately a factor of two within each patient 

throughout the menstrual cycle.  This is much less than the inter-patient variation 

observed in Figure 3.1, which reaches a factor of 10.  Furthermore, visual 

examination of the raw data in Figure 3.3 does not show any obvious correlation 

between fluorescence intensity and cycle date within a single patient, although the 

expected level of inter-patient variation was present. 

We explored data reduction strategies, which break the data down into 

linearly independent factors, and then examined whether variation in any of these 

individual factors correlated with cycle date.  Data reduction, using PCA, was 

carried out in two excitation wavelength regions: 340 – 380 nm and 410 – 470 nm 

excitation.  In the area at 340 - 380 nm excitation the strongest correlations were 

observed.  In particular, the scores from the second principal component were 

visually correlated with the day of the cycle for many of the patients.  In one  
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Figure 3.3  Fluorescence intensity from squamous epithelial cells of the cervix at 
340 nm excitation, 440 nm emission daily throughout the cycle in all ten patients.  
The plots are the mean fluorescence intensity of the three sites measured each day 
for each patient, and the error bars represent the maximum and the minimum 
values of the three sites.  Blue, green and red dots represent menstrual, 
proliferative and secretory phases of the cycle, respectively.  Note that data is 
plotted against the day of the cycle, which is not necessarily the same as the 
measurement day. 
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patient (patient 9), this correlation was especially strong, indicating that the 

corresponding principal component described a portion of the EEM that was most 

strongly correlated with variations in the cycle.   For this patient, the second 

principal component accounted for approximately 16% of the total variance.   

Using this second principal component, we calculated the corresponding principal 

component score at each cycle day for each patient.  We then explored visual 

correlation with the day of the cycle.  Results are shown in Figure 3.4.  To 

facilitate the visualization of data, their sequence has been re-ordered. Data from 

all the patients are presented from the first day of the menstrual phase to the last 

day of the measurement. Then, the data from the first day of the measurement to 

the day before the first day of the menstrual phase is concatenated at the end. 

In order to investigate inherent patterns in the plots, regression analysis 

was performed using a third order linear fit to the average plot.  The linear fit is 

shown as dark gray curves in each plot of Figure 3.4.  The R2 value, which 

measures the goodness of each fit, is shown in Table 3.1.  In general, the second 

principal component score is lowest during the menstrual phase of the cycle, 

increases throughout the proliferative phase of the cycle and plateaus during the 

secretory phase. 
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Figure 3.4 Principal component scores daily throughout the cycle in all ten 
patients.  The plots are the mean of the three sites at each day, and the error bars 
indicate the minimum and maximum values among the three sites.  Blue, green 
and red dots represent menstrual, proliferative and secretory phases, respectively.  
Dotted vertical line indicates the day of ovulation (day 14 of the menstrual cycle). 
Note that data is plotted against the day of the cycle, not necessarily the same as 
the measurement day. 
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Table 3.1 R2 values for the third order linear fits in Figures 3.4 and 3.6. 

patient
R2 value for 

Figure 4 
R2 value for 

Figure 6 
1 0.62 0.43 
2 0.39 0.45 
3 0.26 0.39 
4 0.64 0.58 
5 0.30 0.12 
6 0.13 0.45 
7 0.38 0.36 
8 0.01 0.08 
9 0.62 0.51 

10 0.43 0.42 

Figure 3.5 shows the second principal component of patient 9 multiplied 

by the principal component score at each day of the cycle.  For simplicity, the 

figure shows the principal component corresponding to the emission spectrum at 

360 nm excitation.  The mean emission spectrum at 360 nm excitation, which is 

scaled by a factor of 10, is also shown.  Note that there are two opposing peaks in 

the principal component: one peak is in the emission wavelength region from 450 

nm to 480 nm and the other is in the emission wavelength region above 500 nm.  

The first wavelength region is consistent with the fluorescence peak of the co-

factor NADH at 360 nm excitation and 450 nm emission, while the second is 

consistent with the peak of the co-factor FAD at 360 nm excitation and 525 nm 

emission. 
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Figure 3.5 The second principal component weighted by the principal component 
scores of patient 9 at each day in the cycle.  The principal component 
corresponding to emission spectrum at 360 nm excitation is shown.  Blue, green 
and red plots represent menstrual, proliferative and secretory phases, respectively.  
Mean emission spectrum at 360 nm excitation, scaled by 10, is also shown in 
black. 

The significance of the fluorescence from the co-factors NADH and FAD 

in this second principal component suggests that a simpler ratio of fluorescence 

intensities, known as the redox ratio, may correlate with the day of the cycle. The 

redox ratio, R, is the ratio of fluorescence intensity at 370 nm excitation, 530 nm 

emission (FAD) to sum of intensities at 370 nm excitation, 530 nm emission 

(NADH) and 370 nm excitation, 450 nm emission (FAD) [Chance 1979].   
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Figure 3.6 shows the redox ratio throughout the cycle for all ten patients.  

As in Figure 3.4, the sequence of data presented in the plots is re-ordered. 

Regression analysis using third order linear fit of the average plot was also 

performed. The R2 value of each fit is shown in Table 1. Like the principal 

component score shown in Figure 3.4, the redox ratio is lowest during the 

menstrual phase of the cycle, increases during the proliferative phase and then 

plateaus during the secretory phase. 

Ramanujam [Ramanujam 1996b] reports a sensitivity and specificity of 

88% and 68% respectively using a diagnostic classification algorithm to 

discriminate SIL from squamous normal cervical tissues.  Another measure of 

algorithm performance is the area under the ROC (receiver operator 

characteristic) curve [Follen Mitchell 1999b].  Using data from [Ramanujam 

1996b], Utzinger calculated an area under the curve of 0.71 for this algorithm 

[Utzinger 1999].  When the algorithm developed in the previous study was 

applied to the data from this study and the prior probability of disease was 

adjusted to be 10.2%, consistent with the data from this study, specificity was 

94.3%; this is higher than reported by Ramanujam.  There are insufficient data 

points from biopsy proven SIL to calculate a reliable sensitivity from this study.  

However, if we assume that all measurements from sites with biopsy proven SIL 

at the end of the study contained SIL throughout the entire study, we could 
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calculate the area under the ROC curve.  We found an area of 0.64, which is 

comparable to that found previously [Utzinger 1999]. 

 

 

 

Figure 3.6  Redox ratio daily throughout the cycle in all ten patients.  The plots 
are the mean of the three sites at each day, and the error bars indicate the 
minimum and maximum values among the three sites.  Blue, green and red dots 
represent menstrual, proliferative and secretory phases, respectively.  Dotted 
vertical line indicates the day of ovulation (day 14 of the menstrual cycle). Note 
that data is plotted against the day of the cycle, not necessarily the same as the 
measurement day. 
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3.4 COMMENT 

The results of the PCA (Fig. 4) and the analysis of the redox ratio (Fig. 6) 

imply that the metabolic activities of the epithelial cells of the cervix are 

relatively high during the menstrual and proliferative phases of the cycle and that 

they are relatively low during the secretory phase [Chance 1996].  These results 

are consistent with other findings.  Ferenczy [Ferenczy 1994] states that in 

general estradiol-17B stimulates epithelial proliferation and maturation whereas 

progesterone prohibits upper midzone maturation in the squamous epithelial cells 

of the cervix.  He also states that estrogen receptors show a relative increase 

during the follicular phase compared to the luteal phase, suggesting that cell 

proliferation increases during the follicular phase and decreases during the luteal 

phase.  Gorodeski [Gorodeski 1989, Gorodeski 1990] investigated the effect of 

sex steroids on the formation of ectocervical epithelial envelopes, which are a 

layer of crosslinked protein that forms beneath the plasma membrane during 

ectocervical cell terminal differentiation.  He states that estrogen increases 

ectocervical epithelial cell differentiation whereas progestin decreases envelope 

formation in the ectocervical epithelial cells. 

Fluorescence spectroscopy for the screening and diagnosis of cervical pre-

cancer has already demonstrated promising results, with sensitivities and 

specificities in the 75-90% range.  It should be noted that variations in 

fluorescence intensity throughout the cycle do not account for the ten-fold 

variation in fluorescence intensity observed between patients.  Within a single 
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patient, fluorescence intensity varies by approximately a factor of two throughout 

the cycle.  Only 8-16% of this variance appears to be correlated with day in cycle. 

When the data from the present study is applied to a diagnostic classification 

algorithm, specificity is well above that reported in literature.  Thus, in 

developing algorithms for cervical pre-cancer based on fluorescence 

spectroscopy, it does not appear necessary to control for cycle date.  Patients can 

be measured at any point in their cycle and the same diagnostic algorithms can be 

used. 

Real time diagnosis of cervical cancer using fluorescence spectroscopy 

would provide a great advance in the day-to-day practice of medicine.  For 

developed countries, optical technologies will translate into more cost-effective 

care by reducing the number of visits and unnecessary biopsies.  In developing 

countries, optical technologies could enable screening programs to be 

implemented by less trained health care providers. 
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Chapter 4:  Combined Reflectance & Fluorescence Spectroscopy 
for In Vivo: Detection of Cervical Pre-cancer2 

4.1 INTRODUCTION 

Cervical cancer is the third most common cancer in women worldwide 

and the leading cause of cancer mortality for women in developing countries 

[Pisani 1999].  Early detection programs based on the Papanicoloau smear and 

colposcopy have helped reduce both the incidence and the mortality of cervical 

cancer [Wright 1994].  However, the sensitivity and specificity of the 

Papanicoloau smear range from 11-99% and 14-97%, respectively [Fahey 1995].  

Because of this limitation, colposcopy is performed following an abnormal Pap 

smear.  Although colposcopy provides good sensitivity (>90%), its specificity is 

still poor (<50%), requiring a biopsy to confirm the diagnosis of cervical pre-

cancer [Follen Mitchell 1994].  The effectiveness of early detection can be 

improved by developing more sensitive methods for screening and diagnosis. 

As an alternative, many groups have demonstrated that techniques based 

on quantitative optical spectroscopy show promise as a potential diagnostic tool 

for detecting epithelial neoplasia.  In particular, reflectance and fluorescence 

spectroscopy have shown initial success for pre-cancer detection in various organ 

sites including the bladder [Bigio 1995], the uterine cervix [Ramanujam 1996b, 

Georgakoudi 2002b, Coppleson 1994], the colon [Cothren 1996, Zonios 1999], 

                                                 
2 This chapter submitted as: Chang SK, Mirabal YN, Atkinson EN, Cox D, Malpica A, Follen M, 
Richards-Kortum R, J Biomed Opt (2004). 
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and the esophagus [Alfano 1987, Vo-Dinh 1995].  Coppelson [Coppelson 1994] 

developed a fiber optic probe (Polar Probe) to measure cervical tissue reflectance 

at four wavelengths in the visible and NIR region.  An empirical algorithm was 

developed using in vivo data from 77 volunteers; its diagnosis agreed with 

colposcopy and histology in 85-99% of measurements, depending on tissue type.  

Based on the increased penetration depth of light at larger separation between the 

source and detector fibers [Mourant 1996], other studies have investigated 

spatially resolved measurements of diffusely reflected light to enhance diagnostic 

performance [Lin 1997, Nichols 1997].  Nordstrom [Nordstrom 2001] carried out 

a clinical trial where 41 patients with abnormal colposcopy were measured in vivo 

using both diffuse reflectance and UV-excited fluorescence spectroscopy for 

detection of cervical pre-cancer.  A multivariate algorithm based on the 

Mahalanobis distance used reflectance spectra to discriminate normal squamous 

(SN) tissue and high grade squamous intraepithelial lesions (HG-SIL) with a 

sensitivity and specificity of 82% and 67%, respectively, from reflectance 

measurements. A similar approach using fluorescence spectra resulted in a 

sensitivity and specificity of 91% and 93%, respectively.  Georgakoudi used a 

combination of in vivo reflectance and fluorescence spectroscopy to calculate the 

intrinsic fluorescence from cervical tissue [Georgakoudi 2002b], which resulted in 

a sensitivity and specificity of 62% and 92%, respectively. 

The diagnostic capability of fluorescence and reflectance spectroscopy 

derives from the ability of these techniques to probe the metabolic and 

architectural changes at the cellular and molecular level that accompany the 
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development of neoplasia. For example, one of the important clinical markers for 

diagnosis of cervical pre-cancer is hemoglobin concentration in tissue, which 

increases during dysplastic progression due to angiogenic developments [Dellas 

1997].  Reflectance spectra collected from tissue effectively monitor the level of 

hemoglobin concentration by measuring the light absorption from the 

chromophore and thereby provide important diagnostic information. On a similar 

note, reflectance spectroscopy is also sensitive to light scattering in tissue. 

Electromagnetic modeling predicts that the intensity of cellular light scattering 

increases with progression of cervical pre-cancer due to changes in nuclear size 

and DNA content [Drezek 2003]. Collier used reflectance measurements from a 

confocal imaging system to quantify the level of nuclear scattering from the 

cervical epithelium, and demonstrated the diagnostic potential of cellular light 

scattering properties in separating normal and HG-SIL tissue [Collier 2003].  

Among the various intrinsic fluorophores in tissue, fluorescence from 

cofactors NADH and FAD convey important information about the cellular 

metabolic state. Confocal fluorescence microscopy images of fresh tissue slices 

have revealed differences in cytoplasmic fluorescence patterns from normal and 

pre-cancerous biopsy specimens [Pavlova 2003], possibly due to variations in the 

metabolic state of tissue during dysplastic progression.  

In most cases, the diagnostic capabilities of fluorescence and reflectance 

spectroscopy have been investigated separately.  Several recent small studies have 

suggested that the combinations of both techniques may yield improved 

diagnostic performance [Georgakoudi 2002b, Nordstrom 2001]. These studies 
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have either been conducted at a single excitation wavelength for fluorescence 

[Nordstrom 2001] or a small number of excitation wavelengths [Georgakoudi 

2002b]. Furthermore, the diagnostic performance of spatially resolved reflectance 

in combination with fluorescence measurements has not been investigated 

previously. In this paper, we explore the utility of combining spatially resolved 

reflectance spectra and fluorescence spectra measured at a wide range of 

excitation wavelengths for the detection of cervical pre-cancer. 

4.2 MATERIALS & METHODS 

4.2.1 Instrumentation 

The spectroscopic system used to measure fluorescence and reflectance 

spectra has previously been described in detail [Zuluaga 1999].  Briefly, the 

system incorporates three main components: (1) a Xenon arc lamp used to provide 

broadband illumination reflectance and coupled to a monochromator to provide 

fluorescence excitation light; (2) a fiber-optic probe that directs the light to tissue 

and collects diffusely reflected and fluorescent emission light; and (3) an optical 

assembly with a polychromator and thermo-electrically cooled CCD camera to 

record the spectral data.  Figure 4.1a illustrates the system. 
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Figure 4.1 (a) System block diagram showing the light source assembly, a fiber-
optic probe for delivery and collection of light, and the spectrograph assembly. (b) 
Schematic diagram of the distal end of the probe: [A] fluorescence excitation 
(white circles) and collection (black circles) fiber bundle, [B] reflectance 
illumination fiber (white circle) and reflectance collection fibers at positions 0 – 3 
(black circles labeled with 0 – 3 for each respective position).   

(a) 

(b) 
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The probe, whose distal end is illustrated in Figure 4.1b, utilizes a fiber 

optic bundle for fluorescence measurement in the core surrounded by nine 

spatially separated optical fibers [200µm diameter fibers, numerical aperture 

(NA) = 0.2] to measure reflectance.  The fluorescence bundle consists of a 

random arrangement of 25 illumination and 12 collection fibers, with a 15 mm 

long quartz mixing element [200µm diameter, NA = 0.2] at the distal end of the 

bundle to diffuse the excitation and collection light at the measurement site. 

Fluorescence excitation wavelengths range from 330 nm to 480 nm in 10 nm 

increments and each emission spectrum is sampled at 5 nm intervals.  Of the nine 

reflectance fibers, one excitation fiber provides broadband illumination and eight 

reflectance collection fibers are placed at four different source-detector 

separations (position 0: 250 µm separation, position 1: 1.1 mm separation, 

position 2: 2.1 mm separation, position 3: 3.0 mm separation) to collect diffusely 

reflected light. Emission wavelength in each reflectance spectrum ranges between 

355 nm and 655 nm in 2.5 nm intervals. A single spectroscopic measurement 

consists of fluorescence emission spectra from 16 different excitation 

wavelengths and 4 reflectance spectra measured in sequence in approximately two 

minutes. 

4.2.2 Clinical Measurements 

The study protocol was reviewed and approved by the Institutional 

Review Boards at the University of Texas M. D. Anderson Cancer Center and the 

University of Texas at Austin.  Details of the clinical study are provided in 

[Chang 2002b, Mirabal 2002].  A health-care provider described the study to 
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eligible patients who had been referred on the basis of an abnormal Papanicoloau 

smear; written consent was obtained from those agreeing to participate.  

Following colposcopic examination, but prior to biopsy, a fiber optic probe was 

advanced through the speculum and placed in contact with the cervix.  Spectra 

were measured from up to 4 sites in each patient: one colposcopically normal 

cervical site covered with squamous epithelium, one or two colposcopically 

abnormal cervical sites, and if visible, one colposcopically normal cervical site 

covered with columnar epithelium. Following spectroscopic measurements, all 

sites were biopsied.   

Within two hours of each patient measurement, spectra from reflectance 

and fluorescence standards were measured.  As a positive control for reflectance 

measurements, reflectance spectra were measured from a one cm pathlength 

cuvette containing a suspension of 1.02 µm diameter polystyrene microspheres 

(6.25% by volume). Fluorescence spectra measured from a solution of Rhodamine 

610 (Exciton, Dayton, OH) dissolved in ethylene glycol (2mg/ml) in a one cm 

pathlength cuvette was used for positive control of fluorescence measurements.  

As a negative control, reflectance & fluorescence spectra were measured with the 

probe tip immersed in a large container of distilled water to record levels of 

various background signal.  

Biopsies were fixed and submitted for permanent section.  Four-micron 

thick sections were stained with both hematoxylin and eosin (H&E) as well as 

Feulgen stains.  Two pathologists who were blinded to the results of spectroscopy 

read each biopsy, with discrepant cases reviewed a third time for consensus 
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diagnosis by the study histopathologist. Diagnostic classification categories 

included normal tissue, HPV infection (HPV), grade 1 cervical intra-epithelial 

neoplasia (CIN 1), grade 2 cervical intra-epithelial neoplasia (CIN 2), grade 3 

cervical intra-epithelial neoplasia (CIN 3), and carcinoma in situ (CIS) using 

standard histopathologic criteria [Wright 1994]. Normal tissues were divided into 

two categories based on colposcopic impression: normal squamous epithelium 

(SN) and normal columnar epithelium (CN). Tissues with acute/chronic 

inflammation or metaplasia were included in the corresponding SN or CN 

category. In accordance with the Bethesda system, HPV and CIN 1 were termed 

LGSILs whereas CIN 2, CIN 3, and CIS were termed HGSILs.  The diagnostic 

categories SN, CN, LGSIL, and HGSIL were used in this analysis. 

4.2.3 Data Processing & Statistical Analysis 

Three investigators (YM, DDC, RRK) blinded to the pathologic results 

reviewed all spectra.  Spectra indicating evidence of user or instrument error, such 

as probe slippage, were discarded from further analysis.  Reflectance spectra at 

each source-detector separation were normalized by the corresponding spectrum 

from the microsphere suspension to correct for the effects of the source spectrum, 

variations in the illumination intensity, and the wavelength-dependent response of 

the detection system. For each fluorescence measurement, variations in the source 

light were corrected with excitation illumination intensity measured at the probe 

tip using a calibrated photodiode (818-UV, Newport Research Corp.).  To correct 

for the non-uniform spectral response of the detection system, the spectra of two 

calibrated sources were measured at the beginning of the study; a NIST traceable 
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calibrated tungsten ribbon filament lamp in the visible range and a deuterium 

lamp (550C and 45D, Optronic Laboratories Inc, Orlando, FL) in the UV range.  

System response correction factors for fluorescence emission spectra were 

derived from these calibration spectra. 

Reflectance data from a single measurement site are represented as a 

matrix containing calibrated reflectance intensity as a function of source-detector 

separation and emission wavelength.  Spectra from each of the four source-

detector separation positions form column vectors containing 121 intensity 

measurements corresponding to emission wavelengths from 355 nm to 655 nm in 

2.5 nm increments.  Fluorescence data from a single measurement site are 

represented as an excitation-emission matrix (EEM), where calibrated 

fluorescence intensity is expressed as a function of excitation and emission 

wavelength.  Columns of this matrix correspond to emission spectra at each 

excitation wavelength, containing between 50 to 130 intensity measurements 

ranging from 380 nm to 700 nm emission in 5 nm increments.  The excitation 

wavelengths range from 330 nm to 480 nm in 10 nm increments.   

The spectroscopic data were then analyzed to determine which reflectance 

source-detector separations and fluorescence excitation wavelengths, termed 

classification features, contained the most diagnostically useful information to 

separate a pair of diagnostic categories of the cervix. We developed classification 

algorithms to discriminate SN vs. CN, SN vs. LGSIL, SN vs. HGSIL, CN vs. 

LGSIL, CN vs. HGSIL from the following three datasets: combinations of four 

reflectance features, combinations of 16 fluorescence features, and combinations 
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of 20 integrated features. The diagnostic performance of each combination was 

evaluated with the classification algorithm.  In the analysis using only the 

reflectance features, up to four spectra at different source-detector separations 

were considered as input to the classifiers whereas in analyses of fluorescence 

alone and combination of fluorescence and reflectance, combinations of up to 

three reflectance spectra or fluorescence emission spectra were considered.  Table 

4.1 lists the number of different possible combinations of feature vectors 

considered in each analysis.  

Table 4.1  Number of different possible feature vector combinations used to 
evaluate diagnostic performance 

Number of feature vectors in a 
combination 

1 2 3 4 

Number of combinations using only 
reflectance spectra 

4 6 4 1 

Number of combinations using only 
fluorescence emission spectra 

16 120 560 Not used 

Number of combinations using both 
reflectance and fluorescence 
emission spectra 

20 190 1140 Not used 

 

Classification algorithms were developed to separate data from the two 

diagnostic classes under analysis. The algorithm development has been described 

previously [Chang 2002b] and consists of data reduction using principal 

component analysis (PCA) followed by binary classification using Mahalanobis 

distance.  Each step is described in detail below. 

Prior to PCA, an input matrix was assembled with the specified feature 

vector combination from the two diagnostic classes.  For each measurement, 
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spectra from the combinational features were concatenated end to end as a single 

row vector.  In order to reduce inter-patient variation, each fluorescence spectrum 

was normalized by its maximum intensity prior to concatenation.  These row 

vectors were concatenated in a column to form the input matrix.  

Eigenvectors of the corresponding covariance matrix were then calculated 

to generate the principal components; those accounting for up to 65, 75, 85, and 

95% of the total variance were retained for algorithm development.  We denote 

the fraction of the total variance accounted for by the eigenvectors as the 

eigenvector significance level (ESL).  Principal component scores of each 

measurement in the input matrix were calculated using the selected eigenvectors.  

Classifiers based on the principal component scores were generated to 

perform binary classification into the two diagnostic classes under analysis.  
Classification is based on the Mahalanobis distance 2

ir  from a measurement x to 

the mean ix of each diagnostic class i. 

(1) )()( 12

ixii xxCxxr −⋅⋅′−= −  

Here, x and ix  are vectors of principal component scores, and Cx is the 

covariance matrix.   

The performance of classification depends on the principal component 

scores included for analysis.  For each eigenvector selected at an ESL, the 

corresponding set of principal component scores were applied to the Mahalanobis 

distance classification, and the set yielding the best initial performance was 

retained in the data matrix, M, for analysis.  Among the remaining eigenvectors, 

the set of principal component scores that improved this performance most when 
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combined with M was selected in sequence.  This process was repeated until 

performance was no longer enhanced by the addition of principal components, or 

until all components were selected.   

The diagnostic performance of the data matrix M at each ESL was 

evaluated relative to the histopathologic diagnosis. The Mahalanobis classifier 

was trained and tested using all the samples in M.  In calculating the sensitivity 

and the specificity for each pair of diagnostic classes, diseased tissue was taken as 

the positive sample relative to either columnar or squamous normal tissue. 

However, when CN was discriminated against SN, columnar normal tissue was 

taken as the positive sample relative to squamous normal tissue.   

A potential problem with this approach is that it may overestimate 

sensitivity and specificity due to overtraining.  To minimize the effect of 

overtraining, we carried out each analysis once with the true diagnosis and 50 

times when the diagnosis was randomly assigned.  The total number of positive 

and negative samples was kept the same when generating the set of randomized 

diagnosis. We ranked each feature combination according to the difference in the 

sum of the sensitivity and specificity obtained with the true diagnosis with that of 

the average sensitivity and specificity from the randomized diagnosis.  Since 

leave-one-out cross-validation provides a less biased estimate of algorithm 

performance [Utzinger 1999], the diagnostic performance of the top 25 ranking 

combinations was further evaluated using leave-one-out cross-validation. 
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4.3 RESULTS 

4.3.1 Data Set 

The dataset consisted of a set of spectra from 324 sites in a group of 161 

patients that were deemed adequate for both reflectance and fluorescence analysis 

by independent reviewers.  Table 4.2 shows the diagnostic composition of the 

dataset.  Tissues with acute/chronic inflammation or metaplasia were included in 

the corresponding squamous or columnar normal category. 

Table 4.2.  Dataset classified by histopathologic diagnosis 

Diagnostic Class SN CN HPV CIN 1 CIN 2 CIN 3 /CIS Total
Number of Sites 
(161 patients) 227 18 52 9 3 15 324 

4.3.2 Reflectance Spectra 

Typical reflectance and fluorescence spectra from three measurement sites 

diagnosed as (a) normal squamous, (b) normal columnar, and (c) CIS are shown 

in Figure 4.2.  The reflectance spectra from each site at the four different source-

detector separation positions are shown in the left column of Figure 4.2.  Positions 

0, 1, 2, and 3 correspond to an increasingly greater source-detection separation.  

All reflectance spectra show valleys due to hemoglobin absorption at 420 nm, 542 

nm, and 577 nm. In general, reflectance intensity decreases from SN tissue to 

abnormal tissue, with the most significant level of attenuation observed with 

HGSIL.  Reflectance intensity from CN tissue is low compared to that from SN 

tissue. 
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Figure 4.2.  Typical in vivo reflectance spectra (left) and fluorescence EEMs 
(right) from cervical tissue: (a) normal squamous; (b) normal columnar, and (c) 
carcinoma in situ.  In the left column, reflectance spectra at four different source-
detector separations [position 0 =       ; position 1 =          ; position 2 =          ; 
position 3 =      ], normalized by a standard microsphere solution, are shown.   In 
the right column, fluorescence excitation-emission matrix data are shown.   
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4.3.3 Fluorescence Spectra 

The fluorescence EEMs measured at the identical sites are shown in the 

right column of Figure 4.2.  Fluorescence peaks from several fluorophores are 

evident. The peak at 350 nm excitation / 450 nm emission is due to co-factor 

NADH as well as collagen crosslinks, while the peak along 525 nm emission at 

both 370 nm and 450 nm excitation is due to co-factor FAD and collagen 

crosslinks.  Fluorescence from endogenous porphyrin, if present, appears as a 

peak at 410 nm excitation / 630 nm emission.  Absorption due to hemoglobin 

causes valleys parallel to the excitation and emission wavelength axes along 420 

nm, 540 nm, and 580 nm. As observed in the reflectance spectra, hemoglobin 

absorption valley is generally more prominent in abnormal tissue compared to 

squamous normal tissue. 

4.3.4 Statistical Analysis 

Figure 4.3 shows the average cross-validated sensitivity and specificity of 

the five best performing feature combinations among all possible combinations; 

results are shown from analyses using reflectance spectra alone, fluorescence 

spectra alone, and reflectance combined with fluorescence.  In general, 

discrimination between SN and CN gave the best performance, followed by CN 

vs LGSIL, SN vs HGSIL and CN vs HGSIL. Discrimination between SN and 

LGSIL resulted in the lowest sensitivity and specificity. For all pairs of diagnostic 

categories, the use of reflectance alone resulted in good diagnostic performance; 

however, better performance is achieved using fluorescence data alone.  In the 

case of SN vs LGSIL, SN vs HGSIL and CN vs HGSIL, the addition of 
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reflectance features to fluorescence features showed modest improvement in the 

average performance compared to the results using only the fluorescence spectra. 

For SN vs CN and CN vs LGSIL, the average performance from the combination 

of fluorescence and reflectance spectra was equal to those from fluorescence 

spectra alone. 

 

 

Figure 4.3.  Average sensitivity (black) and specificity (gray) of the five best 
performing classification combinations in each pair-wise analysis (at ESL of 
65%).  Results are shown for reflectance and fluorescence features combined 
(R+F) when selecting combinations of up to three features, fluorescence spectra 
alone (F) when selecting combinations of up to three excitation wavelengths, and 
reflectance spectra alone (R) when selecting combinations of up to four source-
detector separations.  
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The average cross-validated performances from the top 10 performing 

combinations of one, two, and three features among 20 reflectance and 

fluorescence features are shown in Figure 4.4. The sensitivity and specificity of 

the single best performing combination in each analysis is indicated with black 

and gray dots, respectively.  Figure 4.4(a) shows the average performance from 

eigenvectors selected at an ESL of 65%.   The diagnostic performance is high 

when limited to the use of a single feature, and a small increase in performance is 

observed when a second feature is added.  However, addition of a third feature 

does not result in increased performance in many cases. Again, best performance 

is obtained when discriminating between SN and CN, reaching an average 

sensitivity of 94% and specificity of 90% with the use of two or three 

classification features.  Increasing the ESL from 65% to 95% does not noticeably 

increase performance, as shown in Figure 4.4(b).   
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Figure 4.4 Average sensitivity (black) and specificity (gray) of the top 10 
performing combinations for each pairwise analysis when the 20 classification 
features from fluorescence and reflectance measurements are combined one, two, 
or three at a time at (a) ESL of 65% and (b) ESL of 95%. Black and gray dots 
indicate the sensitivity and specificity of the best performing combination, 
respectively. 
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Figure 4.5 shows the frequency with which each classification feature 

appears among the ten best-performing feature combinations selected in Figure 

4.4(a). Figure 4.5(a) shows that in discriminating SN and CN tissues, fluorescence 

excitation wavelengths between 330-360 nm and 440-470 nm occur relatively 

frequently.  Similarly, for discrimination of SN from HGSILs (Figure 4.5(c)) and 

CN from LGSILs (Figure 4.5(d)), fluorescence excitation wavelengths between 

330-360 nm and 440-480 nm appear relatively frequently.  It is interesting to note 

that for separating CN tissue from HGSILs (Figure 4.5(e)), reflectance source-

detector separations 0 and 1 occurred more frequently than any fluorescence 

excitation wavelength or any other reflectance feature. 
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FIGURE 4.5  HISTOGRAMS SHOWING FREQUENCY OF APPEARANCE OF EACH 
CLASSIFICATION FEATURE among THE TOP 10 PERFORMING COMBINATIONS 
WHEN CONSIDERING UPTO 3 FEATURES AT ESL OF 65%. RESULTS FROM THE 
FIVE PAIRWISE ANALYSES ARE SHOWN: (A) SN VS. CN; (B) SN VS. LGSIL; (C) 
SN VS. HGSIL; (D) CN VS. LGSIL; AND (E) CN VS. HGSIL. ESL = 65%. THE 
FOUR REFLECTANCE SOURCE DETECTOR SEPARATION POSITIONS AND THE 
16 FLUORESCENCE EXCITATION WAVELENGTHS ARE INDICATED WITH S-D 
AND 　EX, RESPECTIVELY. 
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Table 4.3 compares the classification features identified as significant 

from the three different trials: one using only the fluorescence features, another 

using only the reflectance features and the other using integrated features from 

fluorescence and reflectance data. In each trial, significant features were identified 

for the following five different analyses: SN vs CN, SN vs LGSIL, SN vs HGSIL, 

CN vs LGSIL and CN vs HGSIL. In the trial using reflectance features only, 

source-detector separation positions 0 and 1 appear significant in all five analyses. 

The trial using only fluorescence features shows that excitation wavelengths 

between 330 – 360 nm and those between 460 – 480 nm appear frequently in 

most analyses. It is interesting to note that in four analyses (SN vs CN, SN vs 

LGSIL, SN vs HGSIL, CN vs LGSIL) only the fluorescence excitation 

wavelengths are identified as significant features in the trial integrating both 

fluorescence and reflectance spectra. The selected wavelength ranges correspond 

well with those identified in the trial using fluorescence features.  However, when 

discriminating CN and HGSIL, reflectance positions 0 and 1 were selected in 

addition to the fluorescence features. 

Based on the results in Table 4.3, we attempted to identify a set of three 

features that yields the best overall performance in all the 5 pairwise analyses. All 

combinations of the 20 classification features that appear in Table 4.3 were 

combined into sets of three, and the combinations that gave the best performance 

in each pairwise analysis were identified. The overall diagnostic performance of 

each combination in this analysis was calculated as the average sensitivity and 

specificity from the five pairwise classification algorithms. When the available 
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features were limited to three, we found that fluorescence emission spectra at 

excitation wavelengths of 330 nm, 430 nm and 470 nm resulted in optimal overall 

classification performance. The feature combination and the corresponding 

classification performance for each pairwise analysis from the limited-feature set 

are listed in Table 4.4. When the number of available features was increased to 

four, fluorescence excitation wavelengths 330 nm, 360 nm, 430 nm and 470 nm 

were selected as the set resulting in best overall performance (Table 4.5). 

Performance of the limited-feature sets is comparable to those when all possible 

combinations of classification features were tested (Figure 4.4(a)). It is interesting 

to note that limiting the number of available features from three to four did not 

result in significant improvement in classification performance.   
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Table 4.3.  Classification features that appeared most frequently among the ten 
best-performing combinations when taken up to three features for the following 
five analyses: SN vs CN, SN vs LGSIL, SN vs HGSIL, CN vs LGSIL and CN vs 
HGSIL.  Results from the following three trials are shown: one using only the 
reflectance features only (dark gray bars      ), another using only the fluorescence 
features only(light gray bars       ), and the other using both reflectance and 
fluorescence features (black bars       ).  
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Table 4.4.  Diagnostic performance of each pairwise analysis when the available 
classification features are limited to three (fluorescence excitation wavelengths of 
330nm, 430nm and 470nm). The three classification features were selected on the 
basis of best overall diagnostic performance in all five pairwise analysis at an 
ESL = 65%. 

Diagnostic Pair Sensitivity Specificity Feature combination 
SN vs. CN 94 % 91 % 330nm, 470nm 
SN vs. LGSIL 55 % 63 % 430nm 
SN vs. HGSIL 83 % 80 % 330nm, 430nm 
CN vs. LGSIL 90 % 83 % 330nm 
CN vs. HGSIL 72 % 78 % 470nm 
Average   79 % 79 %  
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Table 4.5.  Diagnostic performance of each pairwise analysis when the available 
classification features are limited to four (fluorescence excitation wavelengths of 
330nm, 360nm, 430nm and 470nm). The four classification features were selected 
on the basis of best overall diagnostic performance in all five pairwise analysis at 
an ESL = 65%. 

Diagnostic Pair Sensitivity Specificity Combination 
SN vs. CN 94 % 91 % 330nm, 470nm 
SN vs. LGSIL 55 % 63 % 430nm 
SN vs. HGSIL 83 % 80 % 330nm, 430nm 
CN vs. LGSIL 87 % 94 % 330nm, 360nm 
CN vs. HGSIL 72 % 78 % 470nm 
Averages  78 % 81%  

 

In order to investigate the diagnostic information inherent in the 

classification features that were selected as significant, we plotted the spectra of 

correctly classified and misclassified samples in each pairwise analysis of Table 

4.5. In Figure 4.6(a), the left plot shows the classification of samples from SN 

when discriminated against CN. The heavy black plot is the average of all the 

correctly classified SN samples, and the thin gray lines are the individual 

misclassified samples. The right plot corresponds to results of CN samples when 

discriminated against SN. The main discriminating factors between SN and CN 

samples in Figure 4.6(a) appear to be the valley around 380 nm emission at 330 

nm excitation and that around 570 nm at 470 nm excitation. It is interesting to 

note that these valleys correspond to hemoglobin absorption peaks. Figure 4.6(b) 

shows similar plots for the case of SN vs. LGSIL, where the plot on the left shows 

the samples from SN and that on the right shows the samples from LGSIL. We 

find that, on average, the peak of the correctly classified SN samples is towards 

the lower wavelengths compared to that from correctly classified LGSIL samples. 
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Figures 4.6(c) shows equivalent plots for the case of SN vs. HGSIL, with the plot 

for SN samples on the left and that for HGSIL samples on the right. In Figure 

4.6(d), the plot on the left shows samples from CN and that on the right shows 

those from LGSIL. In both pairwise analyses, the valley around 380 nm emission 

at 330 nm appears to be an evident discriminating factor as well as the peak shift 

in either 430 nm excitation or the 360 nm excitation. 
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Figure 4.6.  Average spectra of correctly classified tissue measurements (heavy 
black line. Error bar represents one standard deviation) and individual spectra of 
the misclassified tissue measurements (thin black lines) from each diagnostic 
class in the pairwise analysis when available features are limited to fluorescence 
excitation wavelengths of 330nm, 360nm,, 430nm and 470nm. Results are shown 
for the following pairwise analyses: (a) SN vs. CN; (b) SN vs. LGSIL; (c) SN vs. 
HGSIL; (d) CN vs. LGSIL; and (e) CN vs. HGSIL. 
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4.4 DISCUSSION AND CONCLUSIONS 

In our study of the diagnostic potential of combined fluorescence and 

reflectance spectroscopy, we obtained cervical in vivo measurements at four 

distinct source-detector separation positions and for 16 fluorescence excitation 

wavelengths.  Using Mahalanobis distance-based classification, we determined 

which classification combination contained the most diagnostically useful 

information.  Results showed the sensitivity and specificity to be high when using 

a single classification feature at the lowest level of eigenvector significance 

considered.  The addition of a second classification feature did increase the 

sensitivity and specificity; however there was no noticeable increase in 

classification performance when data from higher ESLs are included.  

Furthermore, fluorescence excitation wavelengths between 330-360 nm and 460-

470 nm and reflectance source-detector separations at positions 0 and 1 appear 

most frequently among the best performing classification feature combinations  

In a previous study, in vivo fluorescence spectroscopy using 340 nm, 380 

nm, and 460 nm excitation yielded a sensitivity of 79% and a specificity of 78% 

to discriminate HGSIL from all other cervical tissue types [Ramanujam 1996b].   

In a separate study, we were able to discriminate HGSIL from SN with a 

sensitivity and specificity of 71% and 79%, respectively, using fluorescence 

emission spectra from 3 excitation wavelengths [Chang 2002b]. However, we 

were able to discriminate HGSIL from CN with a very low sensitivity and 

specificity. We also performed a previous pairwise diagnostic-category 

comparison using reflectance spectroscopy alone, and found we could 
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discriminate HGSIL columnar normal tissue with a 72% sensitivity and a 83% 

specificity [Mirabal 2002]. These initial findings would indicate the use of a 

strategy utilizing the respective strengths of fluorescence and reflectance 

spectroscopy.  In this paper, we consider the additional diagnostic performance 

that can be obtained by combining fluorescence and reflectance spectra. We find 

fluorescence alone gives superior performance compared to reflectance alone and 

that the addition of reflectance spectra with fluorescence spectra provides a 

modest improvement in diagnostic performance using the empirical diagnostic 

algorithms considered here, In particular, reflectance spectroscopy provides good 

discrimination of CN and HGSIL tissues. 

 Our previous studies using fluorescence and reflectance spectroscopy 

individually indicate that stepwise diagnostic algorithms are required to determine 

the tissue type of an unknown sample based on its spectrum because of the large 

differences in optical properties of squamous and columnar cervical tissue [Chang 

2002b, Mirabal 2002].  The pairwise analysis presented here provides the 

foundation for this type of diagnostic algorithm.  In a similar analysis, we have 

examined fluorescence EEMs also for discrimination of all diagnostic categories.  

Hence, this information can be used towards the development of multi-step 

classification algorithms to determine the tissue type of an unknown sample based 

on its reflectance and fluorescence spectra. 
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Chapter 5: An Analytical Model to Describe Fluorescence Spectra 
of Normal and Pre-Neoplastic Epithelial Tissue: Comparison with 

Monte Carlo Simulations and Clinical Measurements3 

5.1 INTRODUCTION 

Each year, an estimated 1,250,000 women are diagnosed with abnormal 

changes in the cervix referred to as squamous intraepithelial lesions (SIL). These 

changes can persist, regress or progress into cervical cancer. The progression to 

cancer results in about 370,000 new cases of cervical cancer and about 190,000 

mortalities worldwide each year [Pisani 1999].  The early detection and treatment 

of precancerous lesions is one of the most effective tools to prevent cervical 

cancer. 

The value of early detection has been demonstrated in many settings; 

current screening programs based on the Papanicoloau smear have decreased 

cancer mortality substantially [Koss 1989, Kurman 1994]. In the developed 

world, current screening programs have reduced the incidence of invasive cervical 

cancer by up to 90% [Gustafsson 1997]. However, the current practice of 

screening is expensive; more than $6 billion are spent annually in the United 

States detecting and treating low grade SILs; this is prohibitively expensive for 

the developing world where cervical cancer is the leading cause of cancer death 

among women.  The sensitivity and specificity of screening using the 

Papanicoloau are 73% and 63%, respectively [Follen Mitchell 1999a]. A patient 

                                                 
3 This chapter originally appeared as: Chang SK, Arifler D, Drezek R, Follen M, Richards-Kortum 
R, J Biomed Opt, 9(3): 511-522 (2004). 
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with an abnormal Papanicoloau smear is referred for colposcopy, where biopsies 

are taken from suspicious areas of the cervix for histopathologic review. Although 

the sensitivity of colposcopy is excellent (96%), its specificity is poor (48%) 

[Follen Mitchell 1998]. The poor specificity of colposcopy leads to a large 

number of unnecessary biopsies; this drives the high cost of screening [Cantor 

1998].  Thus, screening and detection strategies which are more specific and cost-

effective will improve the effectiveness of early detection in cancer prevention by 

reducing the costs of screening in the developed world and enabling accessible 

screening programs in the developing world.  

 

Figure 5.1  Sources of fluorescence, optical absorption and scattering in the 
cervical tissue. 

Optical technologies have the potential to improve the detection of 

cervical precancer.  In particular, fluorescence spectroscopy has shown promising 

results in a number of clinical trials [Ramanujam 1996b, Nordstrom 2001, Chang 

2002b, Georgakoudi 2002b]. The diagnostic value of fluorescence spectroscopy 

lies in its sensitivity to various molecular and structural changes in tissue that 
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accompany the developments from normal tissue to cancer. Fig. 1 shows various 

sources of fluorescence, optical scattering and absorption in tissue that are directly 

related with such changes. Previous studies show that changes in intrinsic tissue 

fluorescence are closely correlated with dysplastic progression. Fluorescence 

from mitochondrial co-factors NADH and FAD in epithelial cells increases as the 

cells become dysplastic [Drezek 2001a, Pavlova 2003]. Fluorescence from 

structural protein cross-links in the stromal layer has also been shown to decrease 

with dysplasia, possibly due to the breakdown of the extracellular matrix by 

dysplastic cells.  Confocal fluorescence microscopy images of fresh tissue slices 

from normal and precancerous cervical biopsies show how the fluorescence 

pattern is affected with dysplastic progression (Fig. 2) [Pavlova 2003]. In normal 

tissue, cytoplasmic autofluorescence is limited to the basal layer of epithelial 

cells, whereas cytoplasmic fluorescence is observed in about 2/3 of the basal 

epithelial layer from precancerous tissue.  Conversely, images from the stromal 

layer show that the fluorescence intensity from structural proteins decreases with 

dysplastic progression. 
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Figure 5.2  Left: Fluorescence confocal images of fresh cervical tissue slices. (a) 
Cross-sectional fluorescence confocal image of the epithelium from a normal 
tissue sample [Pavlova 2003], (b) cross-sectional fluorescence confocal image of 
the stroma from a normal tissue sample [Pavlova 2003], (d) cross-sectional 
fluorescence confocal image of the epithelium from an abnormal tissue sample 
[Pavlova 2003],  (e) cross-sectional fluorescence confocal image of the stroma 
from an abnormal tissue sample [Pavlova 2003]. Fluorescence excitation 
wavelength was 360 nm, and the yellow line marks the epithelial-stromal 
boundary. Right: Reflectance confocal images of (c) normal and (f) abnormal 
cervical biopsy specimens [Collier 2001]. 

Changes in absorption and scattering properties of tissue which occur with 

dysplasia also affect measured tissue fluorescence spectra because propagation of 

excitation and fluorescent light in tissue is affected by the optical events. For 

example, it has been shown that nuclear changes, such as nuclear atypia, during 

dysplastic progression increase the level of light scattering from cells [Mourant 

2000, Drezek 2003, Arifler 2003]. Reflectance confocal microscopy shows that 
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nuclear scattering from abnormal biopsies is greater than that from normal 

biopsies (Fig. 2) [Collier 2001]. In addition, angiogenesis is an important clinical 

marker in the development of precancer and cancer [Dellas 1997], and the 

resultant increase in stromal hemoglobin concentration contributes to the increase 

in light absorption [Zonios 1999]. 

Thus, a number of optical events in tissue are directly related with various 

molecular and structural changes that accompany dysplastic progression, and have 

the potential to serve as diagnostic markers.  It is important to deconvolve the 

measured fluorescence spectrum to yield changes in each of these individual 

parameters before they can be used for diagnostic purposes. The extraction of 

optical parameters requires a mathematical model to describe fluorescence in 

tissue in terms of these parameters.  Measured spectra can then be iteratively fit to 

this description to yield values of individual optical parameters.  

For the purpose of estimating epithelial and stromal tissue optical 

parameters, it is important to develop a mathematical model to describe the 

fluorescence of a two-layer medium. Abnormal changes such as alterations in 

cellular metabolism, modifications of the extracellular matrix, nuclear atypia and 

angiogenesis affect optical properties of the epithelium and the stroma differently. 

For example, epithelial fluorescence generally increases with dysplasia whereas 

stromal fluorescence decreases. As a result, different aspects of dysplastic 

progression can be probed by separating the optical parameters from the two 

different layers in tissue, resulting in maximal diagnostic information content. 
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A number of mathematical models have been developed to describe 

fluorescence in tissue using various theories of light propagation. Monte Carlo 

simulations are known to generate accurate results in multi-layered medium. 

However, a large number of photon histories have to be simulated in order to 

achieve statistical significance and this approach is not adequate for parameter 

estimation. Nair [Nair 2002] and Georgakoudi [Georgakoudi 2002b] developed 

fluorescence models based on diffusion theory and photon migration-based 

approach, respectively. Georgakoudi used a model to describe the reflectance and 

fluorescence spectra in terms of the probabilities that a photon entering tissue 

would escape after N scattering events. The model yields the intrinsic tissue 

fluorescence which would be measured in the absence of scattering and 

reabsorption. The estimated spectra yielded significant diagnostic information 

concerning changes in NADH and collagen intrinsic fluorescence.  However, the 

models developed by Nair and Georgakoudi describe fluorescence in one-layer 

medium with homogeneous optical properties. As a result, the models cannot 

separate the optical parameters from the epithelium and the stroma when applied 

for inverse estimation. Hyde [Hyde 2001] developed a fluorescence model based 

on diffusion theory that accounts for various fluorophore concentrations within 

the medium. However, diffusion theory has limitations in describing light 

propagation near the source [Alexandrakis 1998], such as in the epithelial layer.  

This paper presents a mathematical model to describe fluorescence in a 

two-layer epithelial tissue.  The goal of this model is to provide a tool to analyze 

clinical fluorescence data from epithelial tissue in order to extract and analyze 
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changes in the optical properties of the epithelium and stroma which occur with 

dysplasia.  The model was tested using a set of tissue optical properties identified 

from the literature for normal and precancerous cervix. Results were verified by 

comparison to Monte Carlo simulations and to average clinical measurements of 

cervical fluorescence spectra. 

5.2 METHODS 

In developing the analytical model, the tissue is considered to be a two-

layer medium, consisting of an epithelial layer of thickness D and a semi-infinite 

stromal layer. Each of the two layers are assumed to be homogeneous with respect 

to optical properties, such as the scattering coefficient, the absorption coefficient 

and fluorescence efficiency. The light delivery and collection geometry is set up 

to simulate a clinical device currently used for in vivo fluorescence and 

reflectance measurements [Zuluaga 1998], so that the model can be readily 

applied to clinical data. A fiber optic probe placed flush to the surface of the 

tissue delivers a beam of excitation light and collects fluorescence remitted from 

the tissue surface. The probe consists of a bundle of optical fibers (NA=0.2) in 

which 25 illumination fibers and 12 collection fibers are arranged randomly on a 

2 mm diameter, 15 mm long quartz mixing element. In effect, the probe 

illuminates a 2 mm diameter area and has a 0.2 numerical aperture (Fig. 3). 
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Figure 5.3  Setup of the fiber optic probe and the tissue geometry. 

5.2.1 Two-Layer Analytical Model 

The total detected fluorescence from the tissue can be calculated as the 

sum of the contributions from the epithelial and stromal layers. Within each layer, 

the model must account for the propagation of excitation light, absorption by 

fluorophores (specified by the absorption coefficient, µaf), conversion to 

fluorescence (described by the quantum efficiency, φf, of the fluorophore), and the 

propagation of the fluorescent light.  

The propagation of light at the excitation and emission wavelengths 

depends on the total absorption and scattering coefficients (specified by µa, µs 

respectively) and the angular dependence of the scattering (described by the 

anisotropy factor g) within each layer. Within the wavelength range of interest 

(350 – 650 nm), these properties are quite different for the epithelium and the 

stroma; thus, we have selected two different models to describe the propagation of 

light in these two layers.  In the epithelial layer the reduced albedo a’ = µs’ / (µs’ + 

µa) is approximately 0.3 – 0.4 based on values of the reduced scattering 

coefficient, µs’ = µs·(1 - g), and the absorption coefficient µa reported in [Collier 
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2003] and [Qu 1994]. At such range of a’, light attenuation is accurately described 
by the effective attenuation coefficient )(3 saaeff µµµµ ′+⋅⋅= [Flock 1989]. 

Considering that the mean free path, δ = 1/(µs + µa), for cervical epithelium 

(approximately 200 – 350 µm) is comparable to the epithelial thickness (typically 

between 200 – 500 µm) [Walker 2003], light propagation can be approximated 

using the Beer-Lambert Law with µeff [Richards-Kortum 1995]. In contrast, the 

stromal layer exhibits a relatively high level of scattering with a reduced albedo 

on the order of 0.9 and a mean free path of approximately 30 – 50 µm. Under 

these conditions, diffusion theory provides a good description of light propagation 

[Star 1995].  In both cases, we examined the validity of using these descriptions 

of light propagation by comparing the results with Monte Carlo simulations using 

the same optical properties.  
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a. 

b. 

 

 

 

Figure 5.4  One-dimensional model of light propagation in (a) epithelial layer and 
(b) stromal layer. The epithelium has thickness D whereas the stromal layer is 
semi-infinite. The optical parameters for each layer are also labeled. 

For simplicity, a one-dimensional geometry is considered with the 

direction of light propagation perpendicular to the tissue surface.    When 

collimated excitation light with intensity Io is incident on epithelial surface, light 

intensity is attenuated exponentially as the light travels along the optical axis.  

Fluorescence is generated isotropically at each source point, with half traveling 
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toward the tissue surface (in the –z direction) and half traveling toward the stroma 

(in the +z direction), as shown in Fig. 4(a).  The resultant fluorescence remitted 
from the tissue surface, )0( =− zFepi

, can be calculated as in Eq. (1). 
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The subscript 1 for all the optical parameters refers to those of the 

epithelium. Stromal optical parameters will be indicated with a subscript 2. Due to 

the optical nature of the epithelium mentioned above, the fluorescence 

efficiencies (µaf·φf) are additive when multiple fluorophores are present. In Eq. 
(1), different fluorophores are denoted with a subscript k. )0( =− zFepi

 is in fact 

hemispherical flux in the +z direction, and the fraction of this light which is 

collected by the fiber optic probe, ectedF det
1 , is approximated as the ratio RNA of the 

solid angle subtended by the fiber numerical aperture to hemispherical collection 

solid angle π/2.  
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  A portion of the downward directed fluorescence reaches the 
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where it can be scattered back toward the tissue surface (Fig. 4(a)). The portion of 
this fluorescence which is directed upward, )( DzFepi =′− , is simply the product 

of )( DzFepi =+  and the diffuse reflectance of the semi-infinite stromal layer.   

Using one-dimensional diffusion theory [30], )( DzFepi =′−  is given by Eq. (3):  
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In deriving Eq. (3), δ-Eddington approximation was used in order to 

achieve a better description of the forward scattering phase function in the stromal 

layer [Star 1995]. A(λm) and C2(λm) are the general and particular solutions of the 

diffusion equation, and can be found in [Ishimaru 1978]. This light is then 

attenuated as it travels back through the epithelium to the tissue surface; the 

fraction which is detected is again dependent on the numerical aperture of the 

fiber optic probe as in Eq. (4).  
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Excitation light which reaches the bottom of the epithelium is given by 

)( DzIs =+  = 
DxeffeI ⋅− )(

0
1 λµ

 .  Some of the excitation light incident on the stroma 

is reflected back toward the tissue surface.  The backscattered excitation light, 
−′

sI , can be calculated using Eq. (3) with stromal optical parameters at the 

excitation wavelength. As this light travels back through the epithelium it can 

excite additional epithelial fluorescence (Fig. 4(b)). The fraction of this 

fluorescence which is detected is given by Eq. (5). 
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The excitation light incident on the stroma can excite fluorescence within 

this layer of the tissue. Using one dimensional diffusion theory to describe the 

fluorescence in a homogeneous, one layer medium [Wu 1993], the stromal 
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fluorescence remitted at the epithelial-stromal boundary, −

strF  , can be expressed 

as in Eq. (6): 
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and )()()( 222 xsxaxt λµλµλµ += . This fluorescence is attenuated as it travels 

through the epithelium; the fraction of this fluorescence which is detected, 
ectedF det

4 , can be expressed as in Eq. (7): 
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The total detected fluorescence, ected
totalF det , can then be calculated as the sum of 

these contributions (Eq. 8). 
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There are additional, more complex light interactions which can contribute 

to the detected fluorescence (e.g. light travels through the epithelium, is 

backscattered by the stroma, generates downward directed fluorescence in the 

epithelium, which is reflected by the epithelial-stromal interface and remitted 

from the tissue surface).  However, comparison with Monte Carlo simulations 

shows that these terms are negligible compared to the terms in Eq. (8) and 

therefore they have been neglected here. 
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5.2.2 Optical Parameters of Tissue 

In order to use the model of Eq. (8) to describe cervical tissue 

fluorescence, it is necessary to have optical properties which accurately describe 

this type of tissue.  Wherever possible, we used optical properties which had been 

measured directly from normal and dysplastic cervical tissue.  However, where 

these were not available, optical properties were obtained from organ sites with 

comparable optical properties. Epithelial µs at 810 nm was derived from in vitro 

measurements of cervical biopsies in [Collier 2003] and was extrapolated to lower 

wavelengths using inverse proportionality of cellular scattering properties to 

wavelength [Mourant 1998]. The total µa of the epithelium was derived from in 

vitro measurements of bronchial tissue [Qu 1994]. The total µa of the stroma was 

assumed to consist of two factors: that from hemoglobin and that from collagen. 

Absorption coefficient µa of hemoglobin was calculated using its extinction 

coefficient [Prahl 1999] and the concentration measured in vivo from 

adenomatous polyps [Zonios 1999]. Absorption coefficient µa of collagen was 

calculated based on values from bloodless dermis measurement in neonatal skin 

[Saidi 1992]. Reduced scattering coefficients of the cervix calculated from in vivo 

reflectance measurements range between 20 cm-1 (at 700 nm) and 35 cm-1 (at 350 

nm) [Georgakoudi 2002b]. However, these values are derived from whole tissue 

and are not suitable for describing the scattering properties of cervical stroma. 

The scattering coefficient of the submucosa measured in vitro from bronchial 

tissue [Qu 1994] lies in a comparable range, and was used as µs of the stromal 

layer.   
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Fluorescence emission depends on the absorption coefficient, µaf(λx), and 

the quantum efficiency, φf(λx,λm), of the fluorophores. The most prominent 

fluorophores in the epithelial layer are assumed to be NADH and FAD. Recent 

studies show that keratin could also be a significant source of autofluorescence in 

the epithelium [Pavlova 2003].  Most of the stromal fluorescence is assumed to be 

produced by collagen crosslinks. It is difficult to calculate the fluorophore 

absorption coefficients and quantum efficiencies separately from direct 

measurements; however, it is relatively easy to measure their product, the 

fluorescence efficiency (µaf·φf). The spectral shape of the stromal fluorescence 

efficiency was based on fluorescence measurements of a gel of type I collagen 

[Sokolov 2002]; that of the epithelium was taken from fluorescence 

measurements of a suspension of normal cervical epithelial cells made using a 

Spex Fluorolog II spectrofluorimeter [Sokolov 2002]. The relative strengths of the 

epithelial and stromal fluorescence efficiencies were based on fluorescence 

microscopy measurements from fresh normal cervical tissue slices [Drezek 

2001a]. Anisotropy factor g for epithelium was set to 0.97, close to the value 

measured from immortalized and tumorigenic mammalian cells [Mourant 1998]. 

A g of 0.8 was used for the stroma, based on the values reported in [Cheng 1995]. 

The index of refraction of both layers was 1.4, and the fiber optic probe was 

index-matched with tissue.  Figure 5.5 summarizes the optical parameters from 

the epithelium and stroma of normal cervical tissue.  
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Figure 5.5  Optical properties of normal and abnormal tissue used in the 
analytical model and the Monte Carlo simulations to predict fluorescence from 
tissue. Optical properties of the epithelium are plotted in black whereas those of 
the stroma are plotted in gray. (a) µa of normal tissue, (b) µs of normal tissue, (c) 
quantum efficiency of normal tissue at 350 nm excitation, (d) µa of abnormal 
tissue, (e) µs of abnormal tissue and (f) quantum efficiency of abnormal tissue at 
350 nm excitation. 

a. b.

c. d.

e. f.
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Optical parameters for pre-neoplastic cervical tissue were estimated from 

available measurements. In vitro confocal measurements in [Collier 2003] show 

that the average epithelial µs increases approximately by a factor of 3 in abnormal 

tissue. Dellas showed a three-fold increase in microvessel density in high grade 

SIL (HG-SIL) tissue compared to normal epithelium [Dellas 1997]; thus light 

absorption due to hemoglobin was estimated to increase by a factor of 3 in 

abnormal tissue. Also, fluorescence confocal microscopy of fresh tissue slices 

suggests that the density of collagen fibers decreases in abnormal tissue by 

approximately 1/2 [Pavlova 2003], affecting light scattering in the stromal layer. 

Relative fluorescence efficiencies between normal and HG-SIL tissue were based 

on fluorescence microscopy measurements in [Drezek 2001a].  Data collected 

from HG-SIL sites suggest that the epithelial fluorescence increased by about 

100% whereas the stromal fluorescence decreased by about 50% in dysplastic 

tissue. Absorption of the epithelium, as well as the anisotropy factor and the index 

of refraction from both layers, were kept identical to those in normal tissue. 

5.2.3 Monte Carlo Simulations 

The Monte Carlo technique was used to simulate the propagation of 

excitation and fluorescent light in the tissue, using the geometry of Fig. 3 and the 

same optical properties as for the analytical model.  Results of the analytic model 

were compared to results using the Monte Carlo approach to determine whether 

the approximations made in the analytic model were appropriate. Excitation 

photons are delivered in a collimated beam with a uniform profile across the 2-

mm diameter optical probe. Fixed weight excitation photons undergo a sequence 
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of scattering events defined by the stepsize and the deflection angle. At each 

scattering event, the stepsize and the deflection angle are sampled from a 

probability distribution based on the mean free path δ and the anisotropy factor g, 

respectively. The probability of absorption of the excitation photon at each 

scattering event is 
sa

a

µµ
µ
+

, where µa and µs are the absorption and scattering 

coefficients of the layer the photon is traveling in. In the epithelial layer, light 

absorption is assumed to be caused mostly by fluorophores.  As a result, all the 

absorbed photon weight contributes to fluorescence emission. However, in the 

stromal layer, light absorption is caused by both the fluorophore (collagen 

crosslinks) and the chromophore (hemoglobin).  The portion of the photon weight 

absorbed by the fluorophore is calculated with the factor 
Hbacola

cola

,,

,

µµ
µ

+
, where 

µa,col and µa,Hb are µa for collagen and hemoglobin, respectively. The absorbed 

photon weight is converted to fluorescence photon weight by the quantum 

efficiency, which is calculated by dividing the fluorescence efficiency by the 

absorption coefficient of the fluorophore.   

The fluorescent photon travels with a variable weight, in which 

sa

a

µµ
µ
+

of the weight is lost at each scattering event due to absorption. As in the 

case of the excitation photon, the pathlength and deflection angle at each 

scattering event is sampled from the two probability distributions based on optical 

properties at the emission wavelength. The fluorescent photon is detected when it 

exits the tissue surface within the diameter and the numerical aperture of the fiber 

optic probe.  
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In order to achieve statistical significance, 10 million excitation photons 

were generated for each Monte Carlo simulation unless specified otherwise. 

Anisotropy factors of the epithelium (g1=0.97) and the stroma (g2=0.8), as well as 

all other optical parameters, were set identical to the two-layer analytical model. 

The Heyney-Greenstein function was used as the phase function. The weight of 

the detected photons was accumulated to calculate total detected fluorescence.  

The implemented Monte Carlo code was verified using the results from two-layer 

simulations in [Welch 1997], in which the difference in the remitted fluorescence 

between the two models was less than 1%. 

5.3 RESULTS 

Detected fluorescence calculated by the analytical model was compared 

with the results from the Monte Carlo simulations to validate the model 

approximations. To compare the results of the Monte Carlo simulations and the 

analytical model directly, the same intensity of incident light was used in both 

cases. In the following analysis, we assume that each photon weight in the Monte 

Carlo simulations is identical to unit intensity of light used in the analytical 

model. 
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a. 

b. 

 

Figure 5.6  Comparison of detected fluorescence intensity calculated by the 
analytical model (black) and the Monte Carlo simulations (gray) with respect to 
depth of emission in the tissue. (a) shows fluorescence originating from both the 
epithelium and the stroma (F4

detected). The dotted vertical line shows the epithelial-
stromal boundary at 200 µm. In (b), the epithelial fluorescence was broken down 
into the different sources considered in the analytical model: solid line for F1

detected
 

, dotted line for F2
detected and dashed line for F3

detected. The following optical 
parameters were used: µa1(λx) = 4.2 cm-1, µs1(λx) = 50.9 cm-1, µa1(λm) = 2.98 cm-1, 
µs1(λm) = 42.43 cm-1, µa2(λx) = 14.93 cm-1, µs2(λx) = 319.5 cm-1, µa2(λm) = 9.37 
cm-1, µs2(λm) = 266.25 cm-1. 
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Fig. 5.6(a) shows a one-dimensional profile of the detected fluorescence, 

as a function of the depth inside the tissue where the fluorescent light was 

generated. Optical properties are from normal tissue at 350 nm excitation and 420 

nm emission, and excitation light intensity of 100 million units were used. 

Fluorescence generated within the epithelium shows good agreement between the 

analytical model and the Monte Carlo simulations.   

Fig. 5.6(b) provides a comparison of the different components, ectedF det
1 , 

ectedF det
2  and ectedF det

3 , of detected epithelial fluorescence as a function of depth 

inside the epithelium where the fluorescence was generated.  Both the analytical 

model and the Monte Carlo simulations show similar trends in the depth-

dependence of the origin of detected fluorescence. It is interesting to note that the 

analytical model slightly overestimates ectedF det
1  and ectedF det

2 , as shown in Fig. 

5.6(b). This is because the effective attenuation coefficient µeff used with Beer-

Lambert Law slightly underestimates the attenuation of both the excitation and 

the emission light in the epithelial layer. However, Fig. 5.6(a) shows that the 

difference between the two models is small (less than 5%) when the overall 

epithelial fluorescence is considered. 

In the case of fluorescence originating in the stroma, the analytical model 

overestimates the detected fluorescence which originates near the epithelial-

stromal boundary, as shown in Fig. 5.6(a). However, results from single layer 

medium with stromal optical properties show that diffusion theory underestimates 

Monte Carlo simulations by approximately 6%. The slight underestimation of 

diffusion theory when used with δ-Eddington approximation is also demonstrated 
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in [Star 1995].   The difference in stromal fluorescence characteristics between 

the two layer model and the single layer model can be attributed to the 

propagation of excitation and emission light through the epithelial layer. As seen 

in Fig. 5.6(b), the attenuation of light in the epithelial layer is slightly 

underestimated by µeff. As a result, the intensity of the excitation light delivered to 

the stromal layer as well as the stromal fluorescence that propagates through the 

epithelial layer before detection are overestimated in the analytical model. 

However, when the total detected stromal fluorescence is calculated by 

integrating the stromal fluorescence shown in Fig. 5.6(a), the difference between 

the two models is approximately 3%. 
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Figure 5.7  Effect of various optical parameters on detected fluorescence 
calculated by the analytical model (black) and the Monte Carlo simulations 
(gray). In each figure, the solid lines and the dotted lines show total detected 
fluorescence and detected fluorescence originating from the epithelium, 
respectively, generated by the two models. The following parameters were 
investigated: (a) epithelial thickness, (b) µa of the epithelium, (c) µs of the 
epithelium, (d) µa of the stroma, (e) µa of collagen and (f) µs of the stroma. In 
each case, the following values were used for the rest of the optical parameters: 
epithelial thickness = 200 µm, µa1(λx) = 4.2 cm-1, µs1(λx) = 50.9 cm-1, µa1(λm) = 
2.98 cm-1, µs1(λm) = 42.43 cm-1, µa2(λx) = 14.93 cm-1, µs2(λx) = 319.5 cm-1, 
µa2(λm) = 9.37 cm-1, µs2(λm) = 266.25 cm-1. 

a. b.

c. d.

e. f.
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The two-layer analytical model was then used to examine the dependence 

of detected fluorescence on the optical properties of the epithelium and stroma.  

Results are shown as a function of optical parameter in Fig. 7 assuming an 

excitation wavelength of 350 nm and an emission wavelength of 420 nm. The 

range of optical parameters was altered to span the range expected for normal and 

abnormal cervical tissue at this excitation-emission wavelength combination. 

Although only the optical parameters at the excitation wavelength are shown in 

the x-axis in Fig. 7, the optical parameters at the emission wavelengths were 

varied proportionally.  

As the epithelial thickness increases from 100 µm to 500 µm, the detected 

epithelial fluorescence increases (Fig. 7(a)). At the same time, the detected 

stromal fluorescence decreases because the excitation light traveling to the stroma 

undergoes increased attenuation in the thicker epithelium. The epithelial and the 

stromal fluorescence calculated by the analytical model are in good agreement 

with results of the Monte Carlo simulations. 

Increasing the epithelial absorption has a similar effect (Fig. 7(b)). 

Increasing the epithelial absorption increases epithelial fluorescence, since light 

absorption in the epithelium is assumed to contribute directly to fluorescence 

emission. However, increased attenuation of light in the epithelial layer decreases 

detected stromal fluorescence. It is interesting to note that the analytical model 

slightly underestimates both the epithelial fluorescence and the stromal 

fluorescence at relatively high levels of epithelial absorption.  
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As the epithelial scattering is increased, Monte Carlo simulations show a 

slight increase in epithelial fluorescence (Fig. 7(c)). However, the Beer-Lambert 

Law used in the analytical model does not account for this increase and the 

epithelial fluorescence calculated by the analytical model slightly decreases with 

increased epithelial scattering.  

Increasing stromal absorption due associated with hemoglobin reduces the 

detected stromal fluorescence, as shown in Fig. 7(d). Similarly, increasing the 
stromal absorption reduces the detected epithelial fluorescence from )( DzFepi =+  

which initially was directed downward. The results of the analytical model and 

the Monte Carlo simulations are in good agreement throughout the range of 

stromal absorption considered. 

Stromal absorption is also affected by fluorophore absorption coefficient 

in the stroma. Fig. 7(e) shows that the detected stromal fluorescence increases as 

the fluorophore absorption coefficient is increased. At the same time, the detected 
epithelial fluorescence decreases slightly because of attenuation of )( DzFepi =+ , 

epithelial fluorescence which is initially directed downward. Results of by the 

analytical model show good agreement with the Monte Carlo simulations.   

Monte Carlo simulations show that both the detected stromal fluorescence 

and the epithelial fluorescence increase slightly as stromal scattering increases 

(Fig. 7(f)). Increased stromal scattering increases the diffusion of light at shallow 

depths in the stroma, resulting in an increase of stromal fluorescence. However, 

detected stromal fluorescence calculated by the analytical model remains 

relatively constant for the range of stromal scattering shown in Fig. 7(f). 
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Fluorescence spectra at 350 nm excitation generated by the analytical 

model and the Monte Carlo simulations are plotted in Fig. 8. In Fig. 8(a), the 

optical properties of normal cervical tissue were used. The analytical model 

underestimates the epithelial fluorescence by approximately 4% and 

overestimates the stromal fluorescence by approximately 6%, relative to the 

results of the Monte Carlo simulations. The difference between the total detected 

fluorescence calculated by the two models is approximately 4%. Figure 5.8(b) 

compares predications of the analytic model and Monte Carlo simulations using 

the optical properties of HG-SIL at 350 nm excitation.  The discrepancy of the 

total detected fluorescence between the two models is less than 5%.   
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a. 

b. 

 

Figure 5.8  Fluorescence spectra calculated using the analytical model (black) 
and the Monte Carlo simulations (gray) using optical parameters of (a) normal 
and (b) abnormal tissue. The excitation wavelength was 350 nm. In each figure, 
the solid lines and the dotted lines show total detected fluorescence and detected 
fluorescence originating from the epithelium, respectively, generated by the two 
models. Average clinical measurement of squamous normal sites and HG-SIL 
sites are plotted as gray dashed lines in Figs 7 (a) and (b), respectively. The two 
clinical measurements were scaled with an identical factor. 
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In order to compare the spectra predicted from the models with clinical 

measurements, average fluorescence spectra measured at 350 nm excitation are 

also plotted in Figure 5.8.  Fluorescence emission spectra were measured from 

209 normal squamous cervical sites in 116 patients with the clinical device 

described in [Zuluaga 1998]; the average spectrum is shown as a dashed line in 

Fig. 8(a).  A linear scaling factor was used to scale the model prediction and the 

clinical measurement to the intensity at 440 nm emission.  The line shape of the 

fluorescence predicted by the models agrees well with that measured clinically.  

Fig. 8(b) shows the average spectrum from 45 HG-SIL cervical sites from 28 

patients.  Scaling factor from Fig. 8(a) was applied to the average clinical 

measurement in Fig. 8(b). While the line shapes of the predicted and measured 

fluorescence from HG-SIL agree well, the model  underestimates the average 

fluorescence measurement from HG-SIL cervical tissue by 5 – 20% at emission 

wavelengths below 550 nm. 

5.4 DISCUSSION AND CONCLUSIONS 

In this study, an analytical model to describe fluorescence in a two-layer 

medium has been developed. Results of the analytical model are compared with 

those generated by the Monte Carlo simulations to investigate the validity of the 

model.  Under most optical conditions tested in the study, the Beer-Lambert Law 

provides a good description of light propagation in the epithelial layer. 

Theoretically, the Beer-Lambert Law is applicable to media where the albedo is 

small. Figure 5.5 shows that there is a higher level of scattering than absorption in 
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the epithelium. However, strong forward scattering in the epithelium reduces the 

effect of light scattering, and low values of reduced albedo a’ provides an optical 

regime favorable for the Beer-Lambert Law. Moreover, the optical parameters in 

Fig. 5 suggest that the mean free path δ in the epithelium is approximately 200 

µm for normal tissue and 70 µm for abnormal tissue. Considering that the 

epithelial thickness typically ranges between 100 µm to 500 µm, the number of 

scattering events in the epithelial layer is very small, further reducing the effect of 

epithelial scattering. Figure 5.7(c) shows that the analytical model underestimates 

the epithelial fluorescence by more than 15% when the reduced albedo is greater 

than 0.3.  

Comparisons with Monte Carlo simulations show that diffusion theory 

provides a good description of light propagation in the stromal layer under the 

various optical conditions tested in this study. Although the diffusion theory 

provides a good description of light propagation in the stromal layer, a limitation 

of the analytical model in describing the stromal fluorescence is due to the fact 

that the attenuation of the excitation and the emission light is slightly 

underestimated in the epithelial layer.  However, in terms of the total detected 

fluorescence from the stroma, the difference between the two models is about 3%. 

The advantage of the analytical model relative to the Monte Carlo based 

approach is that the analytical model can be readily applied to clinical 

measurements to extract various optical parameters of the epithelium and stroma. 

In inverse estimation, a set of optical parameters that best fits a mathematical 

model to the measured spectra will be determined in an iterative process. The 
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analytical model presented in this paper was designed to describe fluorescence 

measured from a clinical device currently used to measure in vivo fluorescence 

spectra. The results described in this paper show that the analytical model 

provides a good description of fluorescence for the optical properties associated 

with normal and precancerous cervical epithelium and stroma. Future work will 

explore the diagnostic performance of classification algorithms based on model 

parameters extracted in this approach. 
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Chapter 6:  Development of the Inverse Model and Its Application 
to Clinical Data 

6.1 INTRODUCTION 

Optical spectroscopy has shown promise as a diagnostic tool for various 

organ sites, including the cervix [Chang 2002b], breast tissue [Palmer 2003a] and 

the oral cavity [Muller 2003].  The sensitivity and specificity from these studies 

range between 70-90%, in some cases reaching more than 95%. The high level of 

diagnostic capability associated with optical spectroscopy originates from its 

sensitivity to molecular as well as morphological changes in tissue that 

accompany dysplastic progression.  

In the epithelium, important sources of intrinsic fluorescence are 

mitochondrial cofactors reduced nicotinamide adenine dinucleotide (NADH) and 

flavin adenine dinucleotide (FAD). Intrinsic cytoplasmic fluorescence show 

statistically significant differences in fluorescence intensity between normal and 

malignant cells from various cell lines [Palmer 2003b, Millot 2003]. Fluorescence 

patterns of epithelial cells in normal and precancerous tissue also exhibit 

differences. Fluorescence confocal microscopy of fresh biopsies from normal 

cervical tissue [Pavlova 2003] shows that cytoplasmic fluorescence due to 

mitochondrial fluorophores is confined to the cells only in the basal layer of the 

epithelium. However, in the precancerous epithelium, cytoplasmic fluorescence is 

observed in about the lower 1/3 to 2/3 of the thickness of the epithelium, 

suggesting an increase in metabolically active cells. In addition, fluorescence 
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from the stromal layer decreases with dysplastic progression, possibly due to the 

breakdown of the extracellular matrix by pre-invasive epithelial cells.  

Other optical events in tissue such as scattering and absorption are also 

correlated with dysplastic progression. Theoretical as well as experimental studies 

of normal and abnormal cells have shown that nuclear atypia associated with 

dysplastic progression increases the level of light scattering due to cellular nuclei 

[Mourant 2000, Drezek 2003, Arifler 2003]. Similar results have been obtained 

from measurements of tissue ex vivo using reflectance confocal microscopy, 

where epithelial scattering properties extracted from optically sectioned images 

show an increase in epithelial scattering in abnormal tissue compared to normal 

tissue [Collier 2003]. Light absorption due to hemoglobin in the stromal 

vasculature was estimated from diffuse reflectance measurements of the colon 

[Zonios 1999] and an increase in light absorption was observed in abnormal 

tissue, likely due to angiogenic developments. 

Different optical techniques are sensitive to various aspects of optical 

properties of tissue. For example, diffuse reflectance spectroscopy measures the 

scattering and absorption in the tissue, whereas polarized reflectance spectroscopy 

is most sensitive to epithelial scattering. Fluorescence spectroscopy is sensitive to 

the distribution and concentration of the endogenous fluorophores, but the 

propagation of the excitation light and the fluorescence light are also affected by 

light scatterers and absorbers in tissue. Since each of these optical parameters is 

closely correlated with biophysical changes associated with dysplastic 
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progression, they have the potential to serve as effective biomarkers for diagnosis 

if they can be extracted from spectroscopic measurements. 

Various mathematical models for inverse estimation of optical properties 

from fluorescence measurements have been developed. Monte Carlo simulations 

provide a rigorous description of photon transport in all types of media. Zonios 

collected information on scattering and absorption properties as well as intrinsic 

fluorescence in vitro using Monte Carlo simulations, and was able to predict the 

fluorescence spectra measured from the colon based on these characteristics 

[Zonios 1996]. Drezek used Monte Carlo simulations to separate the epithelial 

and stromal fluorescence from in vivo fluorescence measurements of cervical 

tissue [Drezek 2001b]. However, a large number of photon histories are required 

to achieve statistical significance; thus, it is difficult to apply a computationally 

extensive iterative fitting process for model-based parameter estimation. In order 

to increase the computational efficiency of Monte Carlo simulations, Hayakawa 

applied perturbation Monte Carlo (pMC) methods to achieve model-based 

parameter estimation. In pMC, results using a baseline set of input parameters are 

generated from an initial iteration of Monte Carlo simulations, and subsequent 

simulation results are derived from the baseline case by reflecting the changes in 

each input parameter [Hayakawa 2001].  

On the other hand, the diffusion approximation of the radiative transport 

equation provides an analytic model for describing the propagation of light in a 

turbid medium such as tissue, which is better suited for iterative fitting in model-

based parameters estimation. A number of mathematical models for describing 
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fluorescence in tissue have been developed [Wu 1993, Nair 2002, Hyde 2001] 

that can be applied to parameter estimation.  Hyde developed a model based on 

diffusion theory to calculate the spatially-resolved fluorescence detected from an 

arbitrary continuous depth distribution of tissue optical properties and fluorophore 

concentration [Hyde 2001]. Stasic applied the model developed in [Hyde 2001] in 

order to estimate the exogenous fluorophore concentrations in a two-layered 

medium from spatially resolved fluorescence measurements [Stasic 2003]. 

However, diffusion theory is based on the assumption that light is diffusely 

distributed, and fails to work accurately near the light source where light is not 

diffuse enough. In fact, Keinle showed that the description of light distribution in 

the top layer of a two-layered medium is difficult [Keinle 1998]. 

Zhang developed a photon-migration approach to derive intrinsic 

fluorescence that is not distorted by scatterers or absorbers in the medium [Zhang 

2000]. In the model, detection of a fluorescent photon from a turbid medium is 

described using a probability based on discrete events of absorption, scattering 

and fluorescence. The probability distribution is then used to describe and correct 

for the light attenuation in the medium that distorts the detected fluorescent light. 

By fitting the fluorescence spectra of endogenous fluorophores NADH and 

collagen to the calculated intrinsic fluorescence spectrum, the relative 

concentrations of each endogenous fluorophore were calculated [Georgakoudi 

2002a]. The results have revealed high diagnostic value of relative concentration 

of NADH and collagen in diagnosing precancerous cervical tissue [Georgakoudi 

2002a]. 
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Here, an inverse model to estimate various optical parameters from in vivo 

fluorescence measurements is developed based on an analytical model that was 

previously developed. The analytical model is based on a two-layered medium, 

and thus enables the estimation of the optical parameters of the epithelium and the 

stroma separately. The inverse model is then applied to a set of clinical 

measurements of cervical tissue to assess the diagnostic value of each estimated 

parameter. 

6.2 MATERIALS AND METHODS 

An analytical model to describe the fluorescence spectra detected from a 

two-layer medium using a given set of optical parameters was previously 

developed [Chang 2004]. Briefly, the model describes the propagation of light in 

the finite-thickness epithelial layer and the underlying semi-infinite stromal layer 

using exponential attenuation and diffusion theory, respectively. Optical 

properties within each layer are assumed to be homogeneous. Total detected 

fluorescence is calculated as the sum of fluorescence detected from four different 

cases in which the excitation and fluorescent light propagates across the 

epithelium and the stroma.  

The analytical model was then applied to develop an inverse model to 

estimate optical parameters from a fluorescence measurement. In model-based 

parameter estimation, the values of the input parameters are estimated by 

iteratively fitting the analytical model to the measured spectrum. Convergence of 

the spectra generated by the analytical model to the target fluorescence spectrum 
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at each iteration step is determined by the sum of square error ε between the 

results of the analytical model M and the measured spectrum F:  

∑ −=
mx ,

2
mx )]parameters_optical(M),(F[

λλ
λλε  

where λx and λm are the excitation and emission wavelengths. A trust-region 

based non-linear optimization method [Moré 1983] is employed to iteratively 

modify the input parameters so that the error ε is minimized.  

 

Figure 6.1 Fluorescence characteristics of the fluorophores that are fitted for in 
the inverse model. Top row shows epithelial fluorophores (a) NADH, (b) FAD 
and (c) keratin. Bottom row shows (d) component 1, (e) component 2 and (f) 
component 3 of stromal fluorescence.  

A number of input parameters can be iteratively modified to achieve 

minimize the error ε. Such parameters include epithelial fluorophores NADH and 

(a) (b) (c)

(d) (e) (f)
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FAD. Figures 6.1(a) and (b) show fluorescence EEMs of NADH and FAD in 

dilute solution at pH 7.4 that emit cytoplasmic fluorescence in the basal layer of 

the normal epithelium. However, previous studies using fluorescence confocal 

microscopy of fresh cervical tissue slices revealed an additional source of 

epithelial fluorescence that originates from the periphery of the cells in the 

superficial and the intermediate layers of the epithelium. A fresh cervical biopsy 

specimen that consisted of only the superficial and the intermediate layers of the 

epithelium was obtained from a patient. The specimen was imaged using 

fluorescence confocal microscopy to verify that there was neither the basal layer 

of the epithelium nor the stromal layer in the specimen [Fig. 6.2]. The 

fluorescence spectrum of the biopsy specimen measured using a 

spectrofluorimeter [SPEX Fluorolog II] is shown in Figure 6.1(c). As a result, a 

linear combination of the fluorescence spectra from three different fluorophores 

(NADH, FAD and superficial epithelium) are used to describe epithelial 

fluorescence in the inverse model. 

 

Figure 6.2 Fluorescence confocal microscopy of the biopsy specimen containing 
the superficial layer of the epithelium acquired at 488nm excitation. 
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The major endogenous fluorophore in the stromal layer consists of 

collagen crosslinks. However, fluorescence measurements of various specimens 

of fresh cervical stroma (Figure 6.3) show that the spectral characteristics of 

stromal fluorescence are heterogeneous among different tissues, suggesting the 

possibility of multiple fluorophores in the cervical stroma. Based on [Sokolov 

2002], the fluorescence spectra from various specimens of the cervical stroma 

were fitted using a linear  

 

Figure 6.3 Fluorescence EEMs measured from three fresh biopsy specimens of 
the cervical stroma collected from: (a) colposcopically normal site of a 34 year 
old patient, (b) colposcopically abnormal site of a 34 year old patient and (c) 
colposcopically normal site of a 21 year old patient. 

(b)(a) 

(c) 
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combination of three sets of curves whose peaks are centered at various 

excitation-emission wavelengths. Each of these curves is described with a hybrid 

of Gaussian-Lorentzian profiles HP: 

)]W,(GP)(S)W,(LP)(S[A)(HP GL λλλλλλλλλ −⋅−+−⋅−⋅=

0)(,0
0)(,5.0

0)(,1
)(S

<−
=−

>−
=−

λλ
λλ

λλ
λλ  

where A is the amplitude of the peak intensity, λ is the emission wavelength, λ  

is the peak emission wavelength, LP is the Lorentzian curve centered at 

wavelength WL and GP is the Gaussian curve centered at wavelength WG. The 

three curves that yielded the best fit for the fluorescence measurements from all 

the cervical stroma specimens are shown in Figures 6.1(d), (e) and (f). The 

excitation and emission wavelength of the fluorescence peaks of the three 

components are also listed in Table 6.1. Thus stromal fluorescence is described as 

a linear combination of these three spectra in the inverse model. 

Table 6.1. Peak excitation and emission wavelengths of the three components of 
stromal fluorescence 

Component Excitation wavelength of 
fluorescence peak (nm) 

Emission wavelength of 
fluorescence peak (nm) 

1 340 410 

2 370 446 

3 420 510 
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Figure 6.4 Spectral characteristics of (a) epithelial scattering derived from 
[Collier 2003] and [Mourant 1998]  and (b) stromal hemoglobin absorption from 
[Prahl 1999] that are fitted for in the inverse model. 

Epithelial scattering used in the inverse model is based on the scattering 

coefficient extracted from reflectance confocal microscopy images of the cervical 

epithelium, which is 22cm-1 at 810 nm [Collier 2003]. The value of epithelial 

scattering is extrapolated at different wavelengths by using the proportionality 
1.1

s /1)( λλµ ∝ identified in [Mourant 1998]. Hemoglobin absorption µa,total 

Hb in the stroma is based on the spectral characteristics of oxy-hemoglobin 

absorption µa,HbO2 and deoxy-hemoglobin absorption µa,Hb: 

)]()C1()(C[C)(
222 HbO,a

sat
OHb,a

sat
O

abs
HbHb_total,a λµλµλµ ⋅−+⋅⋅=

where abs
HbC is proportional to the concentration of total hemoglobin and sat

O2
C is 

the oxygen saturation of hemoglobin. The spectral characteristics of epithelial 

scattering as well as oxy- and deoxy-hemoglobin are shown in Figure 6.4. Monte 

Carlo simulations have shown that variations in stromal scattering have little 

effect on the detected fluorescence calculated by the analytical model within the 

(a) (b)
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range of values assumed by tissue [Chang 2004]. Thus the stromal scattering is set 

to the values reported in [Saidi 1992]. The epithelial thickness in cervical tissue 

ranges between 200-500 microns [Walker 2003], and in the inverse model, we 

have used an average value of 300 microns.  

In the inverse model, the accuracy of the fit can be increased by fitting the 

fluorescence intensity at an increased number of excitation-emission wavelength 

pairs. Although the magnitude of each optical parameter varies from site to site, 

the spectral characteristics shown in Figures 6.1 and 6.3 remain identical. Thus 

the magnitude of the optical parameters at each iteration is modified by applying a 

scaling constant to the spectral characteristics shown in Figures 6.1 and 6.3. For 

example, the scattering coefficient of the epithelium µs(λ;i) at wavelength λ and 

at iteration i is defined by: )()i(C)i;( *
s

sct
epis λµλµ ⋅=  where )i(C sct

epi  is 

the scaling constant at the iteration and )(*
s λµ  is the baseline epithelial 

scattering at wavelength λ shown in Figure 6.3(a). As a result, the object function 

that is minimized at each iteration of the fitting process is defined by the scaling 

constants for each of the 9 input parameters: 

[ ]2sat
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where F(λx,λm) is the fluorescence intensity at excitation wavelength λx and 

emission wavelength λm and M is the result of the analytical model. Explanation 

of each of the scaling constants are listed in Table 6.2: 
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Table 6.2 Table of scaling constants that are used in the inverse model 

Scaling constant Comments 
fl

NADHC  Fluorescence efficiency of epithelial fluorophore NADH 
fl

FADC  Fluorescence efficiency of epithelial fluorophore FAD 
fl

SEC  Fluorescence efficiency of superficial epithelial fluorescence 
fl

1ColC  Fluorescence efficiency of component 1 of stromal  
fluorescence 

fl
2ColC  Fluorescence efficiency of component 2 of stromal  

fluorescence 
fl

3ColC  Fluorescence efficiency of component 3 of stromal  
fluorescence 

sct
epiC  Epithelial scattering 

abs
HbC  Stromal hemoglobin absorption 

sat
O2

C  Oxygen saturation of stromal hemoglobin 

 

The inverse model is validated by fitting the model to the fluorescence 

spectra generated by Monte Carlo simulations using optical parameters of normal 

as well as abnormal tissue. The details of the setup for Monte Carlo simulations as 

well as the optical parameters are in [Chang 2004]. Briefly, the Monte Carlo 

simulations are based on two-layered tissue with a finite-thickness epithelium and 

a semi-infinite stroma. The optical parameters used in the simulations are based 

on the excitation wavelength of 350 nm, and the simulations were performed on 



 117

emission wavelengths ranging between 400 nm and 640 nm in 20 nm increments. 

One million photons were simulated to generate fluorescence spectra for normal 

tissue and for abnormal tissue at each emission wavelength. The value of each 

optical parameter that was estimated by the inverse model was compared with 

those that were used in the Monte Carlo simulations.  

The inverse model was then applied to a set of in vivo clinical data 

obtained from British Columbia Cancer Agency, Vancouver, Canada. The 

instrument used to collect the fluorescence measurements has been described 

previously in detail [Zuluaga 1998]. Briefly, the clinical device consists of a 

Xenon arc lamp coupled to a filter wheel of bandpass filters to deliver the 

excitation light, a fiber optic probe, a polychromator and a cooled charge-coupled 

device to image the emission spectrum. Acetic acid was applied to the cervical 

site 2-3 minutes prior to the measurement. The collected data were wavelength 

calibrated and were corrected for the fluctuations in excitation intensity as well as 

the system response using measurements of various positive control standards, 

including a HgAr lamp (Ocean Optics HG-1), tungsten lamp (Ocean Optics LS-1-

CAL) and a solution of 2mg/L Rhdamine B (Exciton, Dayton, OH). Fluorescence 

emission spectra were collected from 24 excitation wavelengths ranging from 300 

nm to 540 nm at 10 nm increments. 9 different parameters listed in Table 1 are 

estimated from each calibrated fluorescence measurement using the inverse 

model.  
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6.3 RESULTS 

Figure 6.5 shows the result of applying the inverse model to the target 

fluorescence spectra generated using Monte Carlo simulations. The spectra that 

resulted from the inverse model show good agreement with the target spectra for 

both the normal case (Figure 6.5(a)) and the abnormal case (Figure 6.5(b)) at all 

the emission wavelengths that were tested. Since the total detected fluorescence 

generated by the inverse model as well as the Monte Carlo simulations is a 

combination of the fluorescence originating from the epithelial and stromal 

fluorophores, the contribution from each fluorophore is plotted in Figures 6.5(c) 

and (d) for the normal case and the abnormal case, respectively. Fluorescence 

intensity that originates from NADH, FAD, superficial epithelium as well as the 

stroma shows good agreement between the values estimated by the inverse model 

(shown in solid, dark colored plots) and the intensities that were used in the 

Monte Carlo simulations (shown in dotted, light colored plots). 
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Figure 6.5 Results of applying the inverse model to the fluorescence spectra 
generated using Monte Carlo simulations. Optical parameters of normal tissue ((a) 
and (c)) as well as those of abnormal tissue ((b) and (d)) at 350 nm excitation 
wavelength are used. In (a) and (b), the fluorescence spectra generated by the 
Monte Carlo simulations (blue) as well as the result of the fit (red) are shown. In 
(c) and (d), the fluorescence spectra generated by both t he inverse model as well 
as the Monte Carlo simulations are decomposed to the fluorescence contributed 
by each fluorophore. In each figure, solid blue plot is the fluorescence from 
NADH, solid red plot is that from FAD, solid green plot is that from the 
superficial epithelium and solid black plot is that from stromal collagen estimated 
by the inverse model. The dotted plots in light blue, pink, light green and gray are 
the fluorescence of NADH, FAD, superficial epithelium and stromal collagen that 
was used in the Monte Carlo simulations. 
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Fluorescence spectra were collected from a total of 493 sites in 292 

patients using the FastEEM clinical device. Classification of the measured sites 

with respect to diagnosis and age of patient is shown in Table 6.3. 

Table 6.3 Classification of clinical measurement into three different age groups as 
well as three different diagnostic classes 

 SN LG-SIL HG-SIL Total 
Premenopausal 

< 40 y.o. 205 64 121 390 

Premenopausal 
> 40 y.o. 29 9 14 52 

Postmenopausal 41 6 4 51 

Total 275 79 139 493 
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Figure 6.6 Result of applying the inverse model to a clinical measurement from 
(a) a squamous normal site and (b) a HG-SIL site. Each plot is a concatenation of 
5 emission spectra that were measured at 340nm, 350nm, 360nm, 370nm and 
380nm excitation. In each figure, the blue plot is the fluorescence spectrum from 
the clinical measurement, the red plot is the fit generated by the inverse model 
and gray plot is the residual between the clinical measurement and the result of 
the inverse model. 
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Figure 6.7 Scaling constants that correspond to each optical parameter estimated 
from the clinical measurements shown in Figure 6.6: (a) epithelial scattering, (b) 
stromal hemoglobin absorption, (c) fluorescence efficiency of NADH, (d) 
fluorescence efficiency of FAD, (e) fluorescence efficiency of superficial 
epithelium, (f) fluorescence efficiency of collagen component 1, (g) fluorescence 
efficiency of collagen component 2, (h) fluorescence efficiency of collagen 
component 3, (i) oxygen saturation of stromal hemoglobin. In each figure, the 
blue bar and red bars are the scaling constants extracted from the squamous 
normal measurement and the HG-SIL measurement, respectively. 

Figure 6.6 shows the fluorescence fit that was generated when the inverse 

model was applied to a set of fluorescence measurements from a squamous 

normal site (Figure 6.6(a)) and a HG-SIL site (Figure 6.6(b)). Fluorescence 

emission spectra between 340nm and 380 nm excitation wavelengths were used. 

The spectra that resulted from the fit show good agreement with the measured 

data for both the squamous normal case and the HG-SIL case. The residual 
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between the measured data and the fitted spectrum, shown in gray, is less than 5% 

of the fluorescence intensity at each wavelength. Figure 6.7 shows the values of 

the nine different parameters that were estimated in Figures 6.6(a) and (b). When 

compared with the parameters estimated from squamous normal tissue, those that 

were extracted from HG-SIL exhibit higher level of epithelial light scattering, 

stromal hemoglobin light absorption as well as decreased intensity in all three 

components of stromal fluorescence except for component 3. 
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Figure 6.8 Optical parameters that are extracted from a set of clinical 
measurements listed in Table 6.2: (a) epithelial scattering, (b) stromal hemoglobin 
absorption, (c) fluorescence efficiency of NADH, (d) fluorescence efficiency of 
FAD, (e) fluorescence efficiency of superficial epithelium, (f) fluorescence 
efficiency of collagen component 1, (g) fluorescence efficiency of collagen 
component 2, (h) fluorescence efficiency of collagen component 3, (i) oxygen 
saturation of stromal hemoglobin. In each figure, the data is classified by three 
different age groups (blue bars for premenopausal patients whose age is below 40 
years old, green bars for premenopausal patients whose age is above 40 years old, 
and red bars for postmenopausal patients) as well as by diagnostic class (sn for 
squamous normals, lg for LG-SILs, and hg for HG-SILs). In each figure, the bar 
graphs denote the median of the parameters extracted from the corresponding age 
group and diagnostic class. The error bars show one standard deviation of the 
parameters extracted from the corresponding age group and diagnostic class. 

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)



 125

Figure 6.8 shows the median of each of the nine optical parameters that 

were estimated from the measurements of 292 patients listed in Table 2. Since age 

and menopausal status has been identified to affect fluorescence intensity 

[Brookner 2000], the patients were classified into 3 different age groups: 

premenopausal patients whose age is below 40 years old (blue bars), 

premenopausal patients whose age is over 40 years old (green bars) and 

postmenopausal patients (red bars). Each age group is further subdivided into 3 

diagnostic classes: squamous normal (sn), LG-SIL (lg) and HG-SIL (hg). The 

blue lines in each bar graph represent one standard deviation that was calculated 

from the dataset corresponding to each age group and diagnostic class. 

In Figure 6.8(a), epithelial scattering in general decreases with increasing 

age. However, within each age group, it is also interesting to note that the 

epithelial scattering increases with dysplastic progression. The most notable 

increase in epithelial scattering from squamous normal to HG-SIL is observed in 

postmenopausal patients. Similar to epithelial scattering, the level of hemoglobin 

absorption decreases slightly with increasing age. Within each age group, 

hemoglobin absorption increases in LG-SIL and HG-SIL sites compared to 

squamous normal sites. 

Figures 6.8(c)-(f) show the median fluorescence intensity from the three 

different epithelial fluorophores that was extracted from each age group and 

diagnostic class. NADH fluorescence seems to increase with age, but decrease 

with dysplastic progression, although the fluorescence confocal microscopy 

images of [Pavlova 2003] suggests a decrease in NADH fluorescence with 
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dysplastic progression. The reason for the decrease in NADH fluorescence with 

age is not clear at the moment. Superficial epithelial fluorescence (Figure 6.8(f)) 

also shows a decrease in intensity with dysplastic progression, but does not show 

correlation with age. On the other hand, FAD fluorescence intensity decreases 

slightly with age and increases with dysplastic progression, as seen in Figure 

6.8(d). The three different components of collagen fluorescence, shown in Figures 

6.8(g)-(i), show consistent trends with age and dysplasia. Fluorescence intensity 

increases with age, with the most notable increase observed in components 2 and 

3. Collagen fluorescence component 1 shows a relatively small increase in 

fluorescence intensity with age. In all three components, fluorescence intensity 

decreases with dysplastic progression. 

6.4 DISCUSSION 

In order to develop the inverse model that enables us to estimate the 

various optical parameters from a fluorescence measurement, major endogenous 

fluorophores in the epithelium and the stroma have been identified. As shown in 

Figure 6.1, there are three fluorophores in the epithelium that exhibit significant 

level of fluorescence. NADH and FAD are mitochondrial cofactors that are 

closely related with the metabolic activity of the cell. The third epithelial 

fluorophore that was measured from a biopsy specimen originates from the 

periphery of the cells in the superficial epithelium, which resembles the 

immunohistochemical staining patterns of keratin in the epithelium. In addition, 

fluorescence measurements from a specimen of the human fingernail, whose 

major component is keratin, show spectral characteristics that are similar to that 
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shown in Figure 6.1(c) from the superficial epithelium. Thus there is evidence that 

the fluorescence from the superficial epithelium originates from keratin, but more 

research is needed to validate the hypothesis. 

Using curve fitting tools, fluorescence measurements of the cervical 

stroma were decomposed into three different components, as shown in Figure 

6.1(d)-(e). The fact that the relative contribution of each component varies among 

different sites suggests that the stromal fluorescence originates from three 

different components and that the inverse model needs to describe the stromal 

fluorescence as a combination of these three components. The origins of 

fluorescence from each component are not clear at the moment. However, the 

fluorescence peak of the first component, located at 340nm excitation and 400nm 

emission, is close to that from one type of the collagen crosslinks, HP 

(hydroxylysyl pyridinoline) and LP (lysyl pyridinoline), which excite at 325 nm 

and emit fluorescence at 400 nm (Figure 6.9(a)). These crosslinks form through 

activation by the enzyme lysyl oxidase as collagen fibers mature, and the density 

of these crosslinks are known to increase also with age. Another type of collagen 

crosslinks form through glycation of poly-lysine residues, and are directly related 

with aging. The crosslinks formed through this kind of mechanism have been 

demonstrated to have a fluorescence peak at 380nm excitation and 440nm 

emission (Figure 6.9(b)), similar to that observed in collagen component 2 (Figure 

6.1(e)). Based on the findings, each of the different components of stromal 

fluorescence seems to originate from different types of collagen crosslinks. 
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Based on the fluorescence characteristics of the major endogenous 

fluorophores in the epithelium and the stroma, as well as the epithelial scattering 

and hemoglobin absorption characterized from other research, an inverse model is 

developed to estimate optical parameters of tissue from fluorescence 

measurements acquired in vivo using the FastEEM clinical device. Applications to 

fluorescence spectra generated by Monte Carlo simulations show that the optical 

parameters can be estimated with good accuracy. However, several parameters 

including stromal scattering and the epithelial thickness have been fixed to an 

average value. The effect of keeping these parameters constant on the estimation 

accuracy of other parameters need to be studied in depth. 

 

Figure 6.9 Fluorescence spectra measured from two different types of collagen 
crosslinks. (a) shows the fluorescence emission and excitation spectra of HP 
(hydroxylysyl pyridinoline) and LP (lysyl pyridinoline) that are formed by the 
enzyme lysyl oxidase [Eyre 1984]. (b) shows fluorescence excitation spectra at 
440nm emission of a collagen crosslink that is formed by glycation of poly-lysine 
[Pongor 1984]. 

(a) (b)
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Figure 6.8 shows that a number of optical parameters estimated from the 

in vivo fluorescence measurements show correlation with age as well as the 

degree of abnormality. Stromal fluorescence from squamous normal sites increase 

with age, which has been demonstrated in [Brookner 2000] using a different set of 

in vivo fluorescence spectra. It is interesting to note that the two types of collagen 

crosslinks (one formed enzymatically and the other formed through glycation) 

associated with the first two components of the stromal component used in the 

analyses have been shown to increase with age. The decrease in stromal 

fluorescence with dysplastic progression shown in Figure 6.8 has been observed 

in fluorescence confocal microscopy images of fresh tissue slices [Pavlova 2003], 

and is possibly due to the breakdown of collagen by dysplastic cells to enable 

microinvasion. Decrease in FAD fluorescence with age is probably due to the fact 

that cells are less metabolically active in postmenopausal patients compared to 

premenopausal patients, as suggested by the fluorescence microscopy images of 

fresh tissue slices in [Brookner 2000]. Increase in FAD fluorescence with 

dysplastic progression is due to increased cells showing metabolic activity in 

abnormal tissue, which was observed in [Pavlova 2003]. However, Figure 6.8 

shows that fluorescence from NADH, another mitochondrial fluorophore in the 

epithelium, increases with age but decreases with dysplastic progression. The 

biophysical explanation behind the trend is still under research. It is also 

interesting to note that fluorescence from keratin in the superficial epithelium 

decreases with dysplastic progression. Fluorescence confocal microscopy images 

of fresh tissue slice suggests that with dysplastic progression, the epithelium 
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shows less degree of differentiation, exhibiting an increase in cytoplasmic 

fluorescence and a corresponding decrease in fluorescence originating from the 

periphery of the cells in the superficial epithelium.  

In summary, a number of optical parameters including epithelial 

scattering, stromal hemoglobin absorption as well as fluorescence efficiencies of 

FAD, keratin and collagen components show diagnostic value. However, there are 

various factors that affect inter-patient variability in each of these factors, 

observed by the magnitude of the error bars in Figure 6.8. Part of the inter-patient 

variability can be explained with age and menopausal status of the patient. But 

there can be other factors, such as the menstrual cycle or the pressure applied at 

the end of the fiber optic probe against the measurement site, which can affect 

fluorescence measurement. It is necessary to review all sources of inter-patient 

variability and include factors that are significant when developing a diagnostic 

algorithm based on in vivo fluorescence measurements.
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Chapter 7:  Conclusions 

The research presented in this dissertation discusses methods to extract 

diagnostically significant features from fluorescence measurements that can be 

applied for diagnosis of cervical pre-cancer. In Chapters 3 and 4, a statistical 

method is applied to extract features related to the variance and the distribution of 

the dataset. The features that were extracted from the fluorescence measurements 

throughout the menstrual cycle revealed that part of the variance in the 

measurements are affected by the biophysical changes during the cycle. When the 

statistical method of feature extraction is applied to a clinical dataset, data from 

various diagnostic classes can be separated with relatively high level of 

classification performance. 

In Chapters 5 and 6, a mathematical model is applied to estimate the 

optical parameters from fluorescence measurements. Using the model, a wide 

range of parameters, such as fluorescence efficiencies of the epithelial and stromal 

fluorophores as well as epithelial scattering and stromal hemoglobin absorption, 

can be extracted from a single fluorescence measurement. Each of these 

parameters have been identified to be related with biophysical changes that occur 

during dysplastic progression, such as angiogenesis, nuclear atypical and 

increased metabolic activity of dysplastic cells. The optical parameters that were 

estimated from the clinical measurements show an average trend that concurs 

with these previous findings. 
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However, there is a large degree of inter-patient variability in the 

fluorescence spectra measured from cervical tissue, and this is reflected in the 

optical parameters that are estimated from the measurements. In order to develop 

robust diagnostic algorithms that capitalize on the changes of optical parameters 

affected by dysplastic progression, it is necessary to identify the different sources 

that cause variations in the fluorescence measurement from cervical tissue and to 

incorporate them in developing the algorithm.  

Previous research has shown that age and menopausal status of the patient 

affects the relative fluorescence intensity from the epithelium and the stroma. 

Classification of the parameters estimated from the clinical data into different age 

groups show that the fluorescence efficiency of the epithelial fluorophore FAD as 

well as the three different components of stromal fluorescence increases with age.  

But the fact that inter-patient variability is observed within each age group 

suggests there are other sources of variability that affect the fluorescence 

measurements from cervical tissue. One such example would be the menstrual 

cycle investigated in Chapter 3. Although statistical analysis shows that the 

menstrual cycle affects 15-25% of the overall variance in the data, the observation 

was limited to the features that were extracted by the particular statistical method. 

Application of the inverse model to the dataset would shed new light to how each 

of the optical parameters is affected by the biophysical changes during the cycle. 

Another source of variability is the level of pressure that is exerted at the tip of the 

fiber optic probe against the measurement site. Preliminary analysis shows 

variations are observed when different level of probe pressure is applied. 
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However, the variations observed in the measurements were not always 

proportional to the level of pressure that was applied, suggesting that probe 

pressure is not the only factor affecting the variations in the measurements. By 

applying the inverse model to the dataset and correlating each of the estimated 

parameters with the changes in probe pressure, the parameters that are directly 

related with probe pressure can be identified.  

The inverse model can estimate a wide range of optical parameters from 

fluorescence measurements collected from cervical tissue in vivo. However, some 

of the optical parameters can be detected with higher sensitivity using different 

spectroscopic techniques. For example, diffuse reflectance spectroscopy is 

affected strongly by epithelial scattering and stromal hemoglobin absorption and 

so will be able to estimate these parameters with better accuracy. Once these 

parameters are estimated from diffuse reflectance spectroscopy, they can be used 

as input to the inverse model to aid the estimation of fluorophore-related 

information from fluorescence measurements. 

In summary, statistical methods can be used as powerful tools for 

extracting diagnostically significant features from fluorescence measurements. 

However, the biophysical significance behind each extracted feature is difficult to 

interpret. On the other hand, the optical parameters estimated from each 

fluorescence measurements are related with the molecular as well as architectural 

changes that accompany dysplastic progression. By carefully investigating how 

each of the estimated optical parameters are affected by various biological 

processes, features extracted using model-based parameter estimation provides an 
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opportunity to develop sensitive and specific diagnostic algorithms that uses 

features that are directly related with dysplastic progression and leaves out the 

variations due to other biographical variables.
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