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Fluorescence and diffuse reflectance spectroscopy are two new optical 

technologies, which have shown promise to aid in the real time, non-invasive 

identification of cancers and precancers. Spectral patterns carry a fingerprint of 

scattering, absorption and fluorescence properties in tissue. Scattering, absorption and 

fluorescence in tissue are directly affected by biological features that are diagnostically 

significant, such as nuclear size, micro-vessel density, volume fraction of collagen fibers, 

tissue oxygenation and cell metabolism. Thus, analysis of spectral patterns can unlock a 

wealth of information directly related with the onset and progression of disease. Data 

from a Phase II clinical trial to assess the technical efficacy of fluorescence and diffuse 

reflectance spectroscopy acquired from 850 women at three clinical locations with two 

research grade optical devices is calibrated and analyzed. Tools to process and 

standardize spectra so that data from multiple spectrometers can be combined and 

analyzed are presented. Methodologies for calibration and quality assurance of optical 

systems are established to simplify design issues and ensure validity of data for future 



 vii

clinical trials. Empirically based algorithms, using multivariate statistical approaches are 

applied to spectra and evaluated as a clinical diagnostic tool. Physically based algorithms, 

using mathematical models of light propagation in tissue are presented. The presented 

mathematical model combines a diffusion theory in P3 approximation reflectance model 

and a 2-layer fluorescence model using exponential attenuation and diffusion theory. The 

resulting adjoint fluorescence and reflectance model extracts twelve optical properties 

characterizing fluorescence efficiency of cervical epithelium and stroma fluorophores, 

stromal hemoglobin and collagen absorption, oxygen saturation, and stromal scattering 

strength and shape. Validations with Monte Carlo simulations show that adjoint model 

extracted optical properties of the epithelium and the stroma can be estimated accurately. 

Adjoint model is applied to 926 clinical measurements from 503 patients. Mean values of 

extracted optical properties have demonstrated to characterize the biological changes 

associated with dysplastic progression. Finally, penalized logistic regression algorithms 

are applied to discriminate dysplastic stages in tissue based on extracted optical features. 

This work provides understandable and interpretable information regarding predictive 

and generalization ability of optical spectroscopy in neoplastic changes using a minimum 

subset of optical measurements. Ultimately these methodologies would facilitate the 

transfer of these optical technologies into clinical practice.  
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Chapter 1: Introduction 

BACKGROUND 

This dissertation presents a series of studies designed to develop and evaluate new 

methods to improve the early detection of cervical cancer and its precursors.  

Fluorescence and diffuse reflectance spectroscopy are two new optical technologies, 

which have shown promise to aid in the real time, non-invasive identification of cancers 

and precancers.  Optical measurement systems have been developed to study the relative 

medical diagnostic power of changes in absorption, scattering and fluorescence properties 

in phantoms [Pfefer 2003], cells [Backman 1999], in-situ [Coppleson 1994], and 

numerous organ sites such as the bladder [Bigio 1995] [Koenig 1998] [Mourant 1995], 

lens [Zuclich 1994], bronchial mucosa [Amelink 2004], cervix [Ramanujam 1996] 

[Brookner 2001], ovaries [Utzinger 2000], lung [Lam 2000], breast [Ramanujam 2004] 

[Bigio 2000] [vanVeen 2005], brain [Lin 2001], colon [Zonios 1999] [Cothren 1996] and 

esophagus[Wallace 2000] [Georgakoudi 2003]. Several groups have presented 

fluorescence and reflectance data from small pilot studies using a single instrument to 

record data. These studies indicate that diagnostic algorithms with high sensitivity and 

specificity can be defined to detect precancers. Both empirically based algorithms, using 

multivariate statistical approaches, and physically based algorithms, using mathematical 

models of light propagation in tissue have shown diagnostic promise.  However, early 

clinical trials indicate that physically based algorithms may yield higher sensitivity and 
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specificity. Additionally, these algorithms also provide much greater insight into the 

biological changes, which can be detected using optical spectroscopy. 

Extending this work to large multi-center clinical trials requires tools to process 

and standardize spectra so that data from multiple spectrometers can be combined and 

analyzed.  Further, data from larger clinical trials are required to test and validate 

physically based algorithms.  In this dissertation, tools are developed to process and 

standardize fluorescence and diffuse reflectance spectra collected in a large, multi-center 

clinical trial to detect cervical cancer and its precursors.   Chapters 2 and 3 describe the 

development and validation of these processing tools.  While calibration standards are 

widely used for preprocessing of the acquired data, methodologies for instrument 

characterization, validation and radiometric traceability lack standardization. The impact 

of this work is to help establish methodologies for calibration and quality assurance of 

optical systems with the aim of simplifying design issues and helping ensure validity of 

data for future clinical trials. Ultimately these methodologies will facilitate the transfer of 

these optical technologies into clinical practice.   

The FastEEM instrument was designed to dramatically over-sample the available 

optical information thought to be present in tissue optical spectra. Chapter 4 demonstrates 

the difficulties in this highly dimensional data through a data discovery study based on 

clinical measurements of diffuse reflectance. In the second section of this dissertation 

focuses on methods to extract the feature subset representative of spectral changes due to 

cervical neoplasia but invariant to non-disease induced intra and inter-patient variability. 

Biological differences between patients like menopausal state can account to more than 

an order of magnitude difference in fluorescence intensity [Gill 2003]. The goal of this 

feature extraction is to reduce dimensionality by reducing the number of optical 



 
3 

measurements that must be acquired, while retaining the most relevant information 

towards accurate diagnosis. Chapter 5 presents a mathematical forward model to describe 

diffuse reflectance in cervical stroma. First order approximations of diffusion theory 

based models have been used extensively to predict radially dependent diffuse reflectance 

from tissue optical parameters [Patterson 1987] [Ishimaru 1997] [Mourant 1998] [Hull 

1999] [Hull 2001] [Dickey 2001] [Hyde 2001] [Solonenko 2002]. But this first order 

approximation is not applicable to measurements at short source-detector separations, or 

at shorter emission wavelengths due to higher absorption. A higher order approximation, 

P3 approximation was introduced by Star [Star 1989] and adapted for fiber based probes 

by Hull and Foster [Hull 2001]. Hull and Foster derived a hybrid P3 model (DTP3H) by 

applying an approximate similarity relationship that provides an accurate and 

computationally viable solution under the tissue optical properties in the visible 

wavelength range and at short source-detector separations (~1 mm). I have implemented 

an adaptation of the Foster model to describe reflectance in cervical tissue modeled as a 

single stromal layer. The ability of this physically based model to describe diffuse 

reflectance is demonstrated using simulated data from a Monte Carlo model by Arifler et 

al. [Arifler 2003].  In chapter 6, the model is inverted. I apply linear least-squares 

Levenberg-Marquardt optimization [Bates 1988] in a minimization algorithm to 

iteratively extract the features that quantify absorption, scattering and oxygenation of 

stromal cervical tissue. Previous work in our lab resulted in a physically based model to 

describe fluorescence spectra of cervix [Chang 2004]. In preparation for combining the 

reflectance and fluorescence models, I extend the Chang fluorescence model to allow 

fitting of both stromal scattering shape and magnitude. Chapter 7 describes how I 

combine and optimize these models into an adjoint (fluorescence and reflectance) model 
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to describe in vivo reflectance and fluorescence spectra of cervix in order to quantify 

information about the biological changes in tissue that occur with neoplasia. 

In the Chapter 8, I develop and evaluate classification algorithms for the 

recognition of cervical neoplasia based on extracted tissue optical features. Diagnostic 

algorithms are evaluated based on (1) fluorescence extracted features, (2) reflectance 

extracted features and (3) adjoint model fluorescence and reflectance extracted features. 

Using receiver operating characteristic (ROC) curve analysis, the extracted features are 

ranked on their predictive power and subsequently a minimum subset of optical 

measurements necessary for discrimination is proposed. The impact of this work is to 

provide an algorithm with understandable and interpretable information regarding 

predictive and generalization ability of optical spectroscopy in neoplastic changes using a 

minimum subset optical measurements. 

Chapter 9 summarizes this dissertation and presents a roadmap for the future 

work. 

This chapter provides an overview of the importance and management of cervical 

cancer, and background on current and emerging optical technologies for cervical cancer 

detection necessary to appreciate the work presented here. In addition, the multi-center 

clinical trial design and the instrumentation used to acquire the in-vivo fluorescence and 

reflectance measurements analyzed in this dissertation are described in detail. 

BACKGROUND AND SIGNIFICANCE 

Cancer is the second leading cause of death in the United States [ACS 2003].  

One out of every four deaths in the U.S. is from cancer [ACS 2003]. The National 

Institute of Health reports cancer-related costs of $106 billion annually. The five-year 

survival rate for all cancers in the United States is 59% [Ries 2000].  
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Cervical Cancer  

Cervical cancer is an important problem.  Cervical cancer is the second most 

common cancer and the leading cause of cancer death in women worldwide [Ries 2000].  

The 5-year relative survival rate for cervical cancer is as high as 92.2% when it is 

detected at a localized stage. However, the survival rate drops to 16.5% if diagnosis is 

delayed until after the cancer has metastasized to a distant site [Ries 2000].   Despite 

these bleak statistics, cervical cancer precursors are treatable and curable. Cervical cancer 

precursors are dysplasia also called cervical intraepithelial neoplasia or CIN, and 

carcinoma in situ (CIS).  In the CIN grading system, dysplasia is further divided into mild 

(CIN I), moderate (CIN II) and severe (CIN III). In the Bethesda System, CIN II, CIN III 

and CIS are combined into a high-grade lesion category termed HGSIL.  A low-grade 

lesion category termed LGSIL includes CINI and tissue exhibiting changes associated 

with the Human Papilloma Virus (HPV). 

The incidence and mortality of cervical cancer and its precursors have been 

substantially reduced through routine screening with the Papanicolaou smear (Pap smear) 

leading to early detection and directed treatment. Lesions rated as CIN I often revert back 

to normal naturally, but require careful follow up with colposcopy.  CIN II and III lesions 

have a substantial risk of progression to invasive cancer if not treated with excisional 

therapies like LEEP (loop electrosurgical excision procedure) or cryosurgery. Screening 

is therefore the key for early detection and treatment associated reductions in cervical 

cancer incidence and mortality.  In the developed world screening is common, yet 

cumbersome and costly.  In the developing world the infrastructure necessary for 

widespread screening is simply not available. Automated diagnosis technology that 

combines screening, diagnosis, and treatment into a single visit and refines accuracy 
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could vastly improve cervical cancer outcomes worldwide. In the developed world, this 

technology would reduce costs and loss to follow up.  In the developing world, this 

technology could enable screening in remote and resource poor settings, by eliminating 

the need for infrastructure and providing objective diagnosis in non-expert hands. 

Current Screening Strategy 

Cervicovaginal cytology, known commonly as the Pap smear, is the most 

effective screening test in cervical screening (see Figure 1-1).  The Pap smear is 

recognized as the major contributor to the remarkable 70% decrease in cervical cancer 

morbidity and mortality throughout the world since it was introduced by Dr. George 

Papanicolaou in 1939. However, use of the Pap smear in managing early cervical cancer 

neoplasia has been plagued by such critical issues as lack of adequately trained cyto-

technicians, cost of cytological screening infrastructure, inadequate patient compliance, 

and poor reproducibility of diagnoses. Additionally, the screening test itself is imperfect.  

 

 

 

 

 

 

 

 

Figure 1-1: Papanicolaou smear (left) and cervical cytology stain (right). 
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The Pap smear has low sensitivity (62%) resulting in failure to diagnosis many 

high-grade lesions [Follen 1998]. The Pap smear exhibits low specificity (60%) leading 

to over-diagnosis of low-grade lesions [Follen 1998]. 

When a Pap smear is abnormal, a patient is generally referred for colposcopy.  

Colposcopic examination involves visual inspection of the cervix, after application of a 

weak acetic acid solution, using a mounted magnifying lens.  If an area is suspected to be 

abnormal upon colposcopy, a biopsy is performed.  If the biopsy indicates CIN II, CIN 

III, CIS or micro-invasive cancer, the cervical epithelium is usually removed via 

excisional therapy.  While the sensitivity of colposcopy is excellent (95%), its specificity 

is relatively low (44%) [Follen 1999]; the low specificity can lead to over diagnosis of 

low-grade lesions and subsequent unnecessary biopsies and over-treatment. These issues 

have motivated research to develop alternate technologies for cervical cancer screening 

and diagnosis.  

Optical Technologies for Cervical Cancer 

Emerging technologies based on optical spectroscopy have shown promise as 

effective diagnostic tools in disease detection. The dysplasia to carcinoma sequence leads 

to a number of changes in biochemical composition, cellular morphology and tissue 

architecture – many of these changes alter the optical properties of tissue.  Optical 

spectroscopy is a technique, which measures the wavelength dependent interaction of 

light with tissue to assess these disease-related changes. 
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Figure 1-2: Epithelial Fluorescence 

Epithelial Fluorescence 

Tissue intrinsic fluorescence originates with a small number of chromophores, 

including aromatic amino acids, cofactors NADH and FAD, and cross-links associated 

with collagen and elastin [Richards-Kortum 1996]. These biological fluorophores display 

a distinct spectral pattern reflecting their nature and concentration in tissue. Epithelial 

fluorescence from normal tissue is strongest along the basement membrane within the 

basal cells.  The metabolically active basal cells contain actively respiring mitochondria 

and as such account for most of the epithelial fluorescence. The fluorescent cofactors 

NADH and FAD are electron carriers in the production of metabolic energy (ATP) in the 

mitochondria of these cells. Drezek et al. imaged transverse fresh cervical tissue slices 

using fluorescence microscopy to identify differences in fluorescence intensity between 

normal and dysplastic tissue [Drezek 2001]. Fluorescence emission images at 380 nm 

excitation show increased epithelial fluorescence in abnormal specimens, suggestive of 

increased NADH fluorescence. In a similar study, Pavlova et al. used confocal 

fluorescence microscopy to image normal biopsies at 360 nm excitation [Pavlova 2003].  

These images (Figure 1-2 Left) showed that cytoplasmic fluorescence in normal tissue is 

limited to the basal cells of the epithelium. LGSIL and HGSIL biopsies showed 
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cytoplasmic fluorescence extending through the lower 1/3 and 2/3 of the epithelium, 

respectively (Figure 1-2 Center and Right). Thus the increased metabolic activity in 

abnormal cells leads to increased concentrations of NADH and FAD and increases in 

fluorescence intensity. 

Stromal Fluorescence 

Collagen contains covalent cross-links with strong autofluorescence [Eyre 1984].  

These cross-links are the origin of the majority of stromal fluorescence in cervical tissue. 

It has been suggested that as dysplastic epithelial cells prepare to invade beneath the 

basement membrane and invade the underlying stroma, they secrete matrix metallo-

proteinases (MMPs), which lead to degradation of collagen cross-links and decrease 

stromal fluorescence [Heppner 1996] [Parks 1998] [Pavlova 2003]. Fluorescence images 

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

the stromal layer is decreased in dysplastic tissue relative to normal specimens (Figure 

1-3)[Pavlova 2003]. Pavlova et al. confirmed the fluorescence of collagen fibers and their 

apparent shortening in abnormal tissue using fluorescence confocal microscopy. 

 

 

Figure 1-3: Stromal Fluorescence 
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Diffuse Reflectance 

In diffuse reflectance spectroscopy (DRS), light is delivered to a tissue surface. 

After multiple scattering and absorption events, the portion of the light that re-emerges 

from the tissue surface is collected for analysis. DRS provides a non-invasive way to 

monitor changes in tissue light scattering and absorption properties.  Changes in tissue 

absorption and scattering have been related to the morphological and biochemical 

changes associated with dysplasia [Mourant 2000] [Drezek 2003] [Collier 2005]. 

Reflectance confocal microscopy shows that epithelial nuclear scattering from abnormal 

biopsies is greater than that from normal biopsies [Collier 2001] [Arifler 2003]. This 

increase in epithelial scattering is attributed to increased nuclear size, increased DNA 

content and hyperchromasia (clumping and thickening of chromatin in the cell nuclei). 

Conversely in the stroma, degradation in collagen fibers by dysplastic cells secreted 

matrix metallo-proteinases results in a decrease in stromal scattering [Heppner 1996] 

[Parks 1998]. It is well documented that dysplasia and cancer are accompanied by 

increased micro-vessel density and angiogenesis [Dellas 1997] [Zonios 1999] [Lee 2002]. 

These changes result in increased hemoglobin concentration and subsequent increased 

absorption of light. Finally dysplastic changes also include reduced blood oxygenation. A 

number of analytical models have been developed to analyze diffuse reflectance spectra; 

most use the diffusion approximation to the radiative transfer equation to describe the 

transport of light through tissue. These analytical models can be used to determine bulk 

tissue optical properties, providing µs’ (the wavelength dependent reduced scattering 

coefficient) and µa (the wavelength dependent tissue absorption coefficient).  
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CLINICAL STUDY DESIGN 

The high cost of cervical cancer screening is greatly driven by the large 

proportion of positive test results in women without disease as a result of the low 

specificity of Papanicolaou smears and the low specificity of colposcopy.  An accurate 

“real time” screening and diagnostic methodology is needed, that balances the desire to 

identify lesions in their earliest stage against the cost of following up false positive 

screening exams. Our laboratory has demonstrated in pilot studies that quantitative 

optical spectroscopy has the potential to meet this need. For these clinical studies, a 

research-grade optical spectrometer to measure fluorescence emission spectra at up to 24 

excitation wavelengths and reflectance spectra at up to 6 source-detector separations was 

developed. In 1999, the research on this emerging optical device, referred to as the 

FastEEM, advanced from pilot studies to two large phase II clinical trials carried out in 

the screening and diagnostic settings. During this five-year trial, technical feasibility of 

the device was evaluated to determine if this technology could be safely and reliably 

applied to patients. The Institutional Review Board at the University of Texas at Austin, 

M.D. Anderson Cancer Center in Houston and the British Columbia Cancer Agency in 

Vancouver approved the conduct of this study, and all subjects gave written, informed 

consent before study participation. The diagnostic patient population was comprised of 

850 women referred for colposcopy on the basis of an abnormal Pap smear, stratified by 

age and menopausal status. The clinical study was conducted at three clinical sites: M.D. 

Anderson Cancer Center in Houston, Texas, LBJ County Hospital in Houston, Texas and 

British Columbia Cancer Centre in Vancouver, British Columbia, Canada. For each 

patient, fluorescence and reflectance measurements were taken at one squamous normal 

and up to two abnormal tissue sites. Additionally the protocol allowed for measurement 
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of an optional columnar normal tissue site. Over the course of the trial, two generations 

of the spectrometer were used: the FastEEM2 (one device used at 2 clinical sites, MDA 

& LBJ) and the FastEEM3 (three devices, one at each clinical site). The FastEEM3 

device offered an enhanced probe design enabling two additional reflectance detector 

distances and eight additional excitations of light for fluorescence illumination. 

Clinical Study Objectives 

The overall objective of the diagnostic clinical study was to rigorously evaluate 

the sensitivity and specificity of fluorescence and reflectance spectroscopy for 

quantitative diagnosis of cervical precursors. The specific aims of the study were: 

1. To measure in vivo diffuse reflectance and fluorescence spectra from the 

human cervix, at colposcopically normal and abnormal tissue sites in 

women (N = 850) referred for colposcopy due to an abnormal Pap smear.   

2. To develop and evaluate the performance of diagnostic algorithms based 

on (A) in vivo fluorescence spectra at multiple excitation wavelengths, (B) 

spatially resolved in vivo reflectance spectra and (C) the combination of in 

vivo fluorescence and reflectance spectra. 

Patient Eligibility 

Patients over the age of 18, who were not pregnant and who had been referred to 

the U.T. M.D. Anderson Colposcopy Clinic, the British Columbia Cancer Centre, or the 

LBJ Colposcopy Clinic were eligible for the study.  Participants were required to sign an 

informed consent indicating awareness of the investigational nature of the study. 

Treatment Plan 

In addition to their routine colposcopic evaluation, study participants were 

assessed with the FastEEM probe on three cervical tissue sites.  Spectroscopic 
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measurements lasted from 2-5 minutes.  Two colposcopically abnormal tissue sites and 

one normal tissue site were measured.  If only a single colposcopically abnormal site was 

present, the abnormal site, one columnar normal site, and one squamous normal site were 

measured.  All measured sites were biopsied. Thus all FastEEM assessed tissue sites were 

evaluated colposcopically, spectroscopically, cytologically and histologically. 

INSTRUMENTATION 

Initially, we used a spectrometer which measures fluorescence at 16 excitation 

wavelengths and diffuse-reflectance at 4 source-detector separations (FastEEM2) 

[Zuluaga 1999].   

 

 

Figure 1-4: Block diagram and photograph of FastEEM2 system used to measure 
fluorescence at 16 excitation wavelengths and diffuse reflectance at 4 source-detector 
separations 

The system, as shown in Figure 1-4, consists of four main components: (1) an arc 

lamp, stepper motor driven monochromator and filter wheel, which provides 
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monochromatic and broad band excitation, (2) a fiber optic probe which directs excitation 

light to the tissue and collects remitted fluorescence from one location and diffusely 

reflected light from four locations, (3) a filter wheel, imaging spectrograph and CCD 

camera which detects the spectrally resolved reflectance and fluorescence signals, and (4) 

quality control components assuring wavelength, spectral sensitivity and power 

calibration.  The excitation monochromator position, filter wheel position, spectrograph 

grating position, CCD operation and data acquisition are fully automated and computer 

controlled. 

Subsequently, we used a similar spectrometer, which measures fluorescence over 

an extended range of 24 excitation wavelengths and diffuse reflectance at 6 source-

detector separations (FastEEM3).  The FastEEM3 system (Figure 1-5) consists of four 

main components: (1) an arc lamp combined with filter wheels and a fiber optic coupling 

system,  (2) a fiber optic probe that directs light onto tissue and collects fluorescence and 

elastically scattered light at 6 source – detector separations, (3) a filter wheel, 

spectrograph and CCD camera that disperses and records the collected light spectrally 

and restricts excitation light from entering the analyzer and (4) expanded quality control 

components assuring wavelength, spectral sensitivity and power calibration.  The data 

acquisition process is fully automated and computer controlled.   
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Figure 1-5: Block diagram and photograph of FastEEM3 system used to measure 
fluorescence at 24 excitation wavelengths and diffuse reflectance at 6 source-detector 
separations. 

Our goal is to fully integrate data from two generations of the FastEEM device 

and from multiple instruments at multiple sites for combined data analysis. 
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DATA PREPARATION 

Chapter 2: Calibration of in-vivo cervical fluorescence 

INTRODUCTION 

In any complex optical measurement or imaging system, changes will occur in 

device components that can affect optical transfer function, signal transduction or 

spatially dependent system response. An example of variation in optical transfer function 

is a change in filter characteristics due to photobleaching or thermal effects. An example 

of a transduction change is sensor background level change or increased noise due to 

electromagnetic interference (EMI) or breakdown in cables or connectors. Examples of 

spatially dependent factors are position shifting in optical mounts due to wear or thermal 

expansion.  These effects may be combinatoric, compensatory or synergistic. For 

example, a thermal effect could act on all three of these areas simultaneously. While 

these effects are not unanticipated, it is difficult to predict which factors or combination 

of factors will appear at any given time during a clinical study. 

Figure 2-1 shows a diagram of the quality control components of FastEEM3. 

Optical standards with known responses (positive standards) and standards expected to 

have minimal optical response (negative standards) are an essential part of the device and 

should be constantly monitored. 

Our program project grant has many goals, but a significant one is to try to 

establish paradigms that might assist academic and industrial groups to sponsor cost-

effective clinical trials that will lead to the transfer of these promising technologies into 

clinical practice.  A significant aspect of the program is to examine the calibration of 
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photonic measurement systems and the quality of optical measurements to facilitate 

integration of data from multiple instruments and sites and ensure that diagnostic 

algorithms are transportable with high accuracy. 

 

 

 

 

 

 

 

 

 

Figure 2-1: FastEEM3 calibration and performance validation standards. 

Fluorescence and reflectance based point spectroscopy and imaging systems have 

been successfully applied by many groups in many organ sites for non-invasive probing 

of tissue properties [Brennan 1993] [Cothren 1986] [Zangaro 1996] [Georgakoudi 2001] 

[Ramanujam 1996-3] [Muller 2001] [Finlay 2001] [Pfefer 2005] [Liu 2004] [Finlay 

2005]. While calibration standards are widely used for preprocessing of the acquired data, 

methodologies for instrument characterization, validation and radiometric traceability 

lack standardization. The National Institute of Standards and Technology (NIST) has 

recognized that a major factor inhibiting rapid growth is the inability to make comparable 

fluorescence intensity measurements across laboratories [Gaigalas 2001].  We have 

developed statistical analysis methods and integrated these with engineering analysis with 

the aim of simplifying the design issues and helping ensure validity of data for future 
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clinical trials involving medical photonic technologies.  In this paper, we will examine 

some of these methods in the context of the calibration and quality assurance of one part 

of our measurement set: tissue fluorescence properties.  

METHODS 

The role of standards in optical instrumentation is twofold: 

Calibration - The fundamental role of standards is to provide a sound physical 

basis to map the measured signal to the true response of the sample being measured.  All 

changes of energy originating from sources other than the measured sample are 

considered system-dependent signals that must be detected and corrected using the 

appropriate calibration standards. Standards also quantify unwanted background signal 

levels and facilitate background detection and removal. It is important to use both 

positive standards (standards with a known, strong optical signature) and negative 

standards (standards where no response is expected) to enable this calibration.  Standards 

that bracket all data dimensions, including time, are required to ensure accurate 

translation from measured data to calibrated results. Careful consideration of the nature 

of standards and frequency of their measurement is necessary to guarantee that all 

dimensions are calibrated correctly. 

Quality Assurance - Standards are also used to track the device response as a 

function of time to mitigate various operational issues that may change over time.  

Standards provide a well-known blue print of expected (ideal) results.  Measurement and 

analysis of data from appropriate standards with sufficient frequency can be used to 

easily identify any variation from this blue print; this can be used to correct previously 

acquired data and to modify instrumentation to prevent similar problems in future data 

acquisition. 



 
19 

Table 2-1: FastEEM2 Calibration Standards. 

Standard Type Excitation
(nm) 

Emission 
(nm) 

Frequency 
(number of 
measurements) 

Mercury Wavelength 
Calibration N/A 380-950 1/patient 

Frosted Cuvette Negative 290-480 380-910 1/patient 

Distilled Water Negative 290-480 380-910 1/patient 

Rhodamine 610   
2mg/L solution 
in Ethylene 
Glycol 

Positive 
 290-480 380-910 1/patient 

Powermeter 
Illumination 
Energy 
Calibration 

N/A N/A 1/patient 

Tungsten 
Intensity 
Response 
Calibration 

N/A N/A 9 total 

Shuttered Light 
Source 
(Background) 

Negative 
 N/A N/A 2/patient site 

Shuttered 
Camera   (Dark 
Current) 

Negative 
 N/A N/A 3/patient site 

The calibrated FastEEM data should become device independent and should be 

able to be combined for analysis with data acquired with other calibrated optical devices 

[Huh 2004] [Zuluaga 1999] [Brennan 1993] [Cothren 1986] [Zangaro 1996]. In this 

study, two generations of the FastEEM system were tested clinically at three different 

sites: the UT M.D. Anderson Cancer Center in Houston, TX (FastEEM2), the Lyndon B. 

Johnson Harris County Hospital District in Houston, TX (FastEEM2) and the British 

Columbia Cancer Agency (BCCA) in Vancouver, Canada (FastEEM3).  The Institutional 

Review Board of the University of Texas at Austin, MD Anderson Cancer Center in 
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Houston, and the British Columbia Cancer Agency in Vancouver approved the conduct 

of this study, and all subjects gave written, informed consent before study participation. 

Measured Standards: It is critical to have a comprehensive set of standards in 

order to accommodate all data dimensions and sources of measurement variability like 

stages, filters and shutters controlling integration times. With each device and at each 

clinical site, data were acquired from a series of standards as well as from patient sites.  

Table 2-1 and Table 2-2 detail all positive and negative standards measured with each 

device. 

These standards should be measured frequently in actual clinical settings prior to 

clinical trials to anticipate environmental issues, as well as throughout the entire clinical 

trial.  Measurements in the clinic are often performed in small rooms with more than the 

usual number of personnel.  This can sometimes result in temperature, humidity and 

room light levels that differ substantially from the laboratory. 

Positive Standards - The role of positive standards is to provide an input of 

known value; data measured from the positive standard are compared to measured output.  

The deviation of the measurement from the known provides correction factors for 

calibration to remove system-dependent responses. For the FastEEM, the correction 

factors calibrate for wavelength response, for variations in illumination energy as a 

function of time and wavelength, and for variations in emission wavelength sensitivity 

(optical transfer/transduction).  
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Table 2-2: FastEEM3 Calibration Standards. 

Standard Type Excitation 
(nm) 

Emission 
(nm) 

Frequency 
(number of 
measurements) 

HgAr Wavelength 
Calibration N/A 257-805 1/day 

Frosted Cuvette Negative 290-530 257-805* 1 Every 
2 hrs 

Distilled Water Negative 290-530 257-805* 1 Every 
2 hrs 

Rhodamine Positive 290-530 257-805* 1 Every 
2 hrs 

Coumarin 480 Positive 290-530 257-805* 1 Every 
2 hrs 

Exalite 400E Positive 290-530 257-805* 1 Every 
2 hrs 

Powermeter 
Illumination 
Energy 
Calibration 

N/A N/A 1/day 

Powermeter 
(sampling fiber) 

Illumination 
Energy 
Calibration 

N/A N/A 1 with Every 
measurement 

Tungsten 
Intensity 
Response 
Calibration 

N/A N/A 1/day 

Shuttered Light 
Source 
(Background) 

Negative 
 N/A N/A 1 with Every 

measurement 

Shuttered 
Camera   (Dark 
Current) 

Negative 
 N/A N/A 1/day 

In selecting standards, we looked for those that were easy to obtain commercially 

and that covered the full UV VIS spectral range in both excitation and emission. 

Rhodamine, Exalite and Coumarin cover the full range of emission and excitation 

wavelength of interest and are easy to obtain. The choice of concentration was based on 

making them optically dilute. We also looked for solvents that were easy to work with 

and for standards with low photobleaching.  

Positive standards measured with the FastEEM2 include: a HgAr calibration lamp 

as well as Hg lines from fluorescent room lights (later abandoned) for wavelength 
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calibration purposes, a 4.2 µM solution of the organic fluorescent dye, Rhodamine 610 

(Exciton, Dayton, OH) in ethylene glycol to compensate for variations in overall 

collection throughput, manual measurements of illumination power using a power meter 

(Newport, Irvine, CA, 818-UV) to compensate for variations in the intensity of the 

excitation light, and measurements of NIST traceable calibrated tungsten and deuterium 

lamps (550C and 45D, Optronic Laboratories Inc., Orlando, FL) to correct for non-

uniform spectral response of the detection system.  

With the next generation FastEEM3 system, we measured an expanded range of 

positive standards.  These standards include: a HgAr calibration lamp (Ocean Optics) for 

wavelength calibration purposes, a 4.2 µM solution of the organic fluorescent dye 

Rhodamine 610 (Exciton, Dayton, OH) in ethylene glycol, a 2.5 µM solution of the 

organic fluorescent dye Coumarin 480 (Exciton, Dayton, OH) in ethylene glycol, and a 

0.133 µM solution of the organic fluorescent dye Exalite 400E (Exciton, Dayton, OH) in 

ethylene glycol to compensate for variations in overall collection throughput.  In addition, 

automated measurements of illumination power were performed using a power meter to 

compensate for variations in the intensity of the excitation light, and measurements of 

NIST traceable calibrated tungsten lamp (LS-1-CAL, Ocean Optics, Dunedin, FL) were 

performed to correct for non-uniform spectral response of the detection system.  

FastEEM3 power meter measurements are acquired at 10 ms intervals, beginning 

and ending approximately 30 ms before and after the shutter open and close time, 

providing an accurate measurement of actual illumination times and energy delivered. 

Two power meter measurements are acquired, and used to calculate the energy delivered 

to the tissue during data acquisition.  The first measurement is made from a sampling 

optical fiber; the proximal tip of the sampling fiber is placed at the same location as the 
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illumination fibers of the fiber optic probe and the distal tip is located at the power meter 

during tissue measurements.  The second measurement is made from the distal tip of the 

fiber optic probe just prior to patient measurements.  Figure 1-5 shows the location of the 

sampling fiber (labeled as P1) and the probe output (labeled as P2) in the FastEEM3 

system diagram. The measurement from the sampling fiber is used to determine the 

optical power delivered during each tissue measurement, and the measurement from the 

probe output is used to calibrate the ratio of the sampling fiber measurement to the probe 

output. 

Negative Standards - The goal of measuring negative standards is the detection 

of light introduced into the illumination and measurement optical paths due to leakage, 

stray light, or component fluorescence or contamination that can result in measurement 

artifacts. FastEEM2 and FastEEM3 negative standards measured include: a measurement 

made with the illumination source shuttered and the probe placed on the sample 

(background), a measurement made with the camera shuttered (dark current), and finally 

two measurements made under the same measurement acquisition parameters (integration 

time, illumination wavelength, etc.) conditions as tissue, but first with the probe placed in 

a bottle of distilled water and second with the probe placed in contact with the frosted 

quartz cuvette.  The purpose of these last two measurements is to use a sample with no 

intrinsic fluorescence to provide a check for device related auto-fluorescence. The water 

sample results in only small specular reflection due to the refractive index difference at 

the probe tip and water interface with the remaining light going forward with minimal 

backscattering.  The frosted cuvette is expected to diffusely backscatter the illumination 

light in a similar way to epithelial tissue.   This allows us to monitor device related 

autofluorescence which could be backscattered by tissue and contaminate the 
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measurement. Our criteria were to reject data if the tissue signal drops below 10 times the 

background fluorescence [Wilson 1990]. Device related autofluorescence can sometimes 

be comparable to tissue signals if proper materials are not used in fiber optic probe 

construction or as a result of defects or damage accumulated over time.  

Frequency of Standards Measurements: It is important to measure standards 

frequently enough to capture any drift in the performance of the measurement system 

over time.  A typical clinic day with the FastEEM2 system would result in measurements 

from 1-2 patients. Prior to each patient measurement, a full set of positive and negative 

standards would be run.  A typical day in clinic with the FastEEM3 would result in 

measurements from 2-3 patients. A full set of standards would follow the initial 20-

minute device warm up. Throughout the course of the day Rhodamine measurements 

would be repeated every 2 hours. As we learned about system performance issues during 

the course of these trials, we adjusted the frequency with which standards were measured.  

Analysis of Measured Standards:  Measured standards were analyzed in three 

ways – first to process data from positive standards and tissue to calculate fluorescence 

spectra in calibrated units, second to verify the calibration process by comparing 

processed data from positive standards to expected results, and third to identify and 

quantify any measurement artifacts, providing a means for data recovery under adverse 

events.  

In the next section, we detail each step in the processing algorithm based on these 

standard measurements and the quality assessment tools developed to assess each type of 

standard measurement.  In each case, statistical analysis over the timeline of each 

collected standard was used to track the performance of the FastEEM system.  

Descriptive statistics including number of samples, arithmetic mean and standard 



 
25 

deviation, median, minimum and maximum were tabulated for the raw data, calibrated 

data and calibration parameters. In addition, raw spectra were plotted over time, 10 

measurements per figure to study consistency of spectral shape of measurements.  These 

data allowed expert reviewers to identify changes in the instrument performance; these 

changes were then correlated with specific physical phenomena based on experts’ 

background knowledge and events related to device maintenance or calibration recorded 

in the FastEEM operator’s logbook. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2-2: FastEEM data processing flow chart. 

Raw Data Processing Algorithm: Raw data recorded with the FastEEM are 

processed to yield system-independent data in a five-step process.  Figure 2-2 illustrates 
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the generalized processing algorithm flow chart applied to data acquired with both 

FastEEM systems.  

Background subtraction- The raw data processing algorithm first subtracts dark 

current (FastEEM2) or background (FastEEM3) from the raw signal.   

Power and exposure time normalization- NIST traceable optical power meter 

measurements are used to correct emission spectra acquired at each excitation 

wavelength for variations in the illumination energy.  Power meter measurements provide 

the illumination optical power (FastEEM2 and 3) and integration time (FastEEM3) at 

each excitation wavelength.  For data acquired with FastEEM2, the programmed 

exposure time was used as the integration time.  For FastEEM3, the number of data 

points in power meter measurements acquired at 10 ms intervals (accounting 

approximately 30 ms before and after for shutter opening and closing time) provided an 

accurate measurement of actual illumination time. The spectra collected at each 

excitation wavelength are then divided by the product of the illumination power and the 

integration time.  The measured power values as a function of excitation wavelength were 

plotted over time throughout the trial and analyzed to identify changes or inconsistencies 

in the spectrum of illumination power. 

Wavelength calibration- Wavelength calibration was performed using the spectra 

of Hg lines from room fluorescent lights (FastEEM2) and from a HgAr lamp (FastEEM2 

and FastEEM3). Five known mercury peaks are detected in the measured spectra.  A 

least-squares linear fit relating CCD pixel position to wavelength is performed at these 

five points.  The slope and intercept of this fit is used to assign a wavelength value to 

each point in all spectra.  For each measurement, the slope and intercept of this 

calibration are compared to historical measurement means (averages) to identify 
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questionable measurements.  Deviations from the mean can be associated with changes in 

the grating incident angle and camera realignment (magnification) changes.  

Filtering- The calibrated, background corrected signal is filtered using Savitzky-

Golay smoothing in order to reduce unwanted noise [Orfanidis 1996] . For the fastEEM2 

CCD width of 1600 pixels, the tissue background and dark current were filtered with a 

smoothing window half-width of 80 and a first order polynomial. The FastEEM2 tissue 

spectra were filtered with a smoothing window half-width of 4 and a first order 

polynomial. These parameters were selected by evaluating a range of values including 

higher order polynomials and comparing their effect on narrow peaks like porphyrin and 

broad peaks like NADH. For the FastEEM3, the parameters were chosen to avoid loss of 

spectral features while maintaining proportional relationship to the FastEEM2 CCD 

width and pixel size.  The background and dark current were smoothed with a window 

half-width of 80 and the tissue spectra were smoothed with a window half-width of 8 

times the pixel width of the CCD divided by 1600 pixels. First order polynomial fitting 

was applied within the smoothing window. 

System response calibration- When combining data acquired with multiple 

spectrometers and detectors, it is particularly critical that each system be corrected to 

account for the wavelength dependent throughput of the system.  Here, system response 

calibration is performed using a NIST traceable tungsten calibration lamp.  System 

response correction factors were calculated for each system by dividing the known output 

spectrum of tungsten by the spectrum of tungsten measured with that system. Wavelength 

calibrated data are then multiplied by these correction factors to correct for the optical 

transfer function of the system.  
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Additional Device Dependent Corrections-When combining data acquired from 

multiple devices, it is important to use identical components and calibration standards. 

Given the length of the clinical trial, it may be impossible to replace a failed component 

with an identical counterpart due to discontinued production or manufacturers ceasing 

production. Two additional corrections were necessary in order to compensate for device 

differences.  The first correction was due to the differences in the components used for 

power measurements.  Using the FastEEM3 light source, power measurements were 

made at each excitation with the FastEEM3 powermeter and the FastEEM2 powermeter. 

The powermeter correction factor calculated by the dividing the FastEEM3 by the 

FastEEM2 power measurements was applied to the FastEEM2 data only.  The second 

correction applied was due to system response differences that could not be captured by 

the tungsten based correction factors already applied. Only nine tungsten measurements 

were made with the FastEEM2 device at the beginning of the trial.  Before new 

measurements could be made at the end of the trial, the FastEEM2 detector failed. An 

additional correction was devised using the positive standards which were measured later 

in the trial.  Spectra at each excitation for Exalite, Coumarin and Rhodamine were 

concatenated in order to cover the entire emission range in use. A standards based system 

response correction factor was then computed by dividing the FastEEM3 standard spectra 

by the FastEEM2 standard spectra; the resulting correction factors were applied to the 

FastEEM2 tissue data. 

Wavelength calibration validation: The positive standard of Rhodamine was 

used to validate the accuracy of the wavelength calibration process.  The emission 

maxima of this fluorophore occur at 580 nm independent of excitation wavelength.  The 

peak emission wavelength of the processed Rhodamine spectra was extracted at two 
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excitation wavelengths (330 nm and 420 nm). Statistical analysis of peak locations 

between measurements at each excitation wavelength provided a tool to assess the 

consistency and accuracy of the wavelength calibration algorithm. 

Wavelength dependent throughput calibration validation: The accuracy of the 

wavelength dependent throughput calibration was assessed by comparing the shape of the 

processed emission spectrum of the positive standard Rhodamine to that measured with 

two other commercially available calibrated spectrometers (SPEX, Fluorolog II 

Spectrometer, Edison, NJ and Photon Technologies International Quanta Master Model C 

Spectrofluorometer, Lawrenceville, NJ).  To assess unexpected drifts in the wavelength 

dependent system throughput, tungsten spectra were plotted over time. 

Illumination energy calibration validation: The processed emission spectra of 

the positive standard Rhodamine were assembled into an excitation emission matrix and 

the excitation spectrum was extracted at 580 nm emission.  The shape of the excitation 

spectrum was compared to that measured with two other commercially available 

calibrated spectrometers (SPEX, Fluorolog II Spectrometer, Edison, NJ and Photon 

Technologies International Quanta Master Model C Spectrofluorometer, Lawrenceville, 

NJ).  The shape of the excitation spectrum was assessed over time throughout the trial to 

identify potential problems with the illumination energy calibration process.  

Engineering Analysis Methods: The statistically derived calibration coefficients 

and standard spectra collected throughout the trial were analyzed in order to identify any 

instrumentation or processing problems, and to formulate a course of action to prevent 

future occurrences and correct affected measurements which had already been collected.  

There is an ethical responsibility to the patients, the funding agencies and all health care 

providers involved to use every patient measurement made. Most instrumentation 
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problems can be corrected at the hardware and/or software level.  It is important to 

correct hardware failures to prevent reoccurrence and/or acquisition of potentially 

unusable data.  It is critical to devise algorithms based on physical models of cause and 

effect that can recover otherwise unusable data. 

The raw and processed standards data collected throughout the trial were analyzed 

in two simple steps.  First measurements are compared to ideal values.  The spectral 

response of each positive standard is known.  By comparing measured to ideal, automatic 

detection of deviation from the ideal can be implemented.  This also allows for 

calculation of correction factors for affected measurements, which have already been 

collected.   In the previous step, the symptom of the failure is identified.  Correlating this 

symptom to a physical cause requires domain knowledge, well-documented device event 

logs and sometimes experimentation. The extent of the affected measurements can be 

determined based on the frequency of occurrence of the symptom and validated based on 

the nature of the cause. 

RESULTS 

Measured standards and their frequency: Data were acquired from 1295 sites in 

442 patients using the FastEEM2 device and from 788 sites in 322 patients using the 

FastEEM3 device.  The frequency with which standards were measured was increased 

with the FastEEM3 as a direct result of experiences in the FastEEM2 study.  

Raw Data Processing Algorithm: The data processing algorithm was implemented 

in Matlab (Mathworks, Inc., Natick, MA) Ver. 6.5 Rel. 13 on the Windows XP operating 

system. All data were stored and processed on portable fire-wire hard drives. Processing 

algorithm performance was limited by the file (i/o) access time.  Raw data acquired from 

standards and tissue were processed to yield data in the form of excitation emission 
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matrices (EEMs), encapsulated postscript files of processed EEM images in line plot and 

contour format, a comprehensive QC file with an image of every processed EEM in line 

plot and contour format, and processing logs including errors and lists indicating which 

standards data were used to process each tissue measurement. EEMs contain calibrated 

fluorescence intensity as a function excitation and emission wavelength.  

Figure 2-3 shows the result of processing data acquired with both systems from 

the positive standard Rhodamine at 420 nm excitation at each step in the processing 

algorithm.  Figure 2-3 (a) illustrates the effect of dark current and background subtraction 

between FastEEM2 and FastEEM3. Figure 2-3 (b) shows the emission spectra after 

wavelength calibration, energy normalization and smoothing with Savitzky-Golay 

filtering. Figure 2-3 (c) shows the final processed emission spectra. Following 

processing, emission spectra have the same peak emission wavelength and spectral 

lineshape; the small differences observed with this positive standard provide a measure of 

the calibration accuracy.  We next describe how data processed in this manner were 

validated.   

Wavelength calibration standard validation: Figure 2-4 shows the consistency of 

the wavelength calibration derived from the HgAr measurements using the FastEEM3 

device over the lifetime of the trial. Figure 2-4 (a) shows ten consecutive HgAr spectra 

measured in March-April 2003. The first 5 mercury peaks in the measured spectrum 

(365, 404.7, 435.8 546.1 and 578 nm) are used to derive a linear calibration between 

pixel and wavelength.   Figure 2-4 (b) shows the position of the pixel corresponding to 

each peak over the duration of the clinical trial. The pixel positions are relatively constant 

over time, except for three discrete steps, which correspond to changes in grating 

incidence angle made at the beginning of the study to improve efficiency and to a change 
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in magnification due to camera realignment.   Figure 2-4 (c-d) shows the slope and 

intercept of the linear calibration coefficients as a function of time throughout the study.  

The changes in grating angle and magnification changes can be clearly seen. 

 



 
33 

 

 

 

 

Figure 2-3: Normalized Rhodamine emission spectra from FastEEM2 and FastEEM3 at 
420 nm excitation following various stages of data processing.  (a) Emission spectra after 
background subtraction; (b) Emission spectra after wavelength calibration, energy 
normalization and filtering; (c) Final processed emission spectra.  (calibrated units (c.u.)) 
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                 (a)                                       (b)  
 
 
 
 
 
 
 
 
 
 
 
 
 

                 (c)                                       (d)  
Figure 2-4: Graphical tools developed to validate wavelength calibration of the FastEEM 
systems.  (a) Ten consecutive, overlaid spectra of the HgAr lamp acquired with 
FastEEM3. (b) Pixel locations of the five mercury peaks used for wavelength calibration 
as a function of time throughout the clinical trial. Slope (c) and intercept (d) of the linear 
relationship between pixel number and wavelength as a function of time throughout the 
clinical trial. 

Wavelength calibration algorithm validation: Statistical analysis of the emission 

spectra of Rhodamine showed that the peak emission wavelength did not occur at the 

same value for all excitation wavelengths within an EEM measurement as expected.  

Furthermore, the value of the peak emission wavelength shifted from one measurement to 
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another (Figure 2-5 (a)). Engineering analysis showed that these shifts were associated 

with thermal changes in the position of the spectrometer grating which affected the 

wavelength calibration.  These thermal changes shifted the spectrum slightly across the 

face of the CCD but did not affect the dispersion of the spectrometer; thus only the 

intercept of the wavelength calibration and not the slope was affected. A particularly 

troubling thermal effect was a thermal expansion and contraction that was sourced to the 

optomechanical mounting of the grating in the Jobin Yvon Triax 320 spectrographs used 

in the FastEEM3 system.  As the system warmed up by about 10 degrees C during 

operation, movement of the grating shifted spectral peaks by up to 11 pixels in the 

wavelength direction (Figure 2-5 (b)).  Additionally, a vertical shift of up to six pixels 

was also observed. This resulted in wavelength calibration errors of up to 4 nm.  Because 

a HgAr calibration spectrum was only obtained once per day, this standard could not be 

used to correct for this thermal drift.  Rhodamine spectra were collected approximately 

every two hours.  Monitoring the pixel location of the Rhodamine peak provided a 

measure to correct for this thermal drift.     
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                                  (a)                                         (c) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                 (b) 
Figure 2-5: (a) Ten consecutive emission spectra of Rhodamine at 330 nm and 420 nm 
excitation processed with the initial wavelength calibration algorithm.  Note that the peak 
emission wavelength shifts by approximately +/- 3nm. (b) Pixel location of 546 nm 
mercury peak as a function of time following initial cold start of FastEEM3.  The Xe arc 
lamp was turned off at 260 minutes.  This effect was traced to thermal expansion and 
contraction of the grating mount.  (c) Ten consecutive emission spectra of Rhodamine at 
330 nm and 420 nm excitation processed with the final wavelength calibration algorithm 
that corrects for temporal variations associated with thermal drift. 
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Figure 2-6: Comparison of final processed emission spectra obtained with the FastEEM2, 
FastEEM3 and reference spectrometer for organic fluorescent dyes:  (a) Rhodamine at 
420 nm excitation;  (b) Exalite at 320 nm excitation and (c) Coumarin at 400 nm 
excitation. 

Figure 2-5 (c) shows the Rhodamine spectra processed using this correction.  

Note that the wavelength position of the Rhodamine peak is now constant. 

Intensity calibration validation: Tungsten standards were used to calculate system 

response correction factors.  Consecutive tungsten spectra were plotted over time to 

verify the consistency of the wavelength dependent system response throughout the trial. 

Figure 2-6 (a) shows resulting Rhodamine spectra at 420 nm excitation acquired with 
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FastEEM2 and FastEEM3 after processing to correct for the system response, as well as 

spectra measured with the calibrated laboratory spectro-fluorimeter (Spex Fluorolog II).  

Spectral shape agrees well in all cases. Figure 2-6 (b) and (c) show similar data for two 

other organic fluorescent dyes, Exalite at 320 nm excitation (b) and Coumarin at 400 nm 

excitation (c).  This confirms the calibration across a broad wavelength range. 

Illumination Energy Calibration: To assess whether the illumination energy 

calibration was effective, we compared the average excitation spectra of the Rhodamine 

standard at 580 nm emission measured with both devices (Figure 2-7 (a)). Figure 2-7 (b) 

shows the ratio of the average Rhodamine excitation spectra for both systems. The ratio 

between FastEEM3 and FastEEM2 is close to 1 over the entire excitation wavelength 

range.  

Final Validation: The true test of measurement device independence is whether 

patient data collected from a large and representative group of patients with different 

devices can be combined without loss of information.  In this study, we measured 

fluorescence EEMs from 764 patients.  We compare the average spectra of squamous 

normal tissue acquired with the two FastEEM systems. Figure 2-8 shows the average 

squamous normal tissue spectra for at (a) 330 nm excitation and (b) 360 nm excitation for 

both systems. The difference in starting wavelength is due to differences in excitation 

filter characteristics for both devices. The shape and intensity of both spectra are 

comparable at each excitation. The spectra shown in (Figure 2-8a) are an average of 

acquired fluorescence at 330 nm excitation for each device without normalization. Error 

bars are very large (not shown) due to biological differences between patients like 

menopausal state that can amount to more than an order of magnitude [Gill 2003]. Given 
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the tenfold patient-to-patient variation in fluorescence intensity, we feel that these results 

demonstrate excellent agreement.   
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2-7: (a) Average Rhodamine excitation spectra at 580 nm emission measured with 
FastEEM2 and FastEEM3.  Error bars represent one standard deviation. (b) Ratio of 
average Rhodamine excitation spectra at 580 nm emission measured with FastEEM3 to 
that measured with FastEEM2. 
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Figure 2-8: Average emission spectra of squamous normal cervical tissue measured in 
vivo from 435 sites in 206 patients with FastEEM2 and 167 sites in 98 patients with 
FastEEM3 at:  (a) 330 nm excitation and (b) 360 nm excitation. 

DISCUSSION 

The standards protocol and calibration methods developed and tested here yields 

tissue spectra that can be compared across two entirely different instrument platforms.  

We investigated a number of additional measurements and data analysis tools to ensure 

that data were reliable and accurate, including stray light levels, device autofluorescence 
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levels, wavelength calibration accuracy and temporal reliability of standards 

measurements.   

We did not find stray light to be a great problem during our measurements. One 

reason for this is that we limit the wavelength of our illumination using a cold mirror that 

only passes light between about 280 nm and 800 nm. This means that the light entering 

the spectrometer tends to be well directed by our optical components. Stray light is more 

of a problem when using the tungsten calibration source. For the tungsten source we have 

low intensity in the shorter wavelength, high intensity in longer wavelength as well as a 

significant infrared component that our optics are not optimized for. In this case we saw 

some stray light and out of focus light at the bright longer wavelength end of the 

spectrum.  It is difficult to disentangle the relative contribution of focus and stray light in 

this situation. Our approach was to take advantage of the fact that we used an array 

detector. We were able to examine the detector in areas between the signals from 

detection fibers as well as areas well away from the detection fibers to assess the relative 

contribution of stray light. We concluded that the contribution from stray light was 

relatively low with respect to the signal (390 nm excitation ratio of stray light to signal at 

640 nm emission is 0.003915, at 800 nm emission is 0.00739) even for the worst-case 

situation.  

Wavelength calibration of our spectrometer was relatively simple because of the 

long focal length and the relatively on-axis design of the system. We compared various 

orders in fitting the five HgAr peaks used for calibration and found that a simple linear fit 

was adequate to characterize the system. We also compared fitting with shorter and 

longer wavelength emission lines from the HgAr lamp and found that this gave no 

advantage over the linear fit of five peaks so elected to use the simpler method. This has 
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been supported in our analysis of measurements over the full timeline of our study. 

During the FastEEM2 study, we used Hg lines from fluorescent room lights for 

wavelength calibration. This was later abandoned because fluorophores of room lights 

from different manufacturers have different spectral shapes that can overlap mercury 

lines and make detection difficult.  It was found not to be a consistent, reliable source for 

detecting wavelength calibration peaks. 

When we began our study, we did not expect the variation in wavelength accuracy 

of our system that we ultimately observed. We felt that one HgAr calibration per day 

would be sufficient.  Our daily calibration was very reproducible; unfortunately our 

measurements seemed to show variation. Some of our patient’s spectra also included 

porphyrin peaks.  These are well known narrow peaks at 635 and 704 nm. We noticed 

variations in these peaks in our samples. We also noticed that these variations correlated 

with variations in Rhodamine peak position, even though the Rhodamine peak is not as 

narrow as the porphyrin peak. Since we had variation in peak position for this standard 

which we measured regularly every two hours and this was confirmed on tissue 

measurements through the porphyrin peak, we ultimately performed an engineering 

analysis and determined we had a thermal drift problem with one of our ISA 

spectrometers. As a result of this we increased the frequency of measurements of our 

wavelength standard. We further compared the position of some of the sharper peaks of 

the Xenon arc lamp used in our white light reflectance measurements, and found that they 

correlated as well. We purposely included a wide range of standards expecting some 

redundancy. We found that we used the standards in ways we had not anticipated when 

we began the study. 
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To validate the accuracy and precision of the final wavelength calibration 

procedure, we examined the temporal dependence of peaks in two of our positive 

standards.  Figure 2-9 shows the precision of the wavelength calibration, plotting the 

Coumarin peak emission wavelength at 400 nm excitation over the timeline of the study. 

The accuracy of the wavelength calibration was evaluated based on HgAr emission line 

at 696.543 nm.  This emission line is not one of the five peaks used in the linear fit for 

calibration parameters. The calibrated value of this emission line over the lifetime of the 

study was 696.12 +/- 0.38 nm (Figure 2-10).  The difference between actual and the 

calibrated is less than the 5 nm spectral resolution of the instrument. 

 

Figure 2-9: Wavelength calibration validation by comparing the consistency over time of 
Coumarin peak emission wavelength at 400 nm excitation. 

The positive standards were examined to determine the reproducibility of both 

wavelength and intensity information.  Calibration standards showed good consistency in 

wavelength and fluorescence intensity over the timeline of the study.  Figure 2-11 
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demonstrates the timeline consistency of peak wavelength and peak intensity for the 

positive standard Exalite. The two nanometer variation in Exalite peak wavelength at 340 

nm excitation was less than the 5 nm spectral resolution.  

 

Figure 2-10: Accuracy of wavelength calibration based on difference between the argon 
emission line at 696.543 nm and its calibrated mean value of 696.12 +/- 0.38 nm. 

The negative standards were examined to determine the consistency of 

background autofluorescence levels.  Figure 2-12 demonstrates the temporal consistency 

of fluorescence intensity for the frosted cuvette negative standard. Timeline consistency 

of water and frosted cuvette fluorescence intensity were monitored to detect probe 

autofluorescence. 
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Figure 2-11: Temporal consistency of positive standard Exalite demonstrated using peak 
location and peak fluorescence intensity at 340 nm excitation. 

When choosing the frequency for measurements of standards we tried to balance 

our desire to have more frequent measurements with the constraints imposed by making 

measurements in a clinical setting where the schedules of patients and clinical staff are 

subject to exigencies.  We wished to use the statistical power of the large number of 

patients and standards measurements in this study to develop an evidence based rationale 

for type and frequency of calibration and performance verification standards 

measurements for optical measurements, as well as the feasibility of making such 

measurements in clinical settings. We measured both performance verification standards 

such as fluorescent laser dyes and calibration standards such as mercury-argon lamps and 
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quartz tungsten halogen lamps with high frequency, but it was not our intent to adjust 

calibration so frequently. Rather these standards were to be used as performance 

verification standards, to see how well the calibration was holding up during 

measurements.  

 

 

Figure 2-12: Temporal consistency of negative frosted cuvette standard demonstrated 
using fluorescence intensity at 500 nm emission, 340 nm excitation. 

It is difficult to arrive at a consensus for standardization of optical devices in 

calibration, validation and performance.  Our intent is not to establish what standards to 

use and how often to measure them, but to define a strategy for decision making on 

instrument calibration. Our suggested strategy is to determine dimensionality of the data 
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and have calibration and performance verification for each dimension over time so that 

the investigators can demonstrate the validity of the measurements. We believe that the 

calibration strategy should be able to be defined to a great degree at the proposal stage for 

a clinical research project and a statement should be included as part of the clinical 

protocol. Discussion sessions at conferences should be the subject of this topic. Other 

research communities have been able to arrive at standardization guidelines successfully. 

The Minimal Information to Annotate a Microarray Experiment (MIAME) [Brazma 

2001] has established the minimum information required to unambiguously interpret 

microarray data and to subsequently allow its independent verification and reproduction. 

Similarly, the American College of Radiology developed and published Mammography 

Quality Control Manuals in 1990 [Hendrick 1999] and the Breast Imaging Reporting and 

Data System (BIRADS) in 1993. [Kopans 1993]. BI-RADS is a quality assurance tool 

designed to standardize mammography reporting, reduce confusion in breast imaging 

interpretations, and facilitate outcome monitoring. The key elements are a lexicon of 

standardized terminology, a reporting organization and assessment structure, a coding 

system and a data collection structure. BI-RADS® is the product of a collaborative effort 

between members of various committees of the American College of Radiology with 

cooperation from the National Cancer Institute, the Centers for Disease Control and 

Prevention, the Food and Drug Administration, the American Medical Association, the 

American College of Surgeons, and the College of American Pathologists.  

Standardization in optical devices is needed to ensure portability and quality of data. 

CONCLUSIONS 

Clinical trials to assess technical feasibility of in vivo diagnosis using optical 

technologies face many instrumentation events, which can result in costly delays and 
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unusable data. A plan to validate instrument performance can provide methods to correct 

for these measurement system issues and recover otherwise unusable data.  It is important 

for clinical studies to incorporate a large number of standards, which are measured 

frequently and which adequately capture the range of optical parameters that can vary. 

Additionally these standards should be measured over long periods in actual clinical 

settings prior to commencement of clinical trials to anticipate environmental issues.  A 

comprehensive set of standards supports quality control statistics that maximize 

consistency, completeness, and quality of the data. Furthermore, these standards provide 

viable options to protect study results from adverse events. In reducing these risks, the 

delivery and quality of clinical research is enhanced, by providing the ability to develop 

device independent algorithms.  The biomedical optics community should adopt a 

consensus set of positive and negative performance standards to facilitate evaluation and 

comparison of data collected in different laboratories with different instruments.  

  



 
49 

Chapter 3: Calibration of in vivo cervical reflectance 

INTRODUCTION 

Diffuse reflectance spectroscopy allows for quantification of tissue optical 

properties in vivo in real time. In diffuse reflectance spectroscopy (DRS), light is incident 

on the surface of tissue; the wavelength dependent intensity of light, which is remitted 

from the front surface, is analyzed to give information about tissue optical properties and 

composition. Diffuse reflectance spectra contain information about scatterers and 

absorbers within tissue; changes in tissue absorption and scattering are related to the 

morphological and biochemical changes associated with dysplasia [Mourant 2000] 

[Drezek 2003] [Collier 2005]. Dysplastic tissue changes, which can be probed using 

DRS, include changes in epithelial cell morphology, including enlarged nuclear size and 

changes in chromatin texture, as well as stromal changes, including angiogenesis and 

changes in collagen density.  

Within the epithelium, the major source of light scattering is refractive index 

fluctuations within the nuclei; reflectance confocal microscopy studies have shown that 

the nuclear scattering from dysplastic cervical and oral tissue is approximately a factor of 

two greater than that from normal epithelial tissue [Collier 2001]. Within the stroma, 

angiogenesis, or new blood vessel growth, which accompanies dysplasia, leads to an 

increase in the absorption of hemoglobin, which can serve as a biomarker for dysplasia 

[Dellas 1997] [Zonios 1999]. Furthermore, dysplasia leads to changes in the structure of 

collagen, which can reduce light scattering in the stroma [Arifler 2005].  Thus, DRS can 

provide a method to quantify biochemical and architectural changes in tissue that may 

provide early indicators of precancer [Pavlova 2003][Collier 2003][Nordstrum 2001][Lin 
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1997][Georgakoudi 2002][Huh 2004].  Moreover, unlike the removal of tissue for 

diagnostic biopsy, optical measurements are minimally invasive and can be acquired and 

analyzed in real time. The combination of reduced invasiveness, reduced patient 

discomfort, and immediate feedback to clinicians is a powerful incentive to adopt these 

methods. 

Towards this end, optical measurement systems have been developed and tested 

to study the diagnostic ability of DRS in tissue [Bigio 1995][Chance 1996][Mourant 

1998][Zonios 1999]. Our research group has developed a research-grade optical 

spectrometer to measure fluorescence emission spectra at up to 24 excitation wavelengths 

and reflectance spectra at up to 6 source-detector separations; we refer to this device as 

the FastEEM. In this study two design generations of the FastEEM device, referred to as 

the FastEEM2 and FastEEM3, were used to acquire spectra at up to three clinical 

locations. Our goal is to fully integrate data from these two generations of the FastEEM 

device and from multiple instruments at multiple sites for statistical analysis and 

mathematical modeling. In a previous report [Marín 2005], calibration standards of 

fluorescence spectroscopy were analyzed for their ability to correct and account for 

changes in experimental conditions and device components. The focus of this report is to 

examine the use of standards to process and calibrate reflectance spectra acquired with 

these systems and to assess the accuracy and precision of the diffuse reflectance 

measurements acquired over a four-year period in a phase II clinical study. An important 

part of our project goal is to begin to establish methodologies for instrument 

characterization, validation and radiometric traceability in support of cost effective 

clinical trials that will lead to the transfer of these optical technologies into clinical 

practice.  
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Instrumentation 

FASTEEM2 SYSTEM 

Initially, we used a spectrometer which measures fluorescence at 16 excitation 

wavelengths and diffuse-reflectance at 4 source-detector separations (FastEEM2) 

[Zuluaga 1999] [Mirabal 2002].  The FastEEM2 system consists of three main 

component sets: (1) an arc lamp combined with a scanning spectrometer and filter wheels 

to produce and couple monochromatic and broad band light, (2) a fiberoptic probe to 

direct light onto tissue and collect fluorescence and elastically scattered light, and (3) a 

filter wheel, an imaging spectrograph, and charge coupled device (CCD) camera to 

disperse, record, and optically analyze collected light while restricting the entry of 

outside light. The device (Figure 1-4) uses a fiber optic probe to deliver excitation light to 

tissue. Broadband illumination is delivered through the reflectance illumination fiber 

placed in direct contact with the tissue surface. The fiber optic probe (Figure 3-1) has an 

outer diameter of 5.2 mm and consists of a central fluorescence optical fiber bundle 

surrounded by reflectance fibers. A single reflectance illumination fiber is placed in 

direct contact with tissue and detector fibers are spaced at distances of 0.25, 1.1, 2.1 and 

3 mm from the source fiber are used to collect diffuse reflectance at four source-detector 

separations.  All optical fibers in the probe have a 200 µm diameter quartz core, quartz 

cladding, high OH concentration for UV transmittance, polyamide coating, and a NA of 

0.2. The wavelength range of the collected light is 370-650 nm. Complete, fully 

automated measurement of fluorescence and reflectance requires approximately 60 

seconds collection time. 

Device illumination is based upon an ozone-free Xenon arc lamp (Spectral 

Energy Corp., Westwood, NJ, 150 W, spherical rear reflector). The proximal end of the 
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illumination fiber is positioned just outside the Xenon lamp housing, where broadband 

light exiting through a hole in the housing is coupled into the fiber with a plano-convex 

quartz lens (NA = 0.24) [Mirabal 2002].  Between the hole and the lens, the light passes 

through a five-position filter wheel containing three long pass filters with 50% 

transmission at 295 nm, 515 nm, and 715 nm. A shutter located between the condensing 

lens and the monochromator is used to prevent the passage of fluorescence excitation 

light during reflectance measurements, and a blocked filter wheel position acts as a 

shutter to white light during fluorescence measurements [Zuluaga 1999]. 

From the fiber optic probe, collected emission light is directed through an eight-

position filter wheel into an imaging spectrograph (Chromex 250 IS, Albuquerque, NM) 

coupled to a thermoelectrically cooled CCD camera (Spectrasource HPC-1, Westlake 

Village, CA) located at the back focal plane [Zuluaga 1999].  The distal ends of the 

probe’s collection fibers are arranged in a single line, with fluorescence fibers separated 

from reflectance fibers by spacer fibers, yielding a 5 nm FWHM spectral resolution.  The 

camera operates at -30o C and is equipped with a lumogen-coated chip (Kodak KAF-

1600 grade 2, 13.8 x 9.2 mm, 1536 x 1024 pixels).  
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Figure 3-1: Block diagram and photograph of FastEEM2 probe used to measure diffuse 
reflectance at 4 source-detector separations. 

FASTEEM3 SYSTEM 

Subsequently, we used a similar spectrometer which measures fluorescence over 

an extended range of 24 excitation wavelengths and diffuse reflectance at 6 source-

detector separations, referred to as the FastEEM3. The FastEEM3 device (Figure 1-5) is a 

scientific grade system for measurement of fluorescence and reflectance spectra from 

tissue. A fully automated 30-second tissue measurement comprises acquisition of 24 

fluorescence emission spectra and of diffuse reflectance spectra at 6 source detector 

separations.  The system consists of four main components: (1) an arc lamp combined 
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with filter wheels and a fiberoptic coupling system,  (2) a fiberoptic probe to direct light 

onto tissue and collect fluorescence and diffuse reflectance spectra, (3) a spectrograph 

and charge coupled device (CCD) camera to disperse and record collected light, and (4) 

quality control components to calibrate for wavelength accuracy, spectral sensitivity, and 

signal power.  The entire system is housed in a wheeled rack cabinet (E30-2002, Bud 

Industries Inc., Willoughby, Ohio). 

The FastEEM3 system uses a Xenon short arc lamp (75 Watts maximal), three 

customized 12-position filter wheels with 1-inch filter slots, and a linear translation stage 

to couple source light sequentially into seven optical fiber locations (6 reflectance 

positions and 1 fluorescence position) [Utzinger]. An f/2.5 ellipsoidal mirror aligned 

axially with the Xenon lamp (A-1010B and LPS220, Photon Technology Inc., Monmouth 

Junction, NJ) creates a 3.2 mm spot size at full width half maximum. A plano-convex 

quartz lens (f=50mm, Lambda Research Optics, Cerritos, CA) collimates the light beam 

directing it through the triple stage filter wheel (based on Lambda-10 and OEM 

controller, Sutter Inc, Novato, CA) and then a second identical lens focuses the light 

beam onto the end of a given optical fiber [Utzinger]. To couple light to a single position, 

a plate holding the seven optical fibers with SMA-type mounts is moved in front of a 

pinhole plate using a linear translation stage (402004 LN and Zeta 6104 controller, Parker 

Hannifin Corporation, Rohnert Park, CA). For diffuse reflectance, UV-B filtered white 

light is created with a longpass filter (WG320, Schott, via Newport Industrial Glass, 

Stanton, CA). Most filters chosen were based on dielectric coatings and manufactured 

especially for low autofluorescence [Utzinger]. 
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Figure 3-2: Block diagram and photograph of FastEEM3 probe used to measure diffuse 
reflectance at 6 source-detector separations. 

As shown on Figure 3-2, the fiber optic probe consists of a central fluorescence 

optical fiber bundle surrounded by reflectance fibers. All optical fibers used in this probe 

have a 200 µm diameter quartz core, a quartz cladding, high OH concentration for UV 

transmittance, a polyamide coating and an NA of 0.2 [Utzinger].  For reflectance 

measurements at six source-detector separations, illumination fibers are located an equal 

radial distance from a single collection fiber. During measurements these fibers are 

placed in direct contact with the sample; diffuse reflectance is collected through the 

single collection fiber also placed in direct contact with the tissue surface. 
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From the fiber optic probe, emission light is directed into an optical analyzer 

consisting of a thermoelectrically cooled CCD camera (DV-420, Andor Technology Ltd., 

S. Windsor, CT) mated to an imaging spectrograph (TRIAX 320, Jobin Yvon, Edison, 

NJ) [Utzinger]. At the proximal end, the probe’s collection fibers are placed into a single 

line, with fluorescence fibers separated from the reflectance fiber by three spacer fibers. 

The spectrograph input ferrule is then imaged through a fiberoptic adapter (Jobin Yvon) 

onto the input slit of the spectrograph[Utzinger].  The spectrograph has a focal length of 

320 mm, an f/# of 4.1, a grating with 150 lines/mm, and thus an achievable 4 nm spectral 

resolution. The camera is equipped with a back illuminated and UV enhanced CCD from 

EEV with 1024x256 pixels with an active optical area of 26.6 x 6.7 mm. The dual stage 

cooling operates the camera at -40o C [Utzinger]. The CCD is readout at 1 MHz and the 

signal is shot-noise dominated [Utzinger]. 

METHODS 
In any complex optical measurement system, changes in system response, signal 

transduction and optical transfer function are anticipated and must be compensated for by 

sufficient monitoring of well selected positive and negative standards. Standards have a 

dual role in the data acquisition process. First, they provide a tool to calibrate raw data 

and calculate the true response of the sample being measured. Secondly they provide a 

quality assurance role to support monitoring cyclic effects, sudden transitions, and 

random variations throughout the lifetime of the device. By identifying such patterns, 

quality assurance metrics can be developed to detect and quantify these changes. 

Furthermore, by looking at the temporal nature of these changes, one can develop an 

evidence-based rationale for the number of required reflectance calibration standards and 
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the frequency with which they must be measured as a starting point to build consensus 

for standardization of optical devices in clinical trials. 

 

Figure 3-3: FastEEM3 reflectance calibration and performance validation standards. 

Optical standards with known responses (positive standards) and standards 

expected to have a minimal or no optical response (negative standards) have been 

incorporated into the design and standard operation of both FastEEM systems. It is 

critical to have a comprehensive set of positive standards in order to calibrate all data 

dimensions and remove deviations resulting from system-dependent responses; such as 

wavelength response, illumination energy variations in time and wavelength, and 
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wavelength sensitivity variations. Negative standards enable the detection of light 

introduced into the system optical path by leakage, stray light, auto-fluorescence or 

contamination. A comprehensive list of reflectance standards for both FastEEM systems 

is detailed in Table 3-1 and Table 3-2. 

Positive Standards 

FastEEM2 positive reflectance standards include: (1) a 2.68% by volume solution 

of 1.072 µm diameter polystyrene microspheres (Polyscience Inc., Washington, PA) in 

water contained in a 1 cm path length quartz cuvette measured with the probe in contact 

with the outer cuvette surface, (2) the polished surface of a ½ inch diameter rod of Teflon 

(PTFE Teflon by Small Parts, Inc, Miami Lakes, FL) measured with the probe in contact 

with the Teflon surface, and (3) an 1 inch diameter flat disk of 99% Spectralon 

(Labsphere, Sutton, NH), measured with the probe held at a distance of 11 cm from the 

surface of the Spectralon.  During contact measurements, a drop of water is placed 

between the probe tip and the surface to be measured. 

FastEEM3 positive standards include: (1) a 0.625% by volume solution of 1.02 

µm diameter polystyrene microspheres (Bangs Laboratories, Inc., Fishers, IN) in water 

contained in a 1 cm path length quartz cuvette measured with the probe in contact with 

the outer cuvette surface, (2) the polished surface of a ½ inch rod of Teflon (Micro Parts, 

Miami Lakes, FL) measured with the probe in contact with the outer cuvette surface, and 

(3) an 11 cm diameter integrating sphere (Labsphere, Sutton, NH) with the probe placed 

at the entrance port to the spectrograph. During contact measurements, a drop of water is 

placed between the probe tip and the surface to be measured. 

In selecting these standards we looked for those that were easy to obtain 

commercially and in solutions that were easy to work with.  Light scattering in 
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microspheres can be predicted exactly using Mie theory. Spectralon exhibits excellent 

Lambertian characteristics in the visible regions with 99% reflectance. Teflon has similar 

reflectance characteristics as Spectralon except for the high absorption at wavelengths 

below 400 nm. The Spectralon integrating sphere is an ideal collector of light and 

provides 360-degree collection independent of source position.  This makes it ideal for 

applications using optical fibers.  

Negative Standards 

FastEEM2 negative reflectance standards include a measurement made with the 

illumination source shuttered and the probe placed on the sample (background), a 

measurement made with the camera shuttered (dark current).  FastEEM3 negative 

reflectance standards included the same measurements and one additional measurement 

made with the probe placed 2 inches from the surface of a 2% reflective Spectralon 

(Labsphere, Sutton, NH) (see Figure 3-3).  

Frequency of Measured Standards 

It is important to measure standards frequently enough to capture any drift in the 

performance of the measurement system over time.  A typical clinic day with the 

FastEEM2 system would result in measurements from 1-2 patients. Prior to each patient 

measurement, a full set of positive and negative standards would be run.  A typical day in 

clinic with the FastEEM3 would result in measurements from 2-3 patients. A full set of 

standards would follow the initial 20-minute device warm up. The data acquisition 

process is automated using LabView 7.0 Professional (National Instruments, Austin, 

Texas).  Three data acquisition scripts are in use: a start-up script, a standards script and a 

tissue script. The standards script for the FastEEM3 is run such that standards are never 
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older than two hours relative to a tissue measurement. Tables 3-1 and 3-2 detail 

frequencies of standards measurements for FastEEM2 and FastEEM3 systems. 

Table 3-1: FastEEM2 Reflectance Calibration Standards. 

Standard Type 
Emission 

(nm) 

Frequency 

(Number of 

Measurements) 

Xenon 
Wavelength 

Calibration 
370-650 3/patient 

Microspheres Positive 370-650 3/patient 

99% 

Spectralon 

Positive 

Intensity Response 

& Illumination 

Energy Calibration 

370-650 1/patient 

Teflon 
Positive 

 
370-650 3/patient 

Shuttered Light 

Source (Background) 

Negative 

 
N/A 3/patient 

Shuttered Camera  

(Dark Current) 

Negative 

 
N/A 3/patient 

 



 
61 

Table 3-2: FastEEM3 Reflectance Calibration Standards. 

Standard Type 
Emission 

(nm) 

Frequency 

(Number of 

Measurements)

Xenon 
Wavelength 

Calibration 
370-650 

1 Every 

2 hrs 

Microspheres Positive 370-650 
1 Every 

2 hrs 

99% 

Spectralon 

Positive 

Intensity Response 

& Illumination 

Energy Calibration 

370-650 
1 Every 

2 hrs 

Teflon Positive 370-650 
1 Every 

2 hrs 

2% 

Spectralon 
Negative 370-650 

1 Every 

2 hrs 

Powermeter 
Exposure Time 

Normalization 
370-650 

1 Every 

2 hrs 

Shuttered Light 

Source 

(Background) 

Negative 

 
N/A 

1 Every 

2 hrs 

Shuttered Camera   

(Dark Current) 

Negative 

 
N/A 

1 Every 

2 hrs 
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Raw Data Processing algorithm  
Raw reflectance measurements are processed to yield system-independent data in 

five major steps.  Figure 3-4 illustrates the generalized processing algorithm flow chart 

applied to data acquired with both FastEEM systems.  

STEP 1: Background and unwanted signal removal 

Initially, median filtering is performed on both signal and background 

measurements to remove sharp peaks due to dead CCD pixels [Lim 1990]. The 

parameters of the median filter are a sliding window of 5 by 1 pixels and symmetric 

padding. 

The next step is to locate the CCD pixels, which contain the desired reflectance 

signals. A FastEEM2 CCD image contains 4 horizontal regions corresponding to each 

sequential acquisition of one of four possible source detector separations. Each region has 

a different width due to the different number of detector fibers at each source detector 

separation. A FastEEM3 CCD image contains a single horizontal region corresponding to 

the signal from the single detector fiber. Within this region, data from tissue, standards 

and backgrounds are checked to determine whether CCD saturation has occurred.  A 

sliding horizontal window of 9 x 1 pixels is used to determine whether the 16-bit 

saturation level was reached in at least 9 adjacent pixels.  If so, data are not analyzed 

further.  If not saturated, pixels within corresponding to each collection fiber are summed 

vertically add the pixels belonging to the reflectance track to convert the two-dimensional 

CCD image into a one dimensional reflectance signal.  To remove room light and dark 

current contributions, background measurements are then subtracted from tissue data; 

similarly, dark current measurements are subtracted from data acquired from all 

standards.  
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STEP 2: Exposure time normalization 

For data acquired with the FastEEM2, background subtracted tissue data and dark 

current subtracted standards data were normalized by the nominal programmed exposure 

time.  For FastEEM3 data, the illumination time was measured during acquisition, and 

data were divided by the measured exposure time.  A powermeter (818-UV, Newport, 

Irvine, CA) was used to acquire illumination power through a sampling fiber in the probe 

at 10 ms intervals. 

 

STEP 3: Wavelength calibration 

Wavelength calibration was carried out by locating three prominent Xenon peaks 

with known wavelengths in spectra acquired from the Teflon standard.  A least-squares 

fit relating CCD pixel location to wavelength is performed at these three points. The 

slope and intercept is used to assign a wavelength value to each point in all spectra.  

Wavelength calibrated signal was retained over an emission wavelength range of 370 to 

650 nm and was interpolated to 2.5 nm increments. Additionally at this wavelength 

calibration step, a cross-correlation is performed to align every processed spectrum with 

the standard Teflon spectrum. The objective is that the spectra to be divided in step 5 are 

precisely aligned in wavelength space. Small, sub-resolution errors in wavelength 

calibration can cause large discontinuities in the processed spectra due to slight 

misalignment of the sharp Xenon peaks from the illumination lamp. To avoid these 

artifacts, the cross-correlation is performed and all spectra are therefore perfectly aligned 

to the standard Teflon. 
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STEP 4: Filtering 

Tissue and standard spectra were filtered in the wavelength dimension to remove 

noise. Savitsky-Golay smoothing using a 3rd order polynomial and a frame size of 19 data 

points (data points are 2.5 nm apart) was applied to all signals.  

 
STEP 5: System response and illuminating energy calibration 

To compensate for the non-uniform spectral output of the light source and the 

wavelength dependent throughput of the system, we divided the diffuse reflectance 

spectra of tissue and other standards at each wavelength by that measured from 99% 

Spectralon. Because of the sharp peaks in the Xenon illumination lamp, it is crucial that 

the spectra to be divided are precisely aligned in wavelength space.  Small, sub-resolution 

errors in the wavelength calibration can lead to dramatic artifacts during this 

normalization.  To avoid these artifacts, a cross-correlation was performed in step 3 

(wavelength calibration step) to align the spectrum of interest and the standard Teflon 

spectrum.    
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Figure 3-4: FastEEM data processing flow chart. 

Analysis of Measured Standards 

Measured standards were analyzed in three ways – first to process data from 

positive standards and tissue to calculate reflectance spectra in calibrated units, second to 

verify the calibration process by comparing processed data from positive standards to 

expected results, and third to identify and quantify any measurement artifacts, providing a 

means for data recovery under adverse events. Graphical tools were then developed to 

visualize and analyze processed data to identify any changes or problems in device 

performance or calibrations.  Five types of graphical tools were used. 

2. Exposure Time Normalization

3. Wavelength Calibration

5. System Response Calibration and 
illumination energy normalization 

End

1. Background Subtraction

Start

4. Filter Signal
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1. Temporal variations of calibration parameters: All parameters used to process 

data were plotted as a function of time over the entire duration of the study.  

Parameters examined in this manner include CCD image size, exposure time, 

CCD location of detected fibers, pixel location of three Xenon peaks used for 

wavelength calibration, calculated wavelength calibration parameters (slope 

and intercept), cross correlation pixel shift to align signal of interest to Teflon 

calibration signal. 

2. Temporal variations of raw spectra: All raw spectra were examined to 

examine the consistency of spectral shape and intensity over the course of the 

study.  Measurements were plotted ten at a time and examined by two 

reviewers independently to identify any errors in the data collection process 

(e.g. room lights left on during a measurement).  Spectra identified as 

problematic in this review were not processed further.   

3. Validation of data processing procedure: Various plots were prepared and 

examined to compare processed spectra of standards to the expected response.  

For example, the intensity measured from the 99% Spectralon standard at 

various source-detector separations should be proportional to the number of 

fibers at each source-detector separation. 

4. Temporal variations of processed spectra: All processed spectra were 

examined to examine the consistency of spectral shape and intensity over the 

course of the study.  Measurements were plotted ten at a time and examined 

by two reviewers independently to identify any errors in the data processing 

procedure (e.g. strong intensity variations in measurement of a particular 
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standard).  Spectra identified as problematic in this review were not processed 

further.   

5. Final processed data: A file containing individual images of each processed 

tissue measurement in lineplot format and in 3-D contour format were 

produced as the main product of processing. 

 

Statistical analysis over the timeline of the trial was used to track the performance 

of the FastEEM systems, using data in the plots described above.  Descriptive statistics 

including number of samples, arithmetic mean and standard deviation, median, minimum 

and maximum were tabulated for the raw data, calibrated data and calibration parameters. 

These data allowed expert reviewers to identify changes in the instrument performance; 

these changes were then correlated with specific physical phenomena based on experts’ 

background knowledge and events related to device maintenance or calibration recorded 

in the FastEEM operator’s logbook. 

The impact of these analysis methods is twofold. First, instrumentation and 

processing problems were identified that must be addressed at a hardware and/or software 

level to prevent future occurrences. Second, a course of action was devised to correct 

affected measurements that had already been collected.  There is an ethical responsibility 

to the patients, the funding agencies and all health care providers involved to use every 

patient measurement made.  

RESULTS 

Measured standards and their frequency: The Institutional Review Board of 

the University of Texas at Austin, M.D. Anderson Cancer Center in Houston, and the 

British Columbia Cancer Agency in Vancouver approved the conduct of this study, and 
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all subjects gave written, informed consent before study participation.  Data were 

acquired from 1295 sites in 442 patients using the FastEEM2 device and from 788 sites 

in 322 patients using the FastEEM3 device.  The frequency with which standards were 

measured was increased with the FastEEM3 as a direct result of experiences in the 

FastEEM2 study 

Raw Data Processing Algorithm: The data processing algorithm was 

implemented in Matlab (Mathworks, Inc., Natick, MA) Ver. 6.5 Rel. 13 on the Windows 

XP operating system.  

Figure 3-5 shows the result of processing data acquired with the FastEEM3 

system from the positive standard microspheres at source-detector separation of 1.16 mm 

at each step in the processing algorithm.  Figure 3-5 (a) shows the raw spectra to be 

processed. Figure 3-5 (b) illustrates the effect of background subtraction. Figure 3-5 (c) 

shows the emission spectra after wavelength calibration, exposure time normalization and 

filtering. Figure 3-5 (d) shows the final processed reflectance spectra after division by the 

Spectralon standard. Following processing, microspheres spectra acquired with both 

systems have the same spectral lineshape. The small intensity differences observed were 

later determined to be due to operator’s failure to consistently shake the standard prior to 

measurement acquisition with the FastEEM2.  Next we describe the validation of this 

processing algorithm. 

Wavelength calibration standard validation: Figure 3-6 shows the consistency 

of the wavelength calibration derived from the Xenon peaks found in Teflon 

measurements made using the FastEEM3 device over the lifetime of the trial. Figure 3-6 

(a) shows ten consecutive Teflon spectra measured in March 2003. The three most 

prominent Xenon peaks in the measured spectrum (468.4, 619.4, and 647.0 nm) are used 
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to derive a linear calibration between pixel and wavelength.   Figure 3-6 (b) shows the 

position of the pixel corresponding to each peak over the duration of the clinical trial. The 

pixel positions are relatively constant over time, except for three discrete steps, which 

correspond to changes in grating incidence angle made at the beginning of the study to 

improve efficiency and to a change in magnification due to camera realignment.   Figure 

3-6 (c-d) show the slope and intercept of the linear calibration coefficients as a function 

of time throughout the study.  The changes in grating angle and magnification changes 

can be clearly seen. 

Wavelength calibration algorithm validation: In a previous study, Marín et al. 

[Marín 2005] published wavelength calibration parameters for this same study data based 

on fluorescence calibration standard HgAr. In that study the HgAr standard was not 

measured frequently enough to capture thermal drifts in the grating mount. HgAr based 

linear coefficient; slope, was found accurate but the intercept was not. Wavelength 

calibration accuracy was achieved in the fluorescence processing algorithm by using the 

more frequently measured Rhodamine standard to calculate the intercept. 

To validate the accuracy of the wavelength calibration used in the reflectance 

processing algorithm, the Xenon extracted linear coefficients (reflectance wavelength 

calibration coefficients) were compared to the HgAr+Rhodamine extracted linear 

coefficients (fluorescence wavelength calibration coefficients) over the timeline of the 

study. The average error between the two slopes over the lifetime of the trial was 0.003 

(~0.58% error).  The average error between the two intercepts over the lifetime of the 

trial was –1.68 nm (~0.60% error). 
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         (c)                                       (d) 
Figure 3-5: Normalized microspheres reflectance emission spectra from FastEEM3 at 
SD1 following various stages of data processing.  (a) Raw microspheres (b)Emission 
spectra after background subtraction; (c) Emission spectra after wavelength calibration, 
exposure time normalization and filtering; (d) Final processed Microspheres reflectance 
spectra after system response and illumination intensity calibration. 
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           (a)                                (b) 
 

 

 

 

 

 

 

 

 

           (c)                                (d) 
Figure 3-6: Graphical tools developed to validate wavelength calibration of the FastEEM 
systems. (a) Ten consecutive (two labeled), overlaid spectra of Teflon acquired with 
FastEEM3. (b) Pixel locations of the 3 Xenon peaks used for wavelength calibration as a 
function of time throughout the clinical trial. Slope (c) and intercept (d) of the linear 
relationship between pixel number and wavelength as a function of time throughout the 
clinical trial. 

Magnification
Change 

Grating Change



 
72 

 

Figure 3-7: Validation of intensity calibration. Processed Teflon and processed 
Spectralon intensity timeline profile at 500nm emission for source detector SD1.  Final 
calibration step is to correct for system response and illumination energy variations by 
normalizing by Spectralon. Division of Teflon by Spectralon produces  fully processed 
Teflon (red line) and corrects for lamp changes over the timeline of the study (light bulb 
change after 5/24/2002) 

Intensity calibration algorithm validation: Spectralon standards were used to 

correct for system response and illumination (lamp) variations over the lifetime of the 

trial.  Consecutive integrating sphere (FastEEM3) and 99% Spectralon (FastEEM2) 

spectra were plotted over time to verify the consistency of the wavelength dependent 

system response throughout the trial (data not shown). Figure 3-7 shows the intensity 

profile over the timeline of the study of Teflon (yellow) at source-detector separation of 

1.16 mm and emission 500 nm prior to Spectralon correction. Similarly, the intensity 

profile of Spectralon (cyan) at SD1 and emission 500 nm is shown. Finally the fully 

processed Teflon intensity profile is shown in red. Intensity variations due to lamp 
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variations over time are removed. The increase in intensity after 5/24/2002 occurred due 

to a light bulb change in the illumination lamp on 8/5/2002. 

 

 

Figure 3-8: Average fully processed Microspheres standard measured with FastEEM2 
and FastEEM3. Shape of processed microspheres was consistent between the two 
devices. Intensity was not consistent due to operators not consistently shaking the 
microspheres. Data shown are normalized. 

Intensity Calibration Validation: When combining measurements from multiple 

instruments for analysis, it is critical that all system dependent portions of the signal are 

removed so that only the true response of the sample being measured is compared. To 

assess whether the data processing was effective, we compared the average reflectance 
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spectra of the microspheres standard at the four source-detector separations measured 

with both devices (Figure 3-8). The lineshape of the fully processed microspheres 

standard measured with FastEEM2 and FastEEM3 devices are consistent. The data 

shown are normalized at 640 nm for lineshape comparison only. The intensity of 

microspheres was not consistent due to the fact that the FastEEM2 operators did not 

consistently shake the cuvette containing the standard between measurements. 

 

 

 

 

 

 

 

 
 

Figure 3-9: Visualization tool for reflectance intensity maps at 6 source detector 
separations. The step pattern at SD0-a was found to be characteristic of an operator’s 
failure to place the probe tip in contact with the Teflon standard polished surface (a). The 
surface on the right shows the intensity map when Teflon is in correct contact (b).  

QC Visualization tool: Teflon measurements were made with the probe in 

contact with Teflon; a drop of water was placed in between the probe tip and the Teflon 

to minimize specular reflections at the probe tip. Figure 3-9 (a) demonstrates a 3D plot of 

the reflectance intensity from a Teflon standard. The source-detector position increases 

from back to front. The wavelength range increases from right to left.  This 3D 

visualization tool helped us identified Teflon measurements where the probe was not 

Teflon not in contact
Teflon in contact 

(a) (b)
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placed in proper contact with the standard.  When the probe was in proper contact (see 

Figure 3-9 (b)), the intensity decreased smoothly with increasing source detector 

separation; however, in some cases a sharp discontinuity could be seen between the 

closest two source detector separations, indicating the operator’s failure to place the tip of 

the probe in contact with the Teflon standard polished surface.  

Final Validation: The true test of measurement device independence is whether 

patient data collected from a large and representative group of patients with different 

devices can be combined without loss of information.  In this study, we measured 

reflectance EEMs from 764 patients.  We compare the average reflectance spectra (not 

normalized) of squamous normal tissue acquired with the two FastEEM systems. Figure 

3-10 shows the average squamous normal tissue spectra at six source-detector separations 

for FastEEM3 and for 4 source-detector separations for FastEEM2. The differences at 

long wavelengths are due to slight probe geometry differences for both devices. At the 

closest source detector separation, the shapes are comparable but the intensity in the 

average FastEEM2 spectrum is lower.  The first probe used with the FastEEM2 system 

experienced a chip in the face of the probe near the detector fiber for this position, which 

likely contributed to this discrepancy.  The shape and intensity of spectra from both 

systems are comparable at the other source detector separations.   
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Figure 3-10: Average reflectance spectra of squamous normal cervical tissue measured in vivo from 
302 sites in 146 patients with FastEEM2 and 153 sites in 92 patients with FastEEM3 at all six source 
detector separations. Note that SDa and SDb where only measured with the FastEEM3 system. 

 

Figure 3-11 shows the ratios of average squamous normal tissue spectra at the 

four source-detector separations measured with both devices. The results demonstrate 

agreement within 20% at wavelengths above 450 nm.  Differences are greatest at 

wavelengths where hemoglobin is strongest and increase as source detector separation 

increases.  This may be due to biological differences in the population affecting the 

amount of hemoglobin absorption in tissue. It is also possible that small differences in 

probe geometry may lead to increased contribution of absorption in the FastEEM2 probe. 

The FastEEM2 probe had a single illumination with four collection positions. The 
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FastEEM3 probe had a single detector with six illuminations positions. The effect of 

illumination/collection geometry, face polishing angle and specular reflection due to 

finishing differences in the face of the probes will be the subject of future work using 

experimentation and mathematical modeling based on Monte Carlo.  

 

Figure 3-11: Ratio of average reflectance spectra of squamous normal cervical tissue 
measured in vivo with the FastEEM3 to that of the FastEEM2.  Ratios are flat and very 
close to one. 
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CONCLUSIONS 

We have carried out a large-scale clinical trial to evaluate the technical efficacy of 

an optical system, the FastEEM, in the early detection of cervical dysplasia. We 

encountered numerous instrumentations events that while not unanticipated, have 

required re-engineering analysis to prevent re-occurrence and to correct already acquired 

data. We have learned many lessons but of utmost importance is the need to incorporate a 

large number of standards, measured frequently to adequately capture the range of optical 

parameters that can vary. The variations may be combinatoric over long periods in actual 

clinical settings and therefore standards must be constantly monitored, preferably in an 

automated fashion with expert reviewers as a failsafe.   

A comprehensive set of standards supports quality control statistics that maximize 

consistency, completeness, and quality of the data. Furthermore, these standards provide 

viable options to protect study results from unanticipated adverse events. In reducing 

these risks, the delivery and quality of clinical research is enhanced, by providing the 

ability to develop device independent algorithms.  The biomedical optics community 

should adopt a consensus set of positive and negative performance standards to facilitate 

evaluation and comparison of data collected in different laboratories with different 

instruments.  
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DATA DISCOVERY 

Chapter 4: Diffuse Reflectance Spectral Patterns in Cervical Neoplasia 

INTRODUCTION 

Diffuse reflectance is an optical technology that enables direct quantification of 

absorption and scattering tissue properties. Dysplastic cells undergo morphometric 

changes affecting nuclear size, nuclear to cytoplasmic circumference, nuclear to 

cytoplasmic ratio, angiogenesis, fractal dimension and chromatin texture. These changes 

alter both absorption and scattering tissue properties. Several research efforts [Bigio 

1995] [Mourant 1998] [Georgakoudi 2002] [Arifler 2003] [Drezek 2003] [Breslin 2004] 

[deVeld 2005] have demonstrated that diffuse reflectance of tissue has the potential to 

detect these tissue morphometric changes and therefore distinguish between precancerous 

and normal tissues.  

Current screening strategies for cervical intraepithelial neoplasia are based on Pap 

smears from asymptomatic women.  Patients with an abnormal Pap smear are referred for 

colposcopic evaluation. Based on colposcopy the patient may be referred for a biopsy, i.e. 

removal of tissue for histologic evaluation. Current cervical cancer pre-cancer screening 

histologic classifications include: mild dysplasia or CIN (Cervical intraepithelial 

neoplasia) grade I, moderate dysplasia or CIN II, severe dysplasia or CIN III and 

carcinoma in situ (CIS).  

This study presents a data discovery study that evaluates the predictive power of 

diffuse reflectance when compared against histology as the gold standard (truth) for 

tissue disease state. 
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MATERIALS AND METHODS 

Phase I and II clinical trials to assess technical feasibility of optical technologies 

for the in vivo diagnosis of cervical pre-cancers have been underway in our laboratory for 

the past ten years.  We have just completed data acquisition in a comprehensive phase II 

clinical trial to assess the technical efficacy of fluorescence and diffuse reflectance 

spectroscopy acquired from 850 women at three clinical locations with two research 

grade optical devices [Mirabal 2002] [Chang 2002]. 

Patient Population 

Diffuse reflectance spectra from 1507 cervical tissue measurements are available 

for analysis. Of these 1507, 980 were histologically normal, and 527 were from tissue 

with some degree of neoplasia based on histologic evaluation. All participants in the 

study were voluntarily enrolled and consented for spectroscopic, histologic, cytologic and 

colposcopic evaluation. 

Data Processing and Structure 

Diffuse reflectance was measured at four source-detector separations (SDS) 

ranging from 0.25 to 3 mm separation (see Figure 4-1, reflectance channels SD-0, SD-1, 

SD-2 and SD-3) in the emission range of 370 through 650 nm. Raw reflectance spectra 

were pre-processed for removal of background signals, wavelength and intensity 

calibration and spectral smoothing.  Additionally, the spectra were normalized using 

standard spectra obtained from a standard solution of 0.625% (vol) of 1.02 µm 

polystyrene microspheres (Bang Laboratories, Inc., Fishers, IN). After pre-processing, 

the spectra were reviewed for quality by two independent experts. Spectra containing 

measurement artifacts were removed from further analysis. Data analyzed were only from 

patients with quality spectra at all four reflectance SDS. Of the 1507 available sites, 911 
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sites met these criteria. For the excluded sites, SD0 channel spectra were intentionally not 

acquired due to a chip in the fiber-optic probe face affecting only this location. The 

approved spectra were then assembled into a datacube for analysis. The datacube is a 3-

dimensional structure with the z dimension representing each individual measurement. 

The x and y dimensions contain a biographical header record and 113 reflectance 

emission intensities (370 to 650 in 2.5 nm increments) at each SDS. The biographical 

header record contains biographical data about the patient as well as diagnostic gold 

standard for the measurement based on histology.  

 

Figure 4-1: FastEEM3 optical device probe face diagram and reflectance channels 
specifications. 

Data Analysis 

The datacube was randomly partitioned into three subsets to be used for training, 

validation and testing of implemented algorithms in the approximate proportions of 40%-

30%-30% respectively. Each random partitioning was stratified by histology, 
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spectrometer used to acquire the spectra, FSH level (menopausal state) and histologic 

tissue type. For the purposes of this preliminary data discovery analysis, the test set was 

put aside for a future final algorithm evaluation and the training and validation sets were 

combined into a single data set containing a total measurement count of 549 records. The 

goal was to evaluate the diagnostic power of diffuse reflectance alone under several 

algorithm input/expected output combinations. The general approach was to (1) classify 

the spectral dataset using leave-one-out cross-validation (LOO), and (2) apply ROC 

analysis for binary decision targets, to calculate a percentage of correctly classified 

samples, sensitivity and specificity.  

 

Algorithms 

1. PCA/FDA algorithm: Principal component analysis (PCA) for feature 

selection was applied to diffuse reflectance emission spectra for a 

single reflectance channel (SDS). Fisher Discriminant Analysis (FDA) 

was implemented for discrimination based on a binary target (e.g. 

Class 1: Dx=1 for all sites histologically “negative for dysplasia”, 

Class 2: Dx=0 for the rest or all sites histologically NOT “negative for 

dysplasia”). Inputs to the FDA classifier were these principal 

component scores (PCS) for which the differences in the means of 

Dx=1 and Dx=0 groups was identified as statistically significant using 

a two-sample t-test for independent samples (p < 0.05), with equality 

of variances between the two groups (Dx=1 and Dx=0) based upon an 

F-test significance test. 
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2. 1NN algorithm: A k-nearest neighbor algorithm was implemented 

with k=1 neighbor (1NN) for discrimination of a binary target, created 

by dichotomization of each unique tissue state (e.g. Dx=1 for 

histologically diagnosed “negative for dysplasia” from Dx=0 for 

histologically diagnosed as any other category or NOT “negative for 

dysplasia”). Inputs to the 1NN classifier were the entire emission 

spectra at a single reflectance SDS. 1NN was implemented using the 

Euclidean distance to determine the closest neighboring spectra. 

In addition to the mentioned classifier inputs, diffuse reflectance spectral 

characteristics based on shape and intensity were extracted into the following 

geographical features:  

1. Intensity and wavelength at first and last acquired spectral intensity value.  

These two data points were then combined into a new feature termed the 

wavelength dependent slope (wds). 

2.  Intensity and wavelength of hemoglobin (Hb) valleys found between 400 to 

450 nm and 525 to 575 nm. 

3. Intensity and wavelength of peak found between 490 and 525 nm. 

4. Intensity and wavelength of peak found between 575 and 630 nm. 

In this data discovery process, two factors were to be evaluated with both 

classifiers: (1) most relevant reflectance SDS for tissue discrimination, (2) which 

particular disease grade(s) would have the most naturally separable patterns based 

on spectroscopy. 
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RESULTS 

Reflectance spectra acquired from 549 cervical sites at four source-detector 

separations were available for analysis from 301 patients. These data are part of a 

comprehensive study, which has accrued a total of 850 patients.  

Table 4-1: Histology of samples used for data analysis 

Histology No. Samples 
CIS 16 
Severe dysplasia(CIN3) 27 
Moderate dysplasia(CIN2) 45 
Mild dysplasia(CIN1) 46 
HPV associated changes 61 
Atypia 82 
Negative for dysplasia 272 
  549 

Table 4-1 summarizes the number of samples used in data analysis. Some tissue 

grade spectral patterns were found to be more consistent, offering less variation between 

spectra based on intensity and/or shape. Figure 4-2 shows the average diffuse reflectance 

spectra for two histologic tissue grades; CIN grade 3 and negative for dysplasia. The 

error bars represent the standard deviation within the averaged samples. The standard 

deviation within the normal samples is high. A classifier using intensity differences 

would have a hard time separating CIN III from normal tissue at the longer SDS (SD2 

and SD3). CIN III reflectance intensity average at reflectance channel SD1 shows the 

most consistency in shape and intensity. CIN III and normal spectral averages show 

subtle differences in shape at 400 to 450 and 525 to 575 nm. SD-1 and SD-2 show the 

most intensity based separation between the two tissue grades.  SD-1, SD-2 and SD-3 

show the most shape based separation between the two tissue grades.  
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Figure 4-2: Average diffuse reflectance spectra comparing histologically normal tissue 
versus CIN3. 

Geographical features extracted from diffuse reflectance spectra were analyzed 

for their tissue discrimination ability. Figure 4-3 shows scatter plots for four of these 

geographical spectral features separating CIN II from all other tissue grades in this 

dataset. The first and second Hb valley intensities against the 525 nm peak or the first 

acquired spectral intensity show good separation for CIN grade II tissue. 
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Figure 4-3: Scatter plot of extracted spectral features for CIN 2 versus all other tissue 
types. 

After applying PCA to the diffuse reflectance measurements two of the 

statistically significant principal components could be related to two features in the 

spectra. Figure 4-4 shows the two patterns; the first pattern is most likely the Soret 

absorption of hemoglobin (Hb).  The second pattern is most likely the wavelength 

dependent slope (wds) of the spectra at SD0.  The wds corresponds to a line connecting 

the first intensity to the last intensity in the spectra for one reflectance channel.  
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Colposcopy Tissue Type: Columnar
Significant Principal Components based on SD0
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Figure 4-4: Patterns of significant principal components at SD0. 

Table 4-2 summarizes the classifier results. PCA/FDA classifier was more 

effective for classification of various tissue grades than the 1NN classifier. The 1NN 

classifier was most effective at distinguishing CIN II grade with an accuracy of 98%. The 

consistency of spectral patterns in the CIN III grade sites resulted in a classification 

accuracy of 98%. Source detector separations SD0, SD1 and SD2 consistently contained 

the most significant patterns for discrimination. 
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Table 4-2: Comparison of classification accuracy. 

Dichotomized 
Target Classifier %Correct Channel
Sever Dysplasia 
(CIN III) PCA/FDA 98 SD2 
Moderate Dysplasia 
(CIN II) 1NN 94 SD1 
Mild Dysplasia   
(CIN I) PCA/FDA 93 SD0 
Negative for 
Dysplasia PCA/FDA 73 SD1 

CONCLUSIONS 

Reflectance acquired from the closest source detector separations consistently 

demonstrated the most relevant information for tissue classification. Two persistent 

spectral patterns demonstrated that the contribution of hemoglobin absorption and the 

wavelength dependent slope are relevant features for classification. Geographical features 

extracted directly from spectra showed similar results to the patterns identified by PCA. 

Hemoglobin absorption, the intensity at the first acquired wavelength (first point defining 

the slope) and additionally the 525nm peak intensity contained the most relevant 

information for tissue classification. Normal cervical tissue spectra show more intensity 

variation between patients than other tissue grades. Spectral patterns in HG lesions are 

more consistent than other tissue grades. Optical spectroscopy using diffuse reflectance in 

the UV-VIS spectral range contains information relevant to separating normal tissue from 

several grades of abnormal cervical tissue. The challenge is in extracting the relevant 

information from this high dimensional spectral data.  Additionally, based on these 

results future efforts will combine the information extracted from diffuse reflectance with 

fluorescence spectroscopy increasing the dimensionality of the data to 12476 data 

elements per sample. In the next chapter, model based feature extraction is introduced. 
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FEATURE EXTRACTION 

Chapter 5: Modeling Diffuse Reflectance in the P3 Approximation 
A Forward Model  

INTRODUCTION 

Several studies [Alfano 1987] [Bigio 1995] [Mourant 1995] [Zonios 1999] 

[Nordstrum 2001] [Mirabal 2002] [Georgakoudi 2002] [Huh 2004] have demonstrated 

the potential of reflectance spectroscopy in the detection of morphological changes in 

biological tissues associated with the precancerous conditions. In these studies, successful 

detection is possible based on the specific changes in tissue scattering and absorption 

properties that are associated with dysplasia. Our laboratory is developing new early 

detection methods for cervical cancer pre-cursors using this optical technology [Drezek 

2003] [Arifler 2003] [Nieman 2004] [Collier 2005]. One such effort is a large multi-

center clinical trial to evaluate the technical efficacy of in vivo optical spectroscopy as a 

diagnostic tool for cervical cancer and its precursors. In this in vivo clinical study 

involving 850 patients, we used a fiber optic probe coupled to a light source and a 

spectrometer to deliver light to cervical tissue surface and collect light remitted from the 

tissue surface. As illumination photons enter the tissue, light undergoes multiple 

scattering and absorption events; some light is diffusely reflected, and some passes 

through the tissue.  

Several theoretical models exist to describe the propagation of light in tissue; 

furthermore, these models provide a connection between the optical properties of tissue 

and the resulting diffuse reflectance spectra. One technique involves measurements of 

reflectance at several source detector separations [Zonios 1999] [Farrell 1992]. Figure 5-1 
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is a cartoon depicting the path of remitted photons as they travel through tissue from the 

source to increasingly more distant remission points on the tissue surface; the separation 

between illumination and detection point is referred to as the source detector separation.  

In general, the farther the distance, the longer the photon path, and the more scattering 

and absorption events experienced by the light traveling this path.  

 

Figure 5-1: Photon path as a function of source detector separator. 

The P1 diffusion approximation to the radiative transport equation, known as the 

diffusion approximation, is the most commonly used technique to attempt to recover 

tissue optical properties, such as the absorption (µa) and reduced scattering (µs’) 

coefficients, from diffuse reflectance measurements at different source detector 

separations. The diffusion approximation has mathematical restrictions that render it 

inaccurate at shorter wavelengths where tissue absorption is high relative to tissue 

scattering and at short source detector separations.  

An alternative approach published by Hull et al [Hull 2001] [Finlay 2004] allows 

modeling of diffuse reflectance at a single short source detection separation without 

similar restrictions on the relative size of the absorption and scattering coefficients. This 
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technique uses a higher-order approximation to the Boltzmann transport equation known 

as the P3 approximation [Dickey 2001]. 

BACKGROUND 

TISSUE OPTICAL PROPERTIES 

As light travels through tissue, there is a probability that photons will interact and 

be absorbed or scattered; photons remitted from the front tissue surface (reflected light) 

or exiting the back tissue surface (transmitted) carry information about the optical 

properties of tissue. The primary properties characterizing the optical behavior of 

biological tissue are: index of refraction (n), scattering coefficient (µs), absorption 

coefficient (µa) and scattering phase function φ(θ).  The scattering coefficient represents 

the probability that a photon will be scattered per unit length. A typical value of the 

scattering coefficient for normal cervical stroma at 450 nm is 250 cm-1 [Arifler 2005]. 

The average distance a photon travels before being scattered is known as the scattering 

mean free path and is equal to 1/µs. Microscopically, scattering arises from spatially 

dependent inhomogeneities in refractive index in tissue. The refractive index of tissue is 

usually assumed to be a bulk average of 1.4. The absorption coefficient quantifies the 

absorption per unit length or the probability that a photon will be absorbed per unit length 

of travel.  In the stroma of cervical tissue, collagen fibers contribute to tissue absorption, 

with an absorption spectrum that is not a strong function of wavelength above 320 nm.  

Oxy- and deoxy-hemoglobin also contribute to tissue absorption, with absorption spectra 

that depend strongly on wavelength. A typical value of absorption for normal cervical 

stroma at 450 nm is 4.30 cm-1 [Arifler 2005].  

The scattering phase function φ describes the angular distribution of light 

scattering.  This function gives the probability that a photon incident in direction s will 
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scatter into direction s’.  The scattering phase function can be characterized by the 

scattering anisotropy, g which is equal to the cosine of the average scattering angle. 

∫ Ω=
π4

)',( dssfg  

  Equation 5-1 

Jacques et al [Jacques 1987] demonstrated that the Henyey-Greenstein (HG) 

phase function originally introduced to describe scattering in galactic dust clouds is a 

reasonable match for scattering in tissue. For this study, the HG function for scattering in 

tissue will be used. 
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Equation 5-2 

The parameter g characterizes how strongly forward scattered a medium is. In 

cervical tissue, typical values of g are 0.95 for the epithelium and 0.88 for the stroma 

[Arifler 2005].  When g is zero, scattering is isotropic.  As g approaches 1, scattering 

becomes directed forward. 

 

Figure 5-2: Relationship between anisotropy parameter g and forward scattering. 
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Another important optical tissue parameter is the reduced scattering coefficient, 

µ's, which is defined as µ's = µs ( 1 – g). The reduced scattering coefficient characterizes 

both the strength and direction of scattering. At typical value of µ's in normal cervical 

stroma at 450 nm is 29.8 cm-1.  

When considering the effects of scattering and absorption, it is important to 

quantify their relative importance in the medium.  The albedo quantifies the fraction of 

scattering to total attenuation of light by both scattering and absorption. The albedo, a, 

and transport albedo, a', are given by: 
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Equation 5-4 

COMPUTATIONAL FRAMEWORK 

Diffusion Theory in the P1 Approximation 

Radiative transport theory is widely applied in biomedical applications to describe 

how photons travel in tissue. Ishimaru et al [Ishimaru 1997] described the effects of 

scattering and absorption on the steady-state distribution of the radiance using the 

Boltzmann equation. 
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  Equation 5-5 
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where L(r,s) is the radiance (W cm-2sr-1) at position r in the direction of the 

unit vector. The differential solid angle dΩ has the unit vector s΄ as an outward 

normal.  µt , the total attenuation coefficient, is equal to (µa + µs). The first term 

accounts for decreases in the radiance due to scattering and absorption.  The second term 

accounts for the increase in radiance due to photons scattered from all other directions.  

The last term, known as the source term, accounts for increases in radiance due to a light 

source S. 

Several authors have implemented solutions to the transport equation by 

expanding the radiance and source terms into spherical harmonics. Likewise, the phase 

function φ is expanded in a series of Legendre polynomials. The resulting equations are: 

)(
4

12),(
0

sYlsrL lmlm

N

l

l

lm

Φ
+

=∑∑
= −= π  

Equation 5-6 a 

∑∑
= −=

+
=

N

l

l

lm
lmlm sYlsrS

0
)(

4
12),( σ

π  

Equation 5-6 b 

).(
4

2)(
0

ssPgllssf ll

N

l

′⋅
+

=′⋅ ∑
= π  

Equation 5-6c 

The P-N approximation to the radiative transport equation is obtained by 

substituting Equations 5-6 (a-c) into Equation 5-5.  In the resulting equation, ф00 is 

proportional to the fluence and ф1m are the components of the flux. σlm are the 

amplitudes of the angular moments of the source. Equation 5-6 c is normalized so that g0 

is equal to 1 and gl is given by: 
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Equation 5-7 

The P1 diffusion approximation is the equation which results when the 

expansions are truncated at N=1. The diffusion approximation is widely used and has 

been derived by Ishimaru et al [Ishimaru 1997].  The Green’s function describing the 

fluence at a point radially an r distance from an isotropic point source inside an infinite 

medium at a depth of Zo is given by: 
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Equation 5-9 

The expression above describes the isotropic component of the radiance also 

known as the fluence rate at a distance r from an isotropic steady-state source. D is the 

diffusion constant given by: ( )[ ]{ } 113 −−+= sgaD µµ  and the effective attenuation 

coefficient µeff is given by: 

).(3 saaeff µµµµ ′+=  

Equation 5-10 

Farrell et al. [Farrell 1992] derived the equation for the radially dependent diffuse 

reflectance under extrapolated boundary conditions (EBC [Aronson 1995] [Haskell 

1994]). The solution to the diffusion approximation for a semi-infinite slab separated 

from the ambient non-scattering medium by a planar boundary illuminated from an 

isotropic point placed inside the medium at a depth of Zo (given by Equation 5-8). 
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where ρ is distance from the source to the detector parallel to the tissue surface. 
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µ׳s is the reduced scattering coefficient defined under the assumption that an 

anisotropically scattering medium with scattering µs will generate the same radiance 

distribution as anisotropically scattering medium with scattering µ׳s.   

The accuracy of the diffusion approximation is limited due to the derivation 

assumption that the radiance can be represented by the sum of an isotropic component 

and a “linearly” anisotropic component. This linear anisotropic relationship, known as the 

similarity relationship, requires µa to be much less than µ׳s at source detector separations 

larger than one mean free path [Flock 1987] [Fishkin 1996]. Usually this restriction is 

expressed in terms of the transport albedo a’ which is given by Equation 5-3. 
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In practice a’ must be greater than 0.98. This defines the acceptable ratio of 

scattering to absorption in the medium. There is also a restriction on source detector 

distance (SDS) being larger than 1 mfp’ (transport mean free path):  
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Equation 5-12 

For the purpose of tissue optics research, the albedo requirement (>0.98) restricts 

the range of emission wavelength at which the diffusion approximation is valid.  At low 

emission wavelengths where absorption is high, this restriction is violated and requires a 

higher order approximation to obtain accurate results in the 400-600 nm emission 

wavelength range. Additionally, at short source detector separations, less than 1 mfp’, the 

photons have not had long enough time to be randomized by the effects of multiple 

scattering and the diffusion approximation again fails to accurately predict the highly 

anisotropic radiance.  

Diffusion Theory in the P3 Approximation 

Hull and Foster [Hull 2001] described a forward diffusion theory-P3 hybrid (P3H) 

diffuse reflectance model that predicts optical parameters within an accuracy of +/- 10% 

in absorption and scattering with source detector separations as small as 0.43 mm. The 

P3H model uses diffusion theory’s Green function for an isotropic point source but 

replaces µeff by v- and the diffusion constant D replaced with µa/v2. The resulting 

fluence expression is: 
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Equation 5-18 

DT-P3H as presented by Hull and Foster satisfies the extrapolated boundary 

condition (EBC) [Hull 2001] [Haskell 1994] [Aronson 1995], which requires that the 

fluence vanishes at a distance Zb=2AD, where D is the optical diffusion constant and A 

depends on the relative refractive index between the tissue and its surrounding medium.  
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Hull and Foster expressed the intensity of the light captured by the detector due to 

an isotropic source at depth Zo as: 
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where S0, S1, S2 and S3 are given by: 

1kSo =                                                                       . 

2/1
0

222

2/3
0

2262/3
0

22
0

3

53

1
2/1

0
22

2

42/1
0

22
0

2

32

2/1
0

22
0

21

)(2
3

(

)
)(2

15
()

)(2
5(

2
)

)(2
3()

)(2
3(

)
)(

(

2

zp
k

zp
k

zp
zkS

k
zp

pk
zp

zkS

zp
z

kS

zo

pZo

+

−
+

+
+

=

−
+

+
+

=

+
=

 

Equations 5-21 a-d 

The various kn are given by Hull and Foster [Hull 2001] and depend on NA of the 

detector and refractive index mismatch.  

OBJECTIVES 

Optical tissue parameters have the potential to serve as diagnostic biomarkers.  

This study focuses on implementing a mathematical model as introduced by the Foster 

lab; the diffusion theory P3 hybrid model (P3H), to describe diffuse reflectance in a one-

layer tissue. The goal of this model is to provide an analytic tool for clinical 

measurements of diffuse reflectance from cervical epithelium to extract and analyze 

changes in tissue optical properties associated with dysplasia.  
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The P3H model as introduced by Foster is based on a single layer of tissue.  

Cervical tissue is comprised of a top epithelial layer and an underlying stroma. Several 

groups have presented 2-layer models based on the diffusion approximation.  Since 

diffusion theory does not hold when describing light near sources, the top layer becomes 

problematic with this approximation. Other groups have proposed modeling the top layer 

with photon migration Monte Carlo models and the bottom layer using diffusion theory 

[Wang 1993] [Alexandrakis 2000]. Chang et al. proposed a fluorescence model for 

cervical epithelial and its underlying stroma where he applied the Beer-Lambert law in 

the epithelium and the diffusion approximation in the stroma [Chang 2004]. An objective 

of this study is to determine if a single layer diffusion theory model for diffuse 

reflectance is sufficient to describe the reflectance of cervical tissue application when 

considering optical parameters similar to that of squamous normal cervical tissue (SQN) 

and cervical tissue with high grade squamous intraepithelial lesions (HGSIL). 

It is important to validate and gain an understanding of how sensitive reflectance 

spectra are to changes in optical parameters.  The P3H model will be validated using 

Monte Carlo simulations of tissues with optical properties similar to cervical squamous 

normal and HGSIL tissue.  Additionally the P3H model will be compared to clinical 

measurements of diffuse reflectance spectra of squamous normal and HGSIL cervical 

tissue. 

METHODS 

Steady-state reflectance in the Cervix using P3H approximation 

The analytical forward model introduced by Hull and Foster to describe diffuse 

reflectance spectra based on diffusion theory in the P3 approximation [Hull 2001] was 

adapted for cervical tissue. Two adaptations of the Foster model were implemented. In 
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the first adaptation, cervical tissue is reduced to a single stromal layer and photon travel 

through such layer was described using the Foster model (termed P3H-1layer). In the 

second adaptation cervical tissue is comprised of two layers (termed P3H-2layer).  In the 

top epithelial layer; photon propagation was described using exponential attenuation.  In 

the underlying stromal layer, photon travel was described using the Foster diffusion 

theory P3 approximation.  

In developing this forward model to accurately predict the radial reflectance 

profile at each wavelength for a single “short” source-detector position, accurate optical 

properties of normal and HGSIL cervical tissue are needed. Cervical tissue is comprised 

of an epithelial layer about 300 microns thick and a stromal layer that is usually modeled 

as having an infinite thickness. Optical properties of each layer are different. Next, the 

diffuse reflectance spectral response of tissue with these known optical properties needs 

to be accurately profiled at each wavelength and at multiple source-detector separations 

in order to have a basis for comparison and for quantification of accuracy of the modeled 

spectra. Two basis spectra were used as reference for performance evaluation, (1) clinical 

measurements of diffuse reflectance in the cervix at six source detector-separations and 

(2) Monte Carlo simulated spectra using normal and HGSIL optical properties at six 

source-detector distances. Finally, the diffuse reflectance spectral response as predicted 

by the P3H solution is needed for all sets of optical parameters mentioned. 

Cervical Tissue Optical Parameters 

Previous studies carried out in our lab, resulted in a set of optical properties for 

the epithelium and the stroma of normal and HGSIL cervical tissue [Chang 2004]. As 

much as possible, these optical properties are a result from direct measurements of 

normal and dysplastic tissue. When not available, these were obtained from publications 
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on organ sites with comparable optical properties. For this study the optical properties at 

each wavelength for squamous normal tissue are shown in Table 5-1. Table 5-2 shows 

optical properties for HGSIL.  Scattering coefficient in the HGSIL epithelium was 

assumed to triple with dysplasia based on previous work in our lab by Collier et al. 

[Collier 2005]. Scattering coefficient in the stroma was assumed to decrease by about 

0.75 based on previous work in our lab by Pavlova et al. [Pavlova 2003] and comparisons 

to our own clinical measurements. Absorption coefficient in the stroma was assumed to 

increase by a factor of 2 based on published work by Dellas et al. [Dellas 1997] and our 

own clinical measurements.  

Clinical Data Acquisition 

Data were acquired from 2083 sites in 764 patients in a technical feasibility 

clinical study of optical spectroscopy for cervical cancer detection. Two generations of a 

research grade device that measures fluorescence spectra at up to 24 excitations and 

diffuse reflectance at up to six source-detector separations are being evaluated for the 

early detection of cervical cancer. Clinical measurements of diffuse reflectance spectra 

have been calibrated in a previous study [Marín 2005-2] yielding diffuse reflectance 

spectra at 6 source detector separations (FastEEM3 system: 0.25, 0.5, 0.75, 1.1, 2.1 and 

3.0 mm) with the emission wavelength range of 370 to 650 nm in 2.5 nm increments.  

The measurements to be analyzed with this study were normalized using 99% Spectralon 

measurements from an integrating sphere. 

Monte Carlo Modeling 

To investigate the performance of the P3H solution described, simulated diffuse 

reflectance spectral datasets were generated from Monte Carlo (MC) calculations as 

described by Jacques et al [Welch 1995]. This MC implementation by Arifler et al. uses 



 
103 

the C++ programming language and a fixed weight, multi-layer configuration. The layers 

are infinitely wide and parallel to each other. Each layer is described by several 

parameters including: thickness, index of refraction, absorption coefficient, scattering 

coefficient and anisotropy factor g. A single source fiber and a single detector fiber are 

placed at a set source detector separation.  The MC model has been validated using single 

and multilayer configurations and results have been previously published [Arifler 2005] 

[Wang 1995]. 

Single Layer versus Two-Layer Modeling 

In order to evaluate the performance of the P3H-1layer and P3H-2layer solutions 

described, simulated radially resolved reflectance datasets were generated from Monte 

Carlo calculations. The Monte Carlo model by Arifler et al. was modified to generate 

simulated spectral data at 15 wavelengths (360 to 640 nm in 20 nm increments) with a 

single run at six source detector separations. In order to achieve convergence 10^8 photons 

were launched with each simulation. Three sets of simulated spectral data were generated 

for the two-layer configuration using the optical properties of squamous normal cervical 

epithelium and stroma shown in Table 5-1. Three sets of simulated spectral data were 

generated for the one-layer configuration using the optical properties of squamous normal 

cervical stroma. Similarly, six more sets of simulated spectral data were generated using 

the optical properties of HGSIL cervical tissue using the one-layer and two-layer 

configurations. An average of each set of three simulations was computed and compared 

at each source detector separation for the one-layer and two-layer configurations of 

normal and HGSIL cases in order to determine if the one-layer model is sufficient to 

describe radiance in cervical tissue.  
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Comparison to Monte Carlo and Clinical Measurements 

Monte Carlo (MC) simulations were used to validate the P3H model using the 

geometry shown in Figure 5-1. A single source and a single detector are placed at the six 

distances detailed in Figure 3-4. The medium was modeled as a single layer of infinite 

thickness exhibiting the stromal optical parameters described in Table 5-1. Index of 

refraction of tissue was assumed to be 1.4 and of the detecting fiber to be 1.5. Numerical 

aperture of the fiber was 0.2. Diffuse reflectance spectra at 15 wavelengths (360 to 640 in 

20 nm intervals) were simulated for each source-detector position. The optical parameters 

used to generate the MC simulated spectra were then used with the P3H forward model to 

generate diffuse reflectance spectra.  Finally, clinical measurements were averaged for 

normal and HGSIL sites at six source-detector separations. In order to validate the ability 

of the P3H solution to describe diffuse reflectance in cervical tissue, MC simulated 

spectra were compared to the predicted diffuse reflectance by the P3H model and to 

averaged clinical measurements.  

Sensitivity Analysis 

To gain an understanding of how sensitive the P3H model is to small changes in 

absorption and scattering properties, a sensitivity analysis was performed.  Since stromal 

absorption is known to increase with dysplasia [Dellas 1997], the first set of simulations 

was run to investigate the effect of increasing absorption in the stroma. Using the optical 

properties shown in Table 5-1 as a basis, the absorption coefficient was increased while 

keeping all other parameters constant. A set of simulations was run to make an average of 

diffuse reflectance spectra setting absorption to 1.5 and 2 times that of normal cervical 

tissue.  Since stromal scattering decreases with dysplasia [Pavlova 2003], a set of 
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simulations was run to make an average of diffuse reflectance spectra setting scattering to 

0.5 and 0.75 times that of normal cervical tissue.   

The ultimate goal of our efforts to model the diffuse reflectance spectra of tissue 

is to develop an inverse model, where clinically measured spectra are analyzed with the 

model to extract the optical properties of tissue from clinical measurements.  A 

preliminary implementation of this inverse fitting algorithm was applied to the MC 

simulated spectra to extract the absorption and scattering coefficients and compare them 

to their known values. 
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Table 5-1: Squamous Normal Cervical Tissue Optical Parameters. 

Wavelength 
(nm) 

Epithelial 
Thickness 

(cm) 

Epithelial 
Scattering 
Coefficient  
(cm-1) 

Epithelial 
absorption 
Coefficient 

(cm-1) 

Epithelial 
Anisotropy 

g1 

Stromal 
Thickness 

(cm) 

Stromal 
Scattering 
Coefficient 

(cm-1) 

Stromal 
Absorption 
Coefficient 

(cm-1) 

Stromal 
Anisotropy 

g2 
360 0.03 49.5 4 0.95 Infinite 310.6 4.85 0.88 
380 0.03 46.9 3.7 0.95 Infinite 294.3 4.38 0.88 
400 0.03 44.6 3.3 0.95 Infinite 279.6 6.35 0.88 
420 0.03 42.4 3 0.95 Infinite 266.3 9.09 0.88 
440 0.03 40.5 2.7 0.95 Infinite 254.2 5.62 0.88 
460 0.03 38.7 2.4 0.95 Infinite 243.1 3.03 0.88 
480 0.03 37.1 2.2 0.95 Infinite 233 2.65 0.88 
500 0.03 35.6 2 0.95 Infinite 223.7 2.41 0.88 
520 0.03 34.3 1.9 0.95 Infinite 215.1 2.6 0.88 
540 0.03 33 1.8 0.95 Infinite 207.1 3.73 0.88 
560 0.03 31.8 1.6 0.95 Infinite 199.7 3.11 0.88 
580 0.03 30.7 1.5 0.95 Infinite 192.8 3.22 0.88 
600 0.03 29.7 1.4 0.95 Infinite 186.4 1.46 0.88 
620 0.03 28.7 1.3 0.95 Infinite 180.4 1.13 0.88 
640 0.03 27.8 1.2 0.95 Infinite 174.7 1.01 0.88 

Table 5-2: High Grade (HGSIL) Cervical Tissue Optical Parameters. 

Wavelength 
(nm) 

Epithelial 
Thickness 

(cm) 

Epithelial 
Scattering 
Coefficient  

(cm-1) 

Epithelial 
absorption 
Coefficient 

(cm-1) 

Epithelial 
Anisotropy 

g1 

Stromal 
Thickness 

(cm) 

Stromal 
Scattering 
Coefficient 

(cm-1) 

Stromal 
Absorption 
Coefficient 

(cm-1) 

Stromal 
Anisotropy 

g2 
360 0.03 148.5 4 0.95 Infinite 233 9.7 0.88 
380 0.03 140.7 3.7 0.95 Infinite 220.7 8.76 0.88 
400 0.03 133.8 3.3 0.95 Infinite 209.7 12.7 0.88 
420 0.03 127.2 3 0.95 Infinite 199.7 18.18 0.88 
440 0.03 121.5 2.7 0.95 Infinite 190.7 11.24 0.88 
460 0.03 116.1 2.4 0.95 Infinite 182.3 6.06 0.88 
480 0.03 111.3 2.2 0.95 Infinite 174.8 5.3 0.88 
500 0.03 106.8 2 0.95 Infinite 167.8 4.82 0.88 
520 0.03 102.9 1.9 0.95 Infinite 161.3 5.2 0.88 
540 0.03 99 1.8 0.95 Infinite 155.3 7.46 0.88 
560 0.03 95.4 1.6 0.95 Infinite 149.8 6.22 0.88 
580 0.03 92.1 1.5 0.95 Infinite 144.6 6.44 0.88 
600 0.03 89.1 1.4 0.95 Infinite 139.8 2.92 0.88 
620 0.03 86.1 1.3 0.95 Infinite 135.3 2.26 0.88 
640 0.03 83.4 1.2 0.95 Infinite 131 2.02 0.88 
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RESULTS 

Figure 5-3 shows the spectral dependence of the absorption and scattering 

coefficients in the epithelium and the stroma of squamous normal cervical tissue used as 

input for modeling. These wavelength dependent absorption and scattering coefficients 

have been previously described in modeling studies by our group [Arifler]. 
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Figure 5-3: Squamous Normal tissue optical properties used as input for modeling. (a) 
shows absorption coefficients used in the epithelium and the stroma. (b) shows scattering 
coefficients used in the epithelium and the stroma. 

(a)

(b)
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A Monte Carlo model to calculate the diffuse reflectance in cervical tissue based 

on these optical tissue properties was implemented using a one-layer and a two-layer 

configuration.  

 

Figure 5-4: Monte-Carlo simulations of 1-layer versus 2-layer modeling of Diffuse 
Reflectance. The differences are very small at all source detector separations except at 
SD0. Diffusion theory will not hold at SD0 due to distance is less than one mean free 
path. One stromal layer model is sufficient to model cervical tissue. Error bars represent 
one standard deviation. 

To prove the hypothesis that a single-stromal layer was sufficient to describe the 

light-tissue interactions encountered by photons diffusely reflected from cervical tissue at 

these source detector separations, Monte Carlo simulated reflectance at six source-

detector positions are shown in Figure 5-4 comparing the 1-layer and 2-layer results. The 
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data shown are not normalized. At the short source detector-separations (SD0, SDa and 

SDb) intensities of the one and two layer simulations are very comparable, with a small 

decrease in the one-layer reflectance intensity. At the longer source-detector separations 

(SD1, SD2 and SD3) this pattern is reversed and the reflectance intensity of the one-layer 

model is slightly higher than that of the 2-layer configuration.  Even with these slight 

trends, the line shapes and intensities at all source detection separations demonstrate 

excellent agreement for both the one and two layer models. Error bars on the averaged 

simulations are very small and  represent one standard deviation. 

Based on these results, the one-layer simulations were then compared to the 

average of squamous normal (SQN) clinical measurements.  The results are shown in 

Figure 5-5. The one-layer configuration shows excellent agreement with clinical 

measurements at all source detector separations. Data shown are normalized to the 

intensity of the clinical measurements average at 560 nm emission wavelength. 
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Figure 5-5: Validation of one-layer Monte Carlo (MC) model against clinical 
measurements of Squamous Normal Cervical Tissue at six source-detection separations. 
Data are normalized at emission 560 nm to clinical measurements average (Data). 
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Figure 5-6: Comparison of Monte Carlo (MC), Diffusion Theory (P3H) and Clinical Data 
(Data) for Normal and HGSIL cervical tissue. Error bars on clinical data represent one 
standard deviation. 

(a) 

(b) 
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The one-layer configuration was adopted for the diffusion theory P3 Hybrid 

approximation (P3H) and the Monte Carlo simulations. Both models were then applied to 

predict the diffuse reflectance spectra of cervical tissue based on optical parameters of 

squamous normal and HGSIL conditions. To compare the spectra predicted from the 

models with clinical measurements, average reflectance spectra measured at six source 

detection separations for squamous normal sites are plotted in Figure 5-6 (a). The clinical 

average was made from normal patient sites (SNN’s) with reflectance quality control 

approved at all source detector separations measured with the FastEEM3 device. This 

subset was comprised of all 65 SNN’s sites in the randomly partitioned training and 

validation data analysis sets. Data shown are not normalized. Reflectance spectra from 

190 squamous normal cervical sites in 119 patients measured with the clinical device 

described in [Marín 2005-2] were averaged. The line shape and intensity of the 

reflectance predicted by the models agrees well with that measured clinically. Similarly 

for HGSIL, reflectance spectra from 78 HGSIL cervical sites in 58 patients were 

averaged and plotted in Figure 5-6 (b) with the models predictions. At long wavelengths 

(above 590 nm), the models demonstrate good agreement but the clinical measurements 

consistently deviates from the models. The line shape and intensity of the reflectance 

predicted by the models agrees well with those measured clinically below this 

wavelength. 

The final step was to analyze the sensitivity of the models to changes in optical 

parameters. Figure 5-7 shows the effect on the models of reducing stromal scattering 

(labeled mus) at a source-detector separation of 1.1 mm (SD1). A decrease in stromal 

scattering results in a decrease in detected intensity.  This figure also shows how, in 
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regions of high absorption, the P3H model tends to overestimate the diffuse reflectance, 

deviating from the Monte Carlo model. 

Figure 5-8 shows the P3H and MC models’ sensitivity to changes in absorption 

coefficient (labeled mua) at a source detector separation of 1.1 mm (SD1).  Three pairs of 

curves are included in this figure, the blue pair corresponds to reflectance modeled using 

squamous normal cervical tissue optical parameters (baseline).  The red pair of curves 

corresponds to reflectance modeled with absorption coefficient increased by a factor of 

1.5. The black pair of curves corresponds to reflectance modeled with absorption 

coefficient increased by a factor of 2. The solid line represents the P3H modeled spectra, 

while the dotted line corresponds to the Monte Carlo modeled spectra. The results are 

consistent, as absorption increases, the detected intensity decreases. Monte Carlo and the 

P3H model show good agreement. 

 

Figure 5-7: Scattering coefficient (mus) Sensitivity Analysis, as scattering decreases 
(from top line towards bottom line) the intensity decreases. 
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Figure 5-8: Absorption coefficient (mua) Sensitivity Analysis, as absorption increases 
(from top line towards bottom line) the intensity decreases. 

DISCUSSION AND CONCLUSIONS 

An analytic tool capable of accurately predicting diffuse reflectance from cervical 

tissue optical properties has been implemented using diffusion theory in the P3 hybrid 

approximation (P3H). A single stromal layer configuration using P3H to predict diffuse 

reflectance was found to be sufficient for this cervical tissue application with optical 

parameters in the range of squamous normal (SQN) and HGSIL cervical tissue. The P3H 

modeled spectra of normal and HGSIL tissue agrees well with corresponding Monte 

Carlo and clinical measurements. When scattering is decreased, the P3H model 

accurately predicts a reduction in reflectance intensity.  When absorption is increased, the 

P3H model accurately predicts a reduction in reflectance intensity detected. The 
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advantage of this analytical model over Monte Carlo methods is the computational 

feasibility for inverting this model to extract optical properties from clinical 

measurements. Future work will focus on extending this fitting algorithm to clinical 

measurements for the characterization of tissue optical properties. 
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Chapter 6: Reflectance Inverse Model, Extracting Tissue Optical 
Properties 

INTRODUCTION 

Many applications in biomedical optics have used diffuse reflectance 

spectroscopy for the characterization of optical properties [Mourant 1998] [Nichols 1997] 

[Hull 2001] [Kienle 1998] [Hyde 2001] [Zonios 1999] [Farrell 1992]. The traditional 

technique is simple, whereby optical properties are determined at each sequentially 

acquired wavelength using radially resolved measurements of diffuse reflectance. The 

resulting absorption spectrum is then fitted to determine the concentration of known 

absorbers. These methods require instrumentation that can measure diffuse reflectance at 

distances that are not physically feasible for some clinical applications due to the size of 

the probe. An alternative approach introduced by the Foster lab [Hull 2001] [Finlay 

2004], requires spectrally resolved reflectance at a single short source-detector 

separation. By making reasonable assumptions about the identity and shape of absorbers 

and scatterers, a sample spectra is fitted simultaneously at all wavelengths and the 

concentration of absorbers and information about reduced scattering are accurately 

determined. Our laboratory has dedicated a large amount of resources and effort to the 

early detection of cervical cancer pre-cursors using optical spectroscopy [Drezek 2003] 

[Arifler 2003] [Nieman 2004] [Collier 2005]. Diffuse reflectance spectroscopy is under 

evaluation for its potential to characterize epithelial and stromal optical properties in the 

cervix.  
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OBJECTIVES  

Hull and Foster [Hull 2001] described a forward diffusion theory-P3 hybrid (P3H) 

diffuse reflectance model that predicts optical parameters within an accuracy of +/- 10% 

in absorption and scattering with source detector separations as small as 0.43 mm. In a 

previous study, this model has been implemented and adapted for its application to 

normal and precancerous cervical tissue.  This forward analytical model to predict diffuse 

reflectance spectra yielded excellent agreement with Monte Carlo simulated spectra.  

Finlay and Foster [Finlay 2004] described a nonlinear fitting algorithm based on the Hull 

and Foster P3 hybrid model to extract tissue optical properties from reflectance spectra 

measured from in vivo murine tumors. The goal of this study is to implement this process 

for clinical measurements of diffuse reflectance from cervical epithelium in order to 

relate changes in tissue optical properties to the development of dysplasia.  

 

METHODS 

Clinical Data Acquisition 

In a clinical study involving 850 women, diffuse reflectance spectra were 

acquired using a fiber optic probe designed to sequentially acquire fluorescence and 

reflectance at up to six source detector separations.  In this technical feasibility study, two 

generations of a research grade device (see Figures 3-1 and 3-3) that measures 

fluorescence spectra at up to 24 excitations and diffuse reflectance at up to six source-

detector separations are being evaluated for the early detection of cervical cancer. As 

shown in Figures 3-2 and 3-4, the fiber optic probe consists of a central fluorescence 

optical fiber bundle surrounded by reflectance fibers. All optical fibers used in this probe 

have a 200 µm diameter quartz core and an NA of 0.2.  For reflectance measurements at 
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six source-detector separations, illumination fibers are located on a circle around a single 

collection fiber. During measurements these fibers are placed in direct contact with the 

sample. After calibration [Marín 2005] and quality control by two independent expert 

reviewers, 1149 clinical measurements of diffuse reflectance and their histopathologic 

diagnosis are available for analysis.  

 

Analytical Forward Model 

In a previous study, we implemented an analytical model capable of predicting diffuse 

reflectance from bulk absorption, scattering and anisotropy coefficients. This forward 

analytical model describes light propagation in turbid medium using the diffusion-P3 

hybrid (P3H) model developed by Hull et al. in the Foster lab [Hull 2001]. This P3H 

model uses the diffusion theory Green’s function for an isotropic point source with two 

modifications. P3H replaces (1) the effective attenuation coefficient µeff with the 

asymptotic component of the radiance in the P3 approximation; termed v-, and (2) the 

diffusion constant D with µa / (v-)^2. Hull et al. adapted the P3 approximation of an 

isotropic point source for fiber based illumination using extrapolated boundary conditions 

(EBC) [Haskell 1994]. The probe geometry is accounted for explicitly in the weights of 

the flux and the fluence terms of the final expression for the diffuse reflectance. 

Nonlinear fitting algorithm 

Using the Hull and Foster P3 model, Finlay et al. [Finlay 2004], presented a non-

linear fitting algorithm using χ2 for convergence criteria to extract a vector of amplitudes 

that represents the concentrations of oxy, deoxyhemoglobin and parameters that describe 

scattering spectrum. The Finlay nonlinear fitting algorithm used four free parameters and 

was validated using Monte Carlo simulated spectra and diffuse reflectance spectra from 
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tissue-simulating phantoms. This algorithm was then successfully applied to monitor 

murine tumor oxygenation in vivo.  

In the study presented here, a similar non-linear fitting algorithm is implemented 

using Matlab 6.5 rel 13. The goal of the fitting algorithm is to extract a vector â of optical 

properties that characterizes a clinical measurement of diffuse reflectance spectra. The 

vector â is based on assumptions of identity, concentration and spectral characteristics of 

absorbers and scatterers in cervical stroma. Figure 6-1 shows the general flowchart of the 

fitting algorithm. In fitting a sample, the first step is to guess an initial value of â. The 

closer the initial guess is to the fit, the faster the algorithm will converge.  The fitting 

algorithm converts the vector parameters â into bulk tissue properties µa(λ) and µs(λ). 

Then the P3H analytical model is applied to predict the spectra for the µa(λ) and µs(λ) 

parameters.  The predicted spectra are compared to the sample. The fitting algorithm is 

repeated iteratively until the predicted spectra and the sample spectrum agree within a 

certain tolerance. The fitting algorithm uses a subspace trust region minimization routine 

implemented with the routine ‘lsqnonlin‘ from the Matlab Optimization toolbox (Version 

3.0.1 (R14SP1) 05-Sep-2004, www.mathworks.com Natick, MA). This non-linear 

implementation of least squares minimization uses the Levenberg-Marquart algorithm 

whose search direction is based on a cross between the Gauss-Newton direction and the 

steepest descent [Levenberg 1944].  

The Finlay and Foster’s fitting algorithm normalized the sample spectra at 650 nm 

prior to fitting. In our implementation, we have chosen not to normalize in order to retain 

shape and intensity information. In order to increase the chances of finding a true global 

minimum, our fitting algorithm is repeated with a different value of â whenever the fit 

does not converge. 
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Figure 6-1: Flowchart of Fitting algorithm. 

Absorbers and Scatterers in cervical stroma 

The first assumption made is that absorption is dominated by a linear combination 

of known absorbers. Stromal absorption is dominated by hemoglobin and collagen. 

Absorption of hemoglobin was calculated using its molar extinction coefficient (ε of Hb 

and ε of HbO2) [Jacques 1999].  The contribution of hemoglobin to absorption was 

calculated using the wavelength dependent function shown as Equation 6-1. The 
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parameter a1 is equivalent to the concentration of hemoglobin. The parameter a2 is the 

percentage of hemoglobin, which is oxygenated.  

))()1()(()( 2221 λελελµ HbHbOa aaaHb −+=   

Equation 6-1 

The absorption lineshape of collagen (ε of Col) was calculated based on values of 

bloodless dermis of neonatal skin [Chang 2004]. The contribution of collagen to 

absorption was calculated using the wavelength dependent function shown as Equation 

6-2. The parameter a3 is equivalent to the concentration of collagen present in tissue. 

)()( 3 λελµ Cola aCol =  

Equation 6-2 

The absorption coefficient of the stroma is therefore given by the linear 

combination of hemoglobin and collagen components  

)()()( λµλµλµ ColHb aaa +=  

Equation 6-3 

The second assumption is that the shape and strength of scattering can be 

approximated by Equation 6-4. 

5
4

' a
s a −= λµ  

Equation 6-4 

Scattering in tissue originates from organelles of different sizes and shapes. 

Mourant et al. introduced this relationship based on a wide variety of scatterer 

distributions. The a4 parameter is termed the “strength of scattering” and depends on the 

scatterer number density. The a5 parameter is termed “shape of scattering” and depends 

on the specific size distribution of scatterers. For scatterers which are small compared to 
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the wavelength, Raleigh scattering occurs with a5 = 4. For this cervical tissue application 

the values of a5 are restricted to the range 0.95 to 3.0. This is based on experiments with 

Intralipid [vanStaveren 1991], Liposyn [Finlay 2004] and intact tissue [Jacques 1996], 

which reported values of a5 in the range of 0.94 to 2.0. 

RESULTS 

 

Figure 6-2 shows the results of applying the inverse model (P3H) to fit Monte 

Carlo (MC) simulated spectra of normal and pre-cancerous cervical tissue. The spectra 

that resulted from the inverse model fitting at source-detector position SD1 (1.1 mm) 

shows good agreement with the target spectra for both normal and HGSIL cervical tissue. 

The residual of fitting the squamous normal spectra appear slightly smaller than those for 

HGSIL fitting. Figure 6-3 shows the corresponding absorption and scattering coefficients 

(solid line labeled “P3H Model”) calculated using the parameters extracted by the inverse 

model fitting the Monte Carlo generated spectra. Absorption coefficient (labeled mua) for 

squamous normal and HGSIL cervical tissue are shown on the top half of this figure. 

Absorption coefficient plots are shown on the same scale in order to demonstrate how 

well the P3H model is able to capture the increase in absorption associated with 

dysplasia.  Scattering coefficients (us) for squamous normal and HGSIL cervical tissue 

are shown in the bottom half of this figure and on the same scale. The P3H model is able 

to capture the decrease in stromal scattering associated with dysplasia. The dotted line 

labeled “MC input” is the known absorption and scattering coefficients used to generated 

the fitted spectra. The inverse model slightly over-estimates the absorption and scattering 

coefficients of HGSIL lesions.  This is because the inverse model overestimates the 

parameters in regions of higher absorption, as is the case of pre-cancerous lesions. 
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Figure 6-2: Results of applying the inverse model to diffuse reflectance spectra 
representative of normal tissue (a) and pre-cancerous tissue (b) generated using Monte 
Carlo simulations. The red line is the Monte Carlo simulated spectra, the black line is the 
results from the P3H model and the blue line is an average of a subset of clinical data. In 
each case, Monte Carlo and the P3H model are in good agreement. 

(a)

(b)
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Figure 6-3: Comparison of extracted absorption (mua) and scattering (mus) coefficients 
(P3H Model) after fitting Monte Carlo generated spectra with known values (MC input). 
Model captures the increase in absorption and decrease in scattering due to the onset of 
disease. 

Table 6-1 (a) details the total number of diffuse reflectance samples acquired 

during a phase II clinical trial involving 850 women.  The trial lasted 4 years and was 

carried out at three clinical sites, M.D. Anderson cancer center in Houston, LBJ Clinic in 

Houston and the British Columbia Cancer Agency in Vancouver.  The Institutional 

Review Boards of the University of Texas at Austin, M.D. Anderson Cancer Center in 

Houston, and the British Columbia Cancer Agency in Vancouver approved the conduct 

of this study, and all subjects gave written, informed consent before study participation.  
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Table 6-1: Clinical Data Diagnostic Categories based on (a) Histopathology, (b) Bethesda 
system by menopausal state and (c) Bethesda system (without columnar normals CON 
category). 

Code 
Histologic 
Diagnosis Frequency Percentage

1 Cancer 0 0% 
2 CIS 38 3% 
3 CIN3 64 6% 
4 CIN2 90 8% 
5 CIN1 102 9% 
6 HPVchgs 109 9% 
7 Atypia 169 15% 

30 Negative Dysplasia 577 50% 
    1149   

 
  SQN CON LGSIL HGSIL Total 
Premenopausal <40 y.o. 407 30 153 145 735 
Premenopausal >=40 y.o. 142 9 31 31 213 
Postmenopausal 153 5 27 16 201 
Total 702 44 211 192 1149 

 
Code Diagnosis Frequency Percentage

1 Squamous Normal 696 64%
5 LGSIL 207 19%
6 HGSIL 192 17%

  Total 1095  

 

The diagnostic categories shown are based on histo-pathology results from each 

site that was used as the gold standard. Table 6-1 (b) converts the histo-pathological 

categories into the Bethesda system for cervical cancer grading where HPV related 

changes (HPVchg) and mild dysplasia (CIN1) are grouped into a low grade lesion 

category (LGSIL). Moderate (CIN2), severe dysplasia (CIN3) and carcinoma in situ 

(CIS) are grouped into a high grade lesion category (HGSIL). The data are also broken 

(a)

(b)

(c)
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down into three menopausal and age categories. Post-menopausal category is based on 

FSH (follicle stimulating hormone using a cutoff value of 14). Pre-menopausal women 

are further divided into less than 40 years old and 40 years or older categories. Table 6-1 

(c) shows the subset used for analysis in this study that includes squamous normal 

cervical sites (SN), LGSIL (LG) and HGSIL (HG) (note that columnar normal sites (39) 

were not included because very few samples were measured and their reflectance spectral 

patterns are very different from squamous normal category). From the total 1149 

measured samples, 1139 were fitted with the inverse model. The inverse model was 

implemented to fit source detector separation SD1 at the 1.1 mm position. After 

calibration and rigorous quality control by two independent reviewers [Marín 2005], 

1095 sites of the 1139 were found to have spectra available for analysis at the SD1 

position and diagnosis SN, LG or HG. A total of 1095 clinical measurements were used 

in this study for analysis. 
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Figure 6-4: Average Clinical Measurements for three diagnostic categories at all source-
detector separations. Squamous normal (SN) averages are shown in blue.  Low grade 
lesions (LG) averages are shown in black. High grade lesions (HG) averages are shown 
in red. Note that normals have higher reflectance intensity than high grade lesions. 

Figure 6-4 shows the average measured diffused reflectance in three diagnostic 

categories.  At all source-detector separations squamous normal (SN) reflectance 

intensity tends to be higher than low grade (LG) and high grade (HG) lesions. 

Hemoglobin bands at 420 nm and between 500-600 nm tend to be broader for HG sites. 

This is consistent with findings by many groups that hemoglobin absorption is a 

biomarker for dysplasia.  
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Fig 4 Inverse model on Monte Carlo spectra 

 

 

Figure 6-5: Result from applying fitting algorithm to a clinical measurement from (a) a 
squamous normal site (b) a site with a low grade lesion (LGSIL) and (c) a site with a high 
grade lesion (HGSIL). 

Figure 6-5 shows the results of the inverse model fitting typical spectra for 

squamous normal (SQN), low grade (LGSIL) and high grade (HGSIL) disease site. The 

clinical measurements are shown in blue. The fitted spectrum is shown in dotted red and 

(a)

(b) (c)



 
129 

the residual from the fit is shown in gray (bottom of each graph). Note how the intensity 

of the spectra being fitted decreases with the grade of disease.  Also notice how 

hemoglobin absorption band between 500-600 nm is most pronounced in the high grade 

pre-cancerous site. 

 

Figure 6-6: Scatter plot of optical parameters grouped by normal (green), LGSIL (yellow) 
and HGSIL (red). Absorption trend (top left and top center) is an increase going from 
green to yellow to red (disease progression). Scattering trend (bottom left and bottom 
center) is a decrease from green to yellow to red (disease progression). 

Figure 6-6 shows scatter plots of the optical parameters extracted from all 

reflectance measurements. The top row shows the parameters extracted to calculate the 
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absorption coefficient.  The bottom row shows the parameters extracted to calculate 

scattering coefficient. In the top left plot, the y-axis represents the hemoglobin 

contribution to the absorption coefficient. Each dot represents a measured site with its 

color indicating normal (green), LGSIL (yellow) and HGSIL (red). The x-axis represents 

a sequence of samples grouped by normals, LGSIL and HGSIL. Trends can be observed 

in the progression from green to yellow to red (disease progression). Hemoglobin and 

collagen absorption scatter plots (top left and top center) show an upward trend in 

absorption with disease progression. Scattering parameters show a downward trend with 

disease progression. 

 

Figure 6-7: Mean values of the optical parameters extracted from the clinical 
measurements listed in Table 5-1 by three Diagnostic categories.  The error bars 
correspond to one standard deviation. 
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Figure 6-7 shows the mean of each optical parameter estimated by the inverse 

model from 1095 clinical measurements of diffuse reflectance at a single short source-

detection separation of 1.1 mm. Based on the extracted parameters, the dysplastic 

progression from normal to low grade to high grade is associated with an increase in 

absorption.  By looking at the averages of the contributions by the two absorbers in 

cervical stroma; hemoglobin and collagen, hemoglobin plays a much larger role than 

collagen in the increase in absorption. Oxygen saturation decreases with the progression 

of disease. Finally, scattering decreases with the progression of disease. The decrease is 

small relative to the increase in absorption. While both the strength and slope of 

scattering decrease, strength of scattering shows a bigger effect than the slope. 

DISCUSSION AND CONCLUSIONS 

A fitting algorithm has been implemented and successfully applied for the 

characterization of tissue optical properties from spectrally resolved measurements of 

diffuse reflectance at a single short source detector separation.  

The fitting algorithm was initially applied to extract known parameters from 

spectra simulated using Monte Carlo calculations. The fitted spectra and the Monte Carlo 

simulated spectra were in excellent agreement for normal tissue. For HGSIL, the 

residuals were slightly larger. The optical parameters extracted reflected the same trend.  

Absorption coefficient was slightly overestimated compared to the known values.  This is 

consistent with the fact that the P3 Hybrid approximation models the reflectance 

accurately at high albedos but begins to deviate as the samples become more absorbing as 

is the case of pre-cancerous tissue.  
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1149 clinical measurements of diffuse reflectance were successfully fitted with 

the fitting algorithm.  Two measurements had to be discarded because the algorithm 

failed to converge. That constitutes a 99.8% convergence rate for this fitting algorithm. 

Fits of typical cervical tissue measurements demonstrated the accuracy of the 

fitting algorithm to describe the optical properties of tissue within a broad range of 

albedos (0.6 to 0.9). Finally, averages by diagnostic categories of extracted optical 

parameters characterize progression of cervical dysplasia accurately.  Bulk tissue 

absorption coefficient increases with the progression of disease.  Furthermore a larger 

portion of this increase originates from hemoglobin and a lesser portion from collagen.  

Finlay and Foster implemented this model for the accurate determination of blood 

oxygenation in Photo Dynamic Therapy (PDT).  The extracted oxygen saturation 

demonstrates a decrease in oxygen content in blood with the progression of disease.  Now 

we turn to scattering results.  The scattering shape had a mean of 1.32 and a standard 

deviation of 0.3. This is consistent with values published value for tissue. Overall, there is 

a decrease of scattering coefficient with the onset of dysplasia.  The scattering shape and 

strength both exhibit a decrease in value.  Scattering strength has a larger reduction than 

the one observed in scattering shape. 

This demonstrates the ability of the FastEEM system and this method of analysis 

to extract relevant physical information from clinical measurements. The accuracy of this 

analysis at a single short source detector separation enables fast and efficient acquisition 

and analysis in a clinical setting. Our future efforts will focus on combining this model 

with a similar model that fits fluorescence measurements in order to build an adjoint 

model to analyze clinical measurements of fluorescence and diffuse reflectance for the 

characterization of tissue optical properties. 
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Chapter 7: ADJOINT MODEL COMBINING FLUORESCENCE AND 
reflectance: recovery of cervical tissue optical properties 

COMPUTATIONAL MODELING FRAMEWORK 

Quantitative evaluation of in vivo clinical measurements is complicated due to the 

high dimensionality of spectra. Mathematical models of light traveling through turbid 

medium enable recovery of bulk optical properties from measurements of fluorescence 

and reflectance resulting in dimensionality reduction. In two separate studies, two 

mathematical models to analyze spectral measurements have been implemented and 

validated by our group. Chang et al. [Chang 2005] introduced a model to analyze clinical 

fluorescence and yield quantitative information that characterizes the optical properties of 

tissue. Based on published work by the Foster lab [Finlay 2004] [Hull 2001], the second 

model was implemented by Marín in a previous study to analyze clinical reflectance and 

yield quantitative information characterizing scattering and absorption properties of 

tissue. Both models use a “forward” mathematical model based on diffusion theory that 

can predict the detected spectra from known tissue optical parameters under known fiber 

optic probe geometry. In the “inverse” model, spectra are fit iteratively by guessing the 

forward model inputs until a match to the clinical measurement is found.   

 

Fluorescence Inverse Model 

In this model by Chang et al. [Chang 2005], nine parameters are varied, 

representing changes in concentrations of NADH, FAD, superficial epithelial fluorophore 

assumed to be keratin, three stromal fluorescence components, oxy- and deoxy-

hemoglobin, and epithelial scattering. At each iteration, the input parameters to the model 
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were modified based on a trust-region based non-linear optimization method such that the 

sum of square error between the mathematically predicted spectra and the clinical 

measurement is minimized. Validation of this model was done using Monte Carlo 

simulated spectra based on known optical properties of the epithelium and the stroma for 

normal and high-grade precancerous cervical tissue. 

 

Reflectance Inverse Model 

In this inverse model, five parameters are varied representing hemoglobin 

concentration, oxygen saturation, collagen volume fraction, scatterer number density 

(termed strength of scattering) and scatterer size distribution (termed slope of scattering). 

These parameters were recursively varied and the predicted spectra compared to clinical 

measurements until minimization in the squared error (difference between predicted and 

measured) was reached. This model was validated using Monte Carlo simulated spectra 

for which the inputs are therefore known.  

 

OBJECTIVES 

The objective of this study is dimensionality reduction through feature extraction. 

In this study, two mathematical models based on diffusion theory for light propagation in 

tissue are integrated into an adjoint model. The goal is to combine the diagnostic power 

carried in fluorescence and diffuse reflectance spectra such that scattering and absorption 

are recovered from reflectance and fluorophore concentrations are recovered from 

fluorescence. 
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METHODS 

Adjoint Fluorescence-Reflectance Model 

Table 7-1 shows the list of fluorescence alone, reflectance alone and adjoint 

fluorescence and reflectance parameters extracted with each inverse model. The 

fluorescence model had nine free optical parameters and the reflectance model had five 

free optical parameters. There were three parameters in the fluorescence model, which 

were fixed (set to a value of 1). These parameters had to be fixed due to the already large 

number of free parameters in the optimization. In joining the two models into an adjoint 

model, these parameters could be implemented as free parameters increasing the total 

number of free parameters in the fluorescence model to 12. But five of those 12 could be 

extracted with the reflectance model, reducing the total number of free parameters in the 

fluorescence model to seven. In the adjoint model, stromal hemoglobin absorption, 

oxygen saturation, stromal collagen absorption, stromal strength of scattering and stromal 

slope of scattering are extracted using the reflectance model (five degrees of freedom). 

These parameters are then fed into the fluorescence model, reducing the optimization task 

to a system with seven degrees of freedom. The seven degrees of freedom are 

fluorescence efficiencies of epithelial NADH, FAD and superficial fluorophore (assumed 

to be Keratin), fluorescence efficiencies of components 1, 2, 3 of stromal fluorescence 

and strength of epithelial scattering. 
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Table 7-1: Table of optical parameters varied in both Fluorescence and Reflectance 
inverse models. 

Parameter 
Fluorescence 

Model 
Reflectance 

Model 
Adjoint 
 Model 

Fluorescence efficiency epithelial fluorophore NADH Yes N/A FLR 
Fluorescence efficiency epithelial fluorophore FAD Yes N/A FLR 

Fluorescence efficiency epithelial superficial epithelial fluorescence Yes N/A FLR 
Fluorescence efficiency stromal collagen component 1 Yes N/A FLR 
Fluorescence efficiency stromal collagen component 2 Yes N/A FLR 
Fluorescence efficiency stromal collagen component 3 Yes N/A FLR 

Epithelial Scattering Yes N/A FLR 
Stromal Hemoglobin absorption Yes Yes RFL 

Oxygen saturation Yes Yes RFL 
Stromal Collagen absorption Fixed Yes RFL 

Stromal Strength of scattering Fixed Yes RFL 
Stromal Slope of scattering Fixed Yes RFL 

 

Scaling factor between reflectance and fluorescence model 

Scatter plots of fluorescence versus reflectance parameters for all parameters 

extracted from both models were generated. The objective was to compare how 

consistent were the parameters extracted from the same clinical measurements with two 

separate models.  These plots were also used to determine what parameters needed to be 

scaled prior to adjoining.  

Conversion factors are needed to scale parameters coming from the reflectance 

model before input into the fluorescence model. Hemoglobin and collagen absorption, 

and oxygen saturation produce the tissue absorption coefficient. The absorption 

coefficient calculated in the reflectance model was in the units of mm-1 while the 

absorption coefficient from fluorescence was in cm-1. By simple unit conversion, the 

absorption parameters were scaled in preparation for the fluorescence model. The 
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strength (termed A) and slope (termed b) of scattering are related by a simple equation 

that produces the reduced scattering coefficient (µs’) [Mourant 1998].  
b

s A −= λµ '
 

Equation 7-1 

where λ is wavelength in microns. 

Towards a µ’s scaling factor, simulated spectra were generated using Monte 

Carlo calculations of fluorescence and reflectance. Fluorescence spectra were generated 

using absorption and scattering values at each wavelength corresponding to normal 

cervical tissue. Normal cervical tissue is generated using a scattering slope of b=1.0. A 

second set of spectra was generated keeping all other parameters the same but with the 

scattering slope increased to b=2.0. Due to the known size of scatterers in tissue the value 

of slope of scattering is expected to be in the range of b=1.0 to b=2.5 [vanStaveren 1991] 

[Finlay 2004] [Jacques 1996]. The spectra generated from Monte Carlo (2 from 

fluorescence  [b=1.0 and b=2.0] and 2 from reflectance [b=1.0 and b=2.0]), were used as 

inputs into the separate fluorescence and reflectance inverse models to extract the known 

optical parameters.  The extracted parameters were compared to the known values to 

evaluate accuracy of the models. 

A scaling factor for reduced scattering coefficient (µ’s) was calculated for both 

b=1.0 and b=2.0 by taking the ratio of µ’s extracted using the separate fluorescence 

model and µ’s extracted using the separate reflectance model. Equation 7-2 shows how 

the scaling factors were calculated based on the extracted reduced scattering coefficients. 
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Equation 7-2 

According to Equation 7-2, both scaling factors are reduced to the ratio of 

strength of scattering of reflectance to fluorescence. 

 

The adjoint model was implemented as a five-step process: 

1. Load a clinical measurement of fluorescence and reflectance for a single site. 

2. Apply reflectance inverse model to diffuse reflectance clinical measurement 

to extract five absorption and scattering parameters. 

3. Scale the parameters according to Monte Carlo determined factors. This 

involved dividing the strength of scattering from the reflectance model by the 

scaling factor termed SF (see Equation 7-2). 

4. Apply fluorescence model using scaled factors from step three as inputs to 

extract six fluorescence concentrations of epithelial and stromal fluorophores 

and one epithelial scattering parameter. 

5. Repeat 1-4 for all clinical measurements. 

Extracting Optical Parameters from the Adjoint Model 

The adjoint model was applied to all clinical measurements with corresponding 

fluorescence and reflectance. Reflectance measurements had to have quality approved 

spectra at source-detector separation 1.1 mm (SD1). Each fitting algorithm produces a list 

with all converged samples and a residual based on the sum of squared errors between the 
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predicted and the fitted spectra. Box plots of the residuals provided thresholds for 

residuals from the nonlinear fittings. Minimum tolerance on residuals and the 

convergence flag were used to qualify spectra as well fitted and subsequently select them 

for analysis. 

 

RESULTS 

Adjoint Model 

A fluorescence inverse model has been combined to a reflectance inverse model 

to implement an adjoint model that can extract tissue optical properties from clinical 

measurements. The adjoint model was implemented in Matlab Version 6.5 Release 13 

using a Dell Precision 450 as the development platform. In order to join the two existing 

models, the data from the reflectance model were scaled prior to fitting the fluorescence. 

For all parameters contributed by both models, scatter plots like the one shown in Figure 

7-1 were generated. In this figure stromal hemoglobin absorption has been scaled from 

mm-1 (reflectance model output units) to cm-1 (fluorescence model input units). Stromal 

hemoglobin absorption (labeled muaHb) extracted with both models shows a consistent 

trend.  This figure also shows that the parameters are in the same scale. For the 

reflectance contributed scattering strength, a scaling factor had to be determined based on 

Monte Carlo simulations.  
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Figure 7-1: Fluorescence extracted and reflectance extracted stromal hemoglobin 
absorption (labeled muaHb) parameter comparison.  Each data point represents a single 
fluorescence clinical measurement on the y-axis and its corresponding reflectance 
measurement on the x-axis. Both show same scale and consistent trend in values. 

Figure 7-2 shows Monte Carlo generated diffuse reflectance spectra at six source-

detector separations.  The black line was generated with optical parameters of squamous 

normal cervical tissue that include a slope of scattering value of one. The blue line uses 

the same normal tissue parameters except that slope of scattering is set to two. The higher 

value of b corresponds to scattering by particles that are smaller. The Rayleigh scattering 

limit in dermis as published by Jacques et al. [Jacques 1999] is scattering slope b=4. The 

effect on the spectra of the higher b=2 at short source detector separations is a tilt down 

in the spectra or a decrease in diffuse reflectance detected. Due to the decrease in 
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scattering, more photons are going to go deeper into the tissue causing a larger number of 

photons reaching the further source detector separations at SD2 and SD3. Therefore, we 

see an increase in diffuse reflectance detected at these positions. 

 

Figure 7-2: Monte Carlo simulated spectra comparing the effect of slope of scattering on 
diffuse reflectance spectra at six source detector separations. 

Figure 7-3 shows the results of fitting the Monte Carlo simulated spectra from 

Figure 7-2 with the reflectance inverse model. Figure 7-3 (a) shows the reflectance model 

fit (P3H) of squamous normal cervical tissue optical parameters with a scattering slope of 

b=1.0. The extracted hemoglobin absorption (mua2Hb) is 1.12, oxygen saturation 

(O2Sat) is 0.66, strength of scattering (mus2-A) is 3.38, slope of scattering (mus2-b) is 

0.99 and collagen absorption (mua2Col) is 0.019.  
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Figure 7-3: Reflectance Inverse Model fitted Monte Carlo simulated data. (a) fit 

for squamous normal cervical tissue with a scattering slope value b=1.0. (b) b=2.0. 

 

(a)

(b)
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 Figure 7-3 (b) shows the reflectance model fit (P3H) of squamous normal 

cervical tissue optical parameters with a scattering slope of b=2.0. The extracted 

hemoglobin absorption (mua2Hb) is 1.22, oxygen saturation (O2Sat) is 0.66, strength of 

scattering (mus2-A) is 1.57, slope of scattering (mus2-b) is 2.0 and collagen absorption 

(mua2Col) is 0.020.  

 

Figure 7-4: Monte Carlo simulated spectra comparing the effect of slope of scattering on 
fluorescence spectra at three excitation wavelengths: 380, 390 and 400 nm. Emission 
range is 440 to 580 in 10 nm increment. 

The same process was applied using the fluorescence inverse model and a 

fluorescence Monte Carlo model implemented by Chang et al. Figure 7-5 shows the 

resulting extracted optical parameters of fitting the Monte Carlo simulated spectra from 

Figure 7-4 with the fluorescence inverse model at three excitation wavelengths and 
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simulated spectra from Figure 7-2 with the reflectance inverse model at one source 

detector separation (SD1). Resolution in Figure 7-4 was low (10 nm), but enough to 

demonstrate no significant change in fluorescence due to shape of scattering. 

 

 

Figure 7-5: Comparison of reflectance extracted, fluorescence extracted optical 
parameters to the Monte Carlo input using slope of scattering b=1.0 and b=2.0. Strength 
of scattering parameter A(Reflectance extracted with b=1.0)=3.385284, A(Reflectance 
extracted with b=2.0)=1.579213, A(Fluorescence extracted with b=1.0)=1.0204, 
A(Fluorescence extracted with b=2.0)=0.4724. 

The end result is two reduced scattering coefficients µ’s for fluorescence (one at 

b=1.0 and another at b=2.0) and two reduced scattering coefficients µ’s for reflectance 

(one at b=1.0 and another at b=2.0). The scaling factor equation is as follows: 
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The lambda terms cancel each other out. The scaling factor is therefore reduced to 

a ratio of the strength of scattering for reflectance at b=1.0 divided by the strength of 

scattering for fluorescence at b=1.0. 
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Similarly for b=2.0: 
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Equation 7-5 

Where ARFL is the strength of scattering derived from reflectance and AFLR is the 

strength of scattering derived from fluorescence. The scaling factors at b=1.0 (Equation 

7-4) and b=2.0 (Equation 7-5) are very comparable. The final scaling factor used, 

SF=3.33, was calculated by averaging these two values. 
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Figure 7-6: Scaling factor for all clinical measurements. (Slope of scattering forced to a 
value of b=1.0 and collagen absorption forced to a value of 1) 

Figure 7-6 shows a timeline line plot of the scaling factor calculated based on 

extracted parameters from both models using slope of scattering and collagen absorption 

parameters values of 1.0. While these data show a lot of variation, the average scaling 

factor for all clinical measurements is SF = 3.1162 +/- 1.8401.  The Monte Carlo derived 

scaling factor used for the adjoint model of SF=3.33 is within one standard deviation of 

the mean value extracted from the two models. 

Adjoint Model Extracted Optical Parameters 

After combining the models into the adjoint model, optical parameters were 

extracted for all clinical measurements that had both fluorescence and corresponding 

reflectance spectra at source detector separation 1.1 mm (SD1). Table 7-2 shows the 

histology for the samples used in the adjoint model study. 
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Table 7-2: Histology of all samples used in the adjoint model analysis. Fluorescence and 
Reflectance at source detector position 1.1 must be present and quality approved. 

Diagnosis Frequency Percentage EEM2 Percentage EEM3 Percentage
Cancer 0 0% 0 0% 0 0% 

CIS 35 3% 8 1% 27 6% 
CIN3 55 5% 19 3% 36 8% 
CIN2 82 8% 13 2% 69 15% 
CIN1 93 9% 27 5% 66 14% 

HPVchgs 102 10% 94 16% 8 2% 
Atypia 151 14% 82 14% 69 15% 

Neg for Dysplasia 539 51% 346 59% 193 41% 
Total 1057   589   468   

Patients 527   268   259   
Normal 690 65% 428 73% 262 56% 

LG 195 18% 121 21% 74 16% 
HG 172 16% 40 7% 132 28% 

Total 1057   589   468   

Table 7-2 includes frequency and percentage of samples using CIN grading and 

using the Bethesda system (N, LG, HG).  Additionally the data are shown in three 

column sets. First, frequency and percentage are shown for all the 1057 samples. Then 

frequency and percentage are shown for FastEEM2 only samples. Finally frequency and 

percentage are shown for the FastEEM3 only samples. 

Figure 7-7 shows scatter plots of all adjoint model extracted optical parameters 

grouped and sorted by disease state, from normal (N) to low grade (LG), to high grade 

(HG). The top row shows optical parameters describing epithelial fluorescence (NADH 

(NAD), FAD and superficial epithelial fluorophore assumed to be Keratin (Ker)). The 

second row shows optical parameters describing stromal fluorescence, which we believed 

to be comprised of three collagen components (C1, C2 and C3). The third row shows 

optical parameters describing absorption in the stroma; hemoglobin (ua2Hb) and collagen 

(ua2Col), and oxygen saturation (O2Sat). The last row shows optical parameters 
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describing scattering in the epithelium (us1) and in the stroma (strength of scattering  

(us2-A) and slope of scattering (us2-b)). 

Figure 7-8 shows 12 bar charts, one for each optical property extracted.  There are 

three sets of bars in each bar chart representing median values of optical properties for 

three groups; premenopausal women who are less than 40 years old (yellow), 

premenopausal women who are older than 40 years old (green) and postmenopausal 

women (white). Error bars correspond to one standard deviation from the mean. The top 

row represents concentration of fluorophores describing epithelial fluorescence (NADH 

(NAD), FAD and superficial epithelial fluorophore assumed to be Keratin (Ker)). The 

second row represents fluorophores describing stromal fluorescence, which are believed 

to be comprised of three collagen components (C1, C2 and C3). The third row represents 

the two known absorbers in the stroma hemoglobin (ua2Hb) and collagen (ua2Col), and 

oxygen saturation (O2Sat). The last row represents scattering components in the 

epithelium (us1) and in the stroma (strength of scattering  (us2-A) and slope of scattering 

(us2-b)). 
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Figure 7-7: Scatter plots of adjoint model extracted optical parameters grouped and 
sorted in disease progression order from normals (N in green), low grade (LG in yellow) 
and high grade (HG in red). 

 

DISCUSSION AND CONCLUSIONS 

I have introduced an adjoint mathematical model based on diffusion theory that 

can characterize tissue based on acquired fluorescence and reflectance spectra. I have 

validated the extracted parameters and scaling factors necessary to join the two models 

using Monte Carlo simulated spectra. I have applied the adjoint model to clinical 
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measurements resulting from a large multi-center clinical trial involving 850 women. I 

have characterized tissue fluorescence, absorption and scattering properties from 1057 

samples in 527 patients.  

Scatter plots of optical parameters extracted show convergence to consistent and 

physically reasonable values for all samples.  

 

Figure 7-8: Bar charts of averages of adjoint extracted optical parameters broken down 
by premenopausal and less than 40 years old (pre<40), premenopausal and greater than 
40 years old (pre>40) and postmenopausal. Top row shows epithelial fluorophores 
NADH (NAD), FAD and superficial epithelial assumed to be Keratin (Ker). Second row 
down shows stromal fluorophores Collagen components 1 through 3. Third row shows 
stromal absorbers Hemoglobin (ua2Hb) and Collagen (ua2Col) and oxygen saturation 
(O2Sat). The last row shows epithelial scatering (us1), and stromal scattering strentg 
(us2-A) and slope (us2-b).  
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Based on bar charts of medians, the extracted parameters have also characterized 

the biological changes associated with dysplastic progression. Median of epithelial 

fluorescence fluorophores have shown that epithelial fluorescence increases with the 

progression of disease. Median of stromal fluorescence fluorophores have shown that 

stromal fluorescence decreases with the progression of disease. Median of parameters 

extracted to quantify absorption in the stroma layer have shown that absorption increases 

with dysplastic progression. Also, blood oxygen saturation has been found to decrease 

with dysplastic progression. Scattering parameters quantifying stromal scattering have 

shown an overall decrease in scattering with the progression of disease. Median of 

epithelial scattering has shown an increasing trend. These trends are consistent within 

similar age groups for pre-menopausal and post-menopausal women as well as for all 

data. Normal to HG differences is better defined in post-menopausal women. Figure 7-8 

shows how epithelium fluorescence increases with dysplastic progression (top row) 

[Pavlova 2003]. This is consistent with the increased metabolic activity resulting Figure 

7-8 2nd row shows how stromal fluorescence components 1, 2, 3 decrease with dysplastic 

progression [Pavlova 2003]. Figure 7-8 3rd row, shows how absorption by hemoglobin 

and collagen increase with dysplastic progression [Lee 2002] while tissue oxygenation 

decreases. Finally scattering in the epithelium (labeled as us1 in bottom row), increases 

with dysplastic progression [Drezek 2003] [Arifler 2003] [Collier 2003] while stromal 

scattering parameters (labeled as us2, center and left in bottom row) decrease with 

dysplastic progression [Parks 1998][Pavlova 2003]. 

These encouraging results motivates us to focus our future work on implementing 

diagnostic algorithms based on the extracted features for the discrimination of various 

precancerous disease states in the cervix. The impact of this work is in the thousand-fold 
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dimensionality reduction. Currently a single fluorescence acquisition collects 501 data 

points for 24 excitations of light (24x501=12024 data elements). A single reflectance 

acquisition collects 113 data points at six source detector separations (6x113=678 data 

elements). A patient measurement at a single cervical site collects a total of 12476 data 

elements or features. The adjoint model reduces the data analysis features from 12476 to 

12 optical tissue properties. Statistical averages of these 12 extracted features have 

characterized known dysplastic changes in cervical tissue. Additionally, the adjoint 

model reduces the instrumentation acquisition time since it requires only five 

fluorescence excitations (5x501 = 2505 data elements) and reflectance at a single short 

source detector separation (1x113= 113 data elements). The reduction in measurement 

acquisition time will result in reduced instrumentation artifacts and reduced patient 

discomfort. 
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DIAGNOSTIC ALGORITHMS 

Chapter 8: Diagnostic Power of Tissue Optical Properties in Cervical 
Cancer Precursors 

INTRODUCTION 

Early detection is key in reducing the incidence and mortality of cervical cancer. 

Point spectroscopy has been proven effective in the detection of dysplastic changes in 

cervical tissue [Ramanujam 1996] [Nordstrom 2001] [Chang 2002] [Georgakoudi 2002].  

Typically, the analysis of measured fluorescence and reflectance is based on statistical 

pattern recognition of shape and amplitude in the spectra. The shape and intensity 

patterns reveal the identity and concentration of fluorophores and absorbers, and the size 

and density distribution of scatterers in tissue. The quantitative analysis of fluorescence 

and reflectance in-vivo is complicated due to the high dimensionality of spectra. Principal 

component analysis (PCA) has been the analysis of choice for dimensionality reduction 

[Ramanujam 1996-2] [Ramanujam 1996-3] [Chang 2002]. PCA reduces dimensions by 

constructing linear combination of original features that account for most of the original 

total variance in the data. A t-test or similar method is usually applied to select the most 

significant principal components for discrimination of disease targets.  Alternatively, 

mathematical models of light propagation in tissue offer the advantage of characterizing 

the epithelium and stroma based on their optical properties. These optical properties 

quantify fluorescence, scattering and absorption in tissue. In this study optical properties 

extracted from in vivo clinical measurements of fluorescence and reflectance are 

evaluated for their potential as diagnostic tools in the early detection of cervical cancer 

precursors. 
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OBJECTIVES  

As part of a large program project funded by the NCI, we have evaluated the 

technical feasibility of the FastEEM [Marin 2005] optical device in a phase II clinical 

trial involving 850 women. A diagnostic algorithm is needed that can convert real-time 

fluorescence and diffuse reflectance spectral acquisitions into a clinical diagnosis. 

Towards this end, bulk tissue properties extracted from clinical measurements of 

fluorescence and diffuse reflectance are analyzed for their ability to discriminate HGSIL 

cervical lesions. In the current patient care strategy, patients who have undergone a 

biopsy resulting in a HGSIL diagnosis are treated with LEEP or cryosurgery. HGSIL 

lesions include CIN2, CIN3 and CIS. It is important to detect and deliver treatment as 

early as possible to reduce the risk of progression to invasive carcinoma. One goal of this 

study is to evaluate the ability of tissue optical properties to characterize HGSIL cervical 

lesions and its subclasses CIN2, CIN3 and CIS. In the current patient care strategy, low 

grade (LGSIL) lesions are carefully followed up. LGSIL category has two subclasses: 

CIN1 and human papilloma virus (HPV) related changes. A second goal is to evaluate the 

ability of optical parameters to discriminate LGSIL lesions. Additionally, two generations 

of the FastEEM device have been under investigation at three clinical sites during these 

trials.  A third goal of this study is to evaluate diagnostic power of algorithms using 

FastEEM2 only data, FastEEM3 only data and the combined. This is important in order 

to quantify how well algorithms hold up on data acquired from multiple devices and 

different populations. Finally, we are interested in quantifying the contribution of optical 

parameters derived from fluorescence alone, reflectance alone and the combined. This 

will help us determine what spectroscopic modality contains the most relevant diagnostic 
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information and subsequently make decisions to streamline data acquisition for future 

trials. 

 

METHODS 

Data Acquisition 

Fluorescence and reflectance spectra measurements are available for analysis 

from a technical feasibility study of a research grade optical device involving 850 women 

for the early detection of cervical cancer.  Two generations of the device termed the 

FastEEM2 and FastEEM3 were evaluated at three clinical sites. The details on the 

instrumentation are described in previous studies [Marín 2005] [Mirabal 2002]. Acquired 

spectra were calibrated as described in previous work [Marín 2005].  The trial lasted 4 

years and was carried out at MD Anderson cancer center in Houston (FastEEM2 device), 

LBJ Clinic in Houston (FastEEM2 device) and the British Columbia Cancer Agency in 

Vancouver (FastEEM3 device).   

Feature Extraction 

An adjoint mathematical model that combines two diffusion theory based fitting 

algorithms has been presented in previous studies to extract tissue optical properties from 

clinical measurements of fluorescence and diffuse reflectance [Marín 2005]. The adjoint 

model was applied to all clinical measurements with corresponding fluorescence and 

reflectance. Reflectance measurements had to have quality approved spectra at four 

source-detector separations (SD0-SD3). Each fitting algorithm produces a list with all 

converged samples and a residual based on the sum of squared errors between the 

predicted and the fitted spectra. Box plots of the residuals provided thresholds for 
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residuals from the nonlinear fittings. Minimum tolerance on residuals and the converged 

flag were used to qualify spectra as well fitted and subsequently select them for analysis. 

Additionally the fluorescence inverse model was applied to the same list of 

clinical measurements. And the reflectance only inverse model was applied to the same 

list of clinical measurements. Three sets of features are therefore available as input for 

the algorithms studies: fluorescence only parameters (9 features), reflectance only 

parameters (5 features) and adjoint model parameters (12 features). The goal is to 

compare the contribution of fluorescence alone, reflectance alone and finally the 

contribution of the combined fluorescence and reflectance information. 

Algorithm: Penalized Logistic Regression 

Logistic regression is a very popular mathematical modeling approach that can be 

used to describe the relation between several independent variables to a dichotomous 

dependent variable. The logistic model is characterized by an S shaped logistic function 

that provides estimates (probability) that lie between zero and one. The regression 

coefficients are usually fit using log-likelihood. The assumptions of logistic regression 

are that classes are linearly separable. The implications are that log-likelihood achieves a 

maximum of zero and the regression coefficients are not uniquely defined and can be 

infinite.  To avoid this last problem, Hastie et al [Hastie 2001] applied quadratically-

regularized negative log-likelihood and termed the algorithm Penalized Logistic 

Regression (PLR). Zhu et al. [Zhu 2004], proposed PLR as an alternative to Support 

Vector Machines (SVMs) in the classification of gene microarrays. A Matlab toolbox that 

implements the Zhu and Hastie algorithm for gene classification is freely available at 

http://www.tsi.enst.fr/~gfort/GLM/Programs.html [Zhu 2004]. This toolbox was adapted 

for application to cervical tissue optical parameters. The gene selection algorithms 
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included with the toolbox were replaced with the adjoint model based feature extraction. 

Optimization of the regularization parameter lambda was done using cross-validation. 

The deviance (Chi Square goodness-of-fit) of the regression model was compared to 

)(log2 λ  (the log base two of lambda), while varying lambda from zero to 20 [Zhu 2004]. 

This implementation of logistic regression was chosen because it has performed as well 

as SVMs in previous studies, with the added benefit of obtaining an estimate of the 

underlying probabilities.  

Diagnostic power of tissue optical parameters 

Data Partitioning 

Data were randomly partitioned into three datasets stratified by histology, 

spectrometer used to acquire the spectra, menopausal state based on serum follicle 

stimulating hormone (FSH using a cutoff threshold value of 14 for this population) level, 

and histologic tissue type (squamous normal or columnar normal tissue).  The partitions 

were done per patient rather than per sample so that all samples from a single patient 

would belong in a single partition. The partitions were in the proportions of 35-25-40 

percent of total samples and were termed training set, validation set and test set 

correspondingly.  The test set was set aside for final algorithm performance evaluation. 

For the purposes of this study, the training set and validation set were combined into a 

single dataset and all performance evaluation was done using leave-one-patient-out  

(LOPO) cross-validation on this dataset.  

 

Algorithm Targets: 

Algorithm targets are the class labels for each sample. In this study, the targets are 

based on histological evaluation of biopsied measured sites.  
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We are interested in the diagnostic power of tissue optical parameters to predict 

the onset of disease.  The ultimate goal is to separate HG disease from all others in order 

to treat these sites as the current cervical cancer patient care strategy dictates. Targets of 

SN (normals), LG (low grade), HG (high grade), CIN3+CIS (subset of high grade disease 

including CIN3 and carcinoma in situ but leaving out CIN2) were converted to binary 

type variables. 

Algorithm Patterns 

Algorithm patterns are the inputs to the algorithm during both training and 

evaluation. They are a row by column matrix where the rows correspond to the samples 

(or measurements) and the columns correspond to the features (or variables) included in 

the analysis. 

Features (columns): An adjoint model was introduced that combines two 

mathematical models based on diffusion theory for the recovery of tissue optical 

properties from clinical measurements of fluorescence and diffuse reflectance. We are 

interested in evaluating the diagnostic power of the adjoint model extracted tissue optical 

properties. We are also interested in reducing the number of measurements required with 

each patient acquisition.  For this purpose we are going to also consider the diagnostic 

power of optical parameters extracted from fluorescence alone and from reflectance 

alone. The three feature sets to be evaluated in this study are (1) twelve features extracted 

with the adjoint model, (2) nine features extracted with the fluorescence inverse model 

and (3) five features extracted with the reflectance inverse model. 

Samples (rows): The optical parameters extracted using the adjoint model are 

divided into three samples sets. The first set, termed “all”, contains all samples for which 

optical parameters were successfully extracted. This first set is then divided into the other 
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two subsets: FastEEM2 acquired samples and FastEEM3 acquired samples. The objective 

is to compare the performance of the algorithm based on the spectrometer used to acquire 

the data and to evaluate how well the algorithm generalizes to data from multiple devices.   

Patterns can be transformed prior to algorithm input in an attempt to increase the 

separation between disease patterns and therefore improve classification performance. 

The transform functions attempted were standard normal, log, squared root, square 

(power of two), cubic (power of three) and quadratic (power of four). 

Algorithm Application Framework 

The general approach was (1) to combine the training and validation set into a 

single dataset, (2) to apply the algorithm using leave-one-out cross validation (LOO) on 

this dataset, (3) to evaluate the classifier output versus the true diagnosis using ROC 

analysis. Performance was calculated using sensitivity and specificity based on per 

patient diagnosis and per site diagnosis. The FastEEM will be tested in combination with 

the Multi-spectral Digital Colposcope (MDC) [Benavides 2003] as a replacement to the 

traditional pap smear and colposcopy treatment combination. While diagnosis per site is 

the preferred result, a per patient diagnosis would identify patients requiring the wide 

field (large area imaging) MDC technology or the analogous Colposcope.  

The general approach above will be applied under three variants: three sets of 

features, three sets of samples and three sets of targets. 

 

RESULTS 

Table 8-1 shows the histology for the training, validation and test partitions for all 

samples included in this data analysis. Samples included had to meet quality control 

criteria by two independent reviewers for fluorescence at all excitations and reflectance at 
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four source detector separations (SD0-SD3). The test partition was set aside for future 

algorithms evaluation and not used for this analysis. The training and validation sets were 

combined for algorithm training and testing under leave-one-out cross-validation. One 

patient was left out at a time, which generally included one to three samples at a time for 

testing in the cross validation scheme. Performance evaluation was done by site and by 

patient.  For the by patient evaluation, the worst diagnosis from the patient’s individual 

sites was taken as the patient diagnosis. 

Table 8-1: Histology and data partitioning of “All” samples included in the data analysis. 
Fluorescence and reflectance at four source-detector separations (SD0-SD3) were 
required to be included in this dataset. 

                             Training           Validation           Test          
Histology Frequency Percentage Frequency Percentage Frequency Percentage Frequency Percentage
Cancer 0 0 0 0 0 0 0 0 

CIS 35 3.78 15 4.63 4 1.74 16 4.3 
CIN3 52 5.62 16 4.94 11 4.78 25 6.72 
CIN2 78 8.42 29 8.95 17 7.39 32 8.6 
CIN1 87 9.4 23 7.1 24 10.43 40 10.75 

HPVchgs 83 8.96 36 11.11 23 10 24 6.45 
Atypia 139 15.01 53 16.36 30 13.04 56 15.05 

NegDysplasia 452 48.81 152 46.91 121 52.61 179 48.12 
Total 926        324        230        230   

Patients 503        170        130        203   
Sn 591 63.82 205 63.27 151 65.65 235 63.17 
Lg 170 18.36 59 18.21 47 20.43 64 17.2 
Hg 165 17.82 60 18.52 32 13.91 73 19.62 

Total 926        324        230        230   

 

Table 8-2 shows the histology and data partitions for the FastEEM2 samples. 

Table 8-3 shows the histology and data partitions for the FastEEM3 samples. While there 

was a similar number of patients acquired with both devices (247 patients in FastEEM2 

and 256 patients in FastEEM3), there was a higher number of high grade lesions in the 

FastEEM3 (131) group when compared to the FastEEM2 (34) in this dataset.  
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Table 8-2: Histology and data partitioning of FastEEM2 samples included in the data 
analysis. 

                             Training           Validation           Test          
Histology Frequency Percentage Frequency Percentage Frequency Percentage Frequency Percentage
Cancer 0 0 0 0 0 0 0 0 

CIS 8 1.72 5 2.66 0 0 3 2.19 
CIN3 16 3.45 6 3.19 2 1.44 8 5.84 
CIN2 10 2.16 7 3.72 1 0.72 2 1.46 
CIN1 22 4.74 6 3.19 11 7.91 5 3.65 

HPVchgs 75 16.16 35 18.62 21 15.11 19 13.87 
Atypia 71 15.3 28 14.89 22 15.83 21 15.33 

NegDysplasia 262 56.47 101 53.72 82 58.99 79 57.66 
Total 464        188        139        139   

Patients 247        98        77        72   
Sn 333 71.77 129 68.62 104 74.82 100 72.99 
Lg 97 20.91 41 21.81 32 23.02 24 17.52 
Hg 34 7.33 18 9.57 3 2.16 13 9.49 

Total 464        188        139        139   

 

Table 8-3: Histology and data partitioning of FastEEM3 samples included in the data 
analysis. 

                             Training           Validation           Test          
Histology Frequency Percentage Frequency Percentage Frequency Percentage Frequency Percentage
Cancer 0 0 0 0 0 0 0 0 

CIS 27 5.84 10 7.35 4 4.4 13 5.53 
CIN3 36 7.79 10 7.35 9 9.89 17 7.23 
CIN2 68 14.72 22 16.18 16 17.58 30 12.77 
CIN1 65 14.07 17 12.5 13 14.29 35 14.89 

HPVchgs 8 1.73 1 0.74 2 2.2 5 2.13 
Atypia 68 14.72 25 18.38 8 8.79 35 14.89 

NegDysplasia 190 41.13 51 37.5 39 42.86 100 42.55 
Total 462        136        91        91   

Patients 256        72        53        131   
sn 258 55.84 76 55.88 47 51.65 135 57.45 
lg 73 15.8 18 13.24 15 16.48 40 17.02 
hg 131 28.35 42 30.88 29 31.87 60 25.53 

Total 462        136        91        91   
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Another important factor affecting classifier performance per algorithm target is 

that the majority of the high grade lesions in the FastEEM3 are CIN2 (15%) while for 

FastEEM2 is equally distributed among CIS, CIN3 and CIN2. CIN2 is the lowest disease 

grade within the high grade category. The FastEEM2 had a higher number of low grade 

lesions (21%) than the FastEEM3 (16%) in this dataset. 

Algorithm Optimization Results 

Choosing the regularization parameter lambda: 

The regularization parameter lambda was chosen by cross-validation based on the 

deviance of the logistic regression fit for the data. Figure 8-1 shows lambda versus 

deviance plot for discriminating HG vs. SN using FastEEM2 only samples (adjoint). The 

minimum deviance corresponds to a  28)(log2 =λ  (dashed red line). 

 

Figure 8-1: Choosing regularization parameter lambda.  Line plot corresponds to PLR 
cross-validation using FastEEM2 samples (adjoint parameters) and algorithm target HG 
vs. SN.  
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Choosing a data transform function; 

Data Transformation Study Results
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Figure 8-2: Choosing a data transform function to improve pattern separation based on 
multiple cross-validations. 

Data transformation and normalization is a common technique used to improve 

algorithm performance.  A data transform is applied to all the patterns before input into 

the algorithm. Certain data transforms will improve the separation between patterns. The 

line plots shown in Figure 8-2 demonstrates results of multiple cross-validated algorithm 

applications using various transform functions. The transform providing the best 

performance were cubic (raising to the power of three) and quadratic (raising to the 

power of four). The cubic transform was chosen as the transform function for algorithm 

patterns because it provided best performance from PLR classifier. 

Figure 8-3 (a) shows the logistic function for PLR based on separating SN vs. HG 

using FastEEM2 data. Figure 8-3 (b) shows the estimated probabilities of samples when 

discriminating SN vs. HG using FastEEM2 data. Probability of HG samples should be 

close to 1. Probability of SN samples should be close to zero. Many of the test sample 
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probabilities are in the middle (around 0.5 to 0.7) indicating that there is a lot of overlap 

between HG and SN patterns.  Most of these are therefore misclassified (shown as red 

circles). 

 

Figure 8-3: (a) shows the PLR logistic function. (b) shows the estimated probabilities for 
the test samples (adjoint parameters) when discriminating SN vs. HG.  Red circles are 
misclassified test samples. 

One benefit of using PLR is that the estimated probabilities can be easily used to 

generate ROC curves for these dichotomized targets. ROC curves were generated by 

varying the probability threshold between the values of 0 and 1. Figure 8-4 shows the 

ROC curves for discriminating SN from HG samples using all the samples (ALL), 

FastEEM2 samples (EEM2) and FastEEM3 samples (EEM3). The red line represents 

chance.  

(a) (b) 
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Figure 8-4: ROC analysis based on probability threshold varying from 0 to 1. Estimated 
probabilities of test samples (adjoint parameters) discriminating SN vs. HG under cross-
validation. 

Feature set study results 

Figure 8-5 (a) shows performance comparison of PLR under cross-validation to 

discriminate HG from squamous normal sites using fluorescence features alone (FLR), 

reflectance features alone (RFL) and adjoint model fluorescence and reflectance 

combined (FLR+RFL). The adjoint model features yielded the best performance. 
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Fluorescence only features in the FastEEM3 device resulted in better performance than 

reflectance only features.  

 

 

 

 

 

 

 

Figure 8-5: Comparison of Fluorescence features alone (FLR), Reflectance features alone 
(RFL) and the adjoint Fluorescence and Reflectance Features (FLR+RFL). (a) shows 
performance separating HG from squamous normal. (b) shows performance separating 
CIN3 and CIS from squamous normal. FLR+RFL features consistently yielded best 
performance. 

Algorithm target study results 

Figure 8-6 shows a comparison by algorithm target of the PLR performance based 

on sensitivity plus specificity metric. HG versus SN consistently shows best 

discrimination. CIN3 and CIS patterns are also better separated from normal samples 

patterns. LG patterns are very similar to SN patterns making them difficult to 

discriminate.  
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Figure 8-6: PLR performance analysis by Disease Target.  High grade (HG) patterns are 
consistently easier to discriminate than low grade (LG). 

Multiple devices study results 

While FastEEM2 shows better performance that FastEEM3, the ability to 

discriminate each target from normal samples by each device is consistent. Both devices 

can separate HGs and CIN3+CIS from normal patterns a lot more effectively than LG 

from normals. Figure 8-7 shows sensitivity and specificity results for discriminating HG 

from normal samples using FastEEM2 and FastEEM3 acquired data.  FastEEM2 shows 

slightly better performance than FastEEM3. Top performance is for FastEEM2 

discriminating CIN3 and CIS patterns from normal samples. 
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Figure 8-7: Top performance by PLR using cross-validation among all combinations of 
targets, features and samples. FastEEM2 device shows best performance separating 
CIN3+CIS from normal samples. 

DISCUSSION AND CONCLUSIONS 

I have adapted a Penalized Logistic Regression toolbox originally implemented 

for classification of gene microarrays for cancer diagnosis. I have optimized the PLR 

algorithm parameters based on the data. I have applied the PLR algorithm in a cross-

validation leaving one patient out. I have used ROC analysis to evaluate the performance 

of PLR under several pair wise disease grading discrimination schemes.  

I have considered patterns in tissue optical properties in all individual histologic 

categories of disease. I have determined that high-grade disease is separable from low 

grade and from normal. I have also determined that within high-grade disease the subset 
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of CIN3 and CIS (CIN3+CIS) have similar patterns but different from the third high-

grade category of CIN2. Performance evaluation under different algorithm targets have 

shown that HGs and CIN3+CIS patterns are easier to discriminate in this dataset and with 

these features than LG disease. 

The best performance is consistently obtained from the FastEEM2 only dataset. I 

have determined that the best discrimination exists between SN and HG samples in the 

FastEEM2 dataset yielding a sensitivity and specificity per patient of 80% and 71% 

respectively. Overall, these results are consistent with previously published preliminary 

studies based on spectral pattern recognition of the same data published by Mirabal et al. 

[Mirabal 2002] using a PCA/Mahalanobis distance classifier and by Ramanujam et al. 

[Ramanujam 1996] using a PCA/Bayesian classifier. These results are encouraging for 

the mathematical model based feature extraction methods introduced in this study. The 

estimated probabilities for FastEEM3 test samples show more overlap in patterns than in 

the FastEEM2. This results in lower performance for the FastEEM3 device data. While 

FastEEM3 performance is lower, the ability to discriminate HG from normal relative to 

LG from normal is consistent across both devices.  

Features set study results have shown that the adjoint model parameters, which 

combine fluorescence, scattering and absorption properties in tissue have consistently 

produced better performance under PLR than fluorescence alone and reflectance alone. 

Based on these results, the data acquisition can be streamlined by reducing the number of 

fluorescence excitations required to five and the number of reflectance source-detector 

separation to one.   

While similar performance results are obtained from FastEEM2 alone and 

FastEEM3 alone, the classifier does not hold up as well when FastEEM2 and FastEEM3 
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are combined.  The source of this problem needs to be investigated in future studies.  

There are two factors that need to be considered: biological differences in the Houston 

and Canadian population, and the probe geometry differences between the FastEEM2 

probe and the FastEEM3 probe.  The FastEEM2 probe was designed with a single 

illumination channel and four detectors at increasing distances from the illumination.  

The FastEEM3 probe was designed with a single detector and six illumination channels 

at increasing distances from the detector. Another difference is that the face of the 

FastEEM2 probe was implemented out of a material exhibiting specular reflection that 

was not negligible as initially assumed (100% absorption originally assumed between the 

fibers). Also the FastEEM3 was polished at a five-degree face angle while the FastEEM2 

was flat. The collection illumination geometry differences need to be investigated in 

order to explain the reflectance patterns differences between the two devices.  Since 

future clinical trials will only involve the FastEEM3 device, it is even more critical to 

address population differences that became convoluted with the instrumentation 

differences since each device was operated at only one geographic location. The 

Canadian population exhibited lower FSH levels, lower BMI, were younger and with a 

history of consistent medical care thanks to their socialized medical system. Future 

studies need to rotate the instrumentation among the clinical sites in order to de-convolve 

instrumentation and biological differences in the population.  Additionally the FastEEM3 

had 28% of its samples being high-grade lesions.  The FastEEM2 had only 7% of its 

samples being high-grade lesions. The majority of the FastEEM3 high-grade samples 

were CIN2 or moderate dysplasia.  The majority of the FastEEM2 high-grade samples 

were CIN3 or severe dysplasia.  The differences between CIN2 patterns and CIN3 
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patterns are significant.  Future studies should include a larger sample of both CIN2 and 

CIN3 grades.   

PLR coupled with model based feature extraction offers an effective diagnostic 

tool for the discrimination of cervical cancer precursors. Future efforts by our group will 

focus on improving classification performance towards clinical applications of these 

technologies. 
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Chapter 9: Conclusions and Future 

This dissertation has presented methods to identify and discriminate 

diagnostically significant fluorescence and reflectance patterns in cervical spectroscopy. 

The development of such methods began with Chapters 2 and 3 where clinically acquired 

spectra were calibrated using positive and negative standards. The raw measured signal 

was mapped to the true response of the sample being measured. In these chapters 

fluorescence and reflectance calibration standards and procedures were presented in the 

context of clinical trials to ensure measurement accuracy, traceability and the ability to 

carry out meaningful comparisons of data acquired from multiple instruments. The 

impact of this work is in providing a framework for standardizing spectral data 

acquisition and quality control to maximize consistency, completeness and quality of the 

data. 

In Chapter 4, spectral patterns in the calibrated diffuse reflectance spectra were 

investigated. Diffuse reflectance spectral patterns are known to be the result of the light 

attenuating effects of scattering and absorption as light travels through tissue. Dysplastic 

changes in cervical tissue include an increase in absorption by hemoglobin and decrease 

in scattering by collagen fibers in the stroma. Increases in hemoglobin content are 

believed to be the direct result of angiogenesis and increased micro-vessel density. 

Decreases in the volume fraction of collagen fibers in the stroma are believed to be the 

cause for the decrease in stromal scattering. Two persistent spectral patterns confirmed 

that the contribution of hemoglobin absorption and the wavelength dependent slope were 

relevant features for classification of precancerous lesions from spectra. The wavelength 

dependent slope is representative of the combined effects of absorption and scattering in 
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tissue. Additionally, geographical features extracted directly from spectra were also 

investigated and found to show similar results to patterns found using principal 

component analysis (PCA). Optical spectroscopy using diffuse reflectance in the UV-VIS 

spectral range contains information relevant to separating normal tissue from several 

grades of abnormal cervical tissue. The challenge is in extracting the relevant information 

from this highly dimensional spectral data and in assigning biological meaning to the 

extracted features.  The impact of this work is in demonstrating the need for feature 

extraction methods than can reduce dimensionality while retaining the most relevant 

cervical spectroscopy to disease detection. 

In Chapters 5, 6 and 7, mathematical model based feature extraction methods 

were implemented. These models are capable of recovering a wide range of parameters, 

such as fluorescence efficiencies of the epithelial and stromal fluorophores as well as 

epithelial and stromal scattering, and stromal hemoglobin absorption, from a single 

fluorescence and diffuse reflectance measurement. These optical parameters have been 

linked to biophysical changes that occur during dysplastic progression, such as 

angiogenesis, increased micro-vessel density, nuclear atypia and increased metabolic 

activity in dysplastic cells. The optical parameters that were estimated from the clinical 

measurements show trends that are consistent with dysplastic progression. The impact of 

this work was twofold. First, the fundamental motivation of dimensionality reduction was 

achieved. 12476 spectral features were reduced to 12 tissue optical features for data 

analysis. Second, the number of optical measurements that must be acquired from a 

patient cervical site was reduced such that only five fluorescence excitations (24 are 

currently measured) and one source-detector separation reflectance acquisition (6 are 

currently measured) are necessary. This results in a reduction in total measurement 
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acquisition time, which directly translates into reduced patient discomfort and reduced 

instrumentation artifacts due to temporal variations in components and experimental 

conditions. 

In Chapter 8, diagnostic algorithms were applied to the extracted optical features. 

Pair wise discrimination of HG, SN yielded the best discrimination power in the 

FastEEM2 acquired data with a sensitivity and specificity per patient of 80% and 71% 

respectively. While these results surpass the sensitivity and specificity of Pap smear, 

there is room for improvement. The ability to discriminate HG and LG disease from 

normal tissue in the FastEEM3 is consistent with the FastEEM2 results but with lower 

performance. This is due to the higher inter-patient variability found in the spectra 

acquired with the FastEEM3. There are two sources of variability, biological differences 

in the population and instrumentation differences between FastEEM2 and FastEEM3. 

Biological differences between patients like menopausal state can account for 

more than an order of magnitude difference in fluorescence intensity. This variability is 

directly reflected in the optical parameters recovered using these spectra. The sources of 

this variability need to be identified in order to develop robust diagnostic algorithms that 

capitalize on the changes in optical parameters affected only by dysplastic progression. 

Analysis of the extracted optical parameters by age group and menopausal state 

(Chapter 7) showed inter-patient variability within the age/menopausal groups.  This 

indicates that there are other sources of variability in addition to biological. 

Instrumentation, experimental conditions and operator related variability are harder to 

separate but easier to prevent. The methodologies for quality control introduced in 

Chapter 2 and 3 are directly aimed to prevention based on retrospective analysis of 

acquired measurements over a period of four years.  
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In summary, pattern recognition methods applied to spectra are hindered by the 

dimensionality of the spectra. Multivariate analysis techniques are powerful tools for 

extracting diagnostically significant features from fluorescence and diffuse reflectance 

spectra. The interpretation of the extracted features is not trivial. Alternatively, 

mathematical models of light propagation to recover bulk tissue optical properties are 

accurate and computationally feasible for clinical applications. These optical properties 

estimated from clinical fluorescence and diffuse reflectance measurements are linked to 

biochemical and morphological changes associated with dysplastic progression. Robust 

algorithms based on these optical properties of cervical tissue can be successfully 

translated to multi-center clinical settings using multiple devices under careful and 

continuous monitoring for quality, consistency and accuracy. 

 

Future 

As a direct result of the calibration methods and software tools implemented in 

Chapters 2 and 3, a quality control tool for future clinical trials of this instrumentation has 

been proposed.  The methods and software tools implemented to detect and correct 

various instrumentation related software acquisition and hardware component events 

were presented as the basis for an operator level automated quality control software tool. 

This tool was proposed to include two major components: a maintenance component and 

an on-line quality control component.  The maintenance component was proposed to 

acquire and set all instrumentation baselines for noise, background, stray light, auto-

fluorescence, etc. based on averages of multiple sequential measurements of multiple 

standards. The on-line quality control component was proposed to immediately follow 

every measurement acquisition and validate signals against the baselines and tolerances 
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established by the maintenance component. This proposed quality control online tool has 

been implemented by M.D. Anderson Cancer Center staff and is currently being tested 

under the screening trial 97-244 at M.D. Anderson Cancer Center in Houston. 

As a direct result of the feature extraction methods implemented in Chapters 5, 6 

and 7, a subset of excitation wavelengths for fluorescence and a single source-detector 

position (SD-1 at 1.1 mm) for reflectance have been suggested as the most significant 

acquisition subset for future studies. While these are the subset that works best for the 

diagnostic trial 97-245 data, I believe that source detector separations SD-a and SD-b 

theoretically should offer information at tissue depths that are shallower and closer to the 

epithelium than SD-1. Since dysplasia begins at the basal layer in the epithelium, this 

information should be detectable earlier in the disease progression process. Due to a 

probe chip that affected these source detector separations during a portion of the trial, this 

information could not be included in the analysis. Future measurements acquired from 

these reflectance positions should be evaluated for their more timely and therefore 

effective diagnostic potential. 
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