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Abstract 

Worldwide, head and neck squamous cell cancers (HNSCC) account for over 

375,000 deaths annually. The majority of these cancers arise in the outermost squamous 

cells which progress through a series of precancerous changes before developing into 

invasive HNSCC. It is widely accepted that prognosis is strongly correlated to the stage 

of diagnosis, with early detection more than doubling the patient’s chance of survival. 

Currently, however, 60% of HNSCCs are diagnosed when they have already progressed 

to stage 3 or stage 4 disease. The current diagnostic method of visual examination often 

fails to recognize early indicators of HNSCC, thereby missing an important prevention 

window.  

Determination of cancer from non-malignant tissues is dependent on 

pathological examination of lesion biopsies. Thus, all patients with any clinically 

suspicious lesions undergo surgical biopsies.  Furthermore, these surgical biopsies carry 

risks. In addition to the risk of general anesthesia for patients undergoing panedoscopy, 

some patients have poor healing and develop ulcerations or infections as a result of 

surgical biopsy at any anatomical site. Additionally, studies have shown that 

approximately 50% of suspected biopsies are later pathologically confirmed normal. An 

enormous amount of labor, facility, and monetary resources are expended on non-

malignant biopsies and patients who ultimately have no malignancy. It would be of 
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immense overall benefit to clinicians and patients to have a non-invasive and portable 

technique that could rapidly identify those patients that would benefit from further 

surgical biopsy from those that only need follow-up clinical observations.  

Once carcinoma is confirmed in a patient, treatment currently involves 

modalities of surgery, radiation, and chemotherapy. Radiotherapy plays a significant 

role, particularly in the management of localized HNSCC, because it is a non-invasive 

and function-preserving modality. However, the effectiveness of radiotherapy is limited 

by hypoxia. Previous studies showed that tumors reoxygenated during radiotherapy 

treatment may have a better prognosis. Despite decades of work, there is still no reliable, 

cost-effective way for measuring tumor hypoxia over multiple time points to estimate 

the prognosis.  

To address these unmet clinical needs, three aims were proposed. The first aim 

was to improve early detection by identifying biomarkers of early pre-cancer as well as 

developing an objective algorithm to detect early disease.  Neovasculature is an 

important biomarker for early cancer diagnosis. Even before the development of a 

clinically detectable lesion, the tumor vasculature undergoes structural and 

morphological changes in response to oncogenic signaling pathways. Without receiving 

a sufficient supply of oxygen and nutrients to proliferate, early tumor growth is limited 

to only 1-2 mm. High-resolution optical imaging is well suited to characterize the 

earliest neovascularization changes that accompany neoplasia owing to its sensitivity to 
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hemoglobin absorption and resolution to visualize capillary level architecture. Dark 

field microscopy is a low-cost and robust method to image the neovasculature. We 

imaged neovascularization in vivo in a spontaneous hamster oral mucosa carcinogen 

model using a label-free, reflected-light spectral dark field microscope. Hamsters’ cheek 

pouches were painted with 7, 12-Dimethylbenz[a]anthracene (DMBA) to induce 

precancerous to cancerous changes, or mineral oil as control. Spectral dark field images 

were obtained during carcinogenesis and in control oral mucosa, and quantitative 

vascular features were computed. Vascular tortuosity increased significantly in oral 

mucosa diagnosed as hyperplasia, dysplasia and squamous cell carcinoma (SCC) 

compared to normal. Vascular diameter and area fraction decreased significantly in 

dysplasia and SCC compared to normal. The areas under the receiver operative 

characteristic (ROC) curves (AUC) computed using a Support Vector Machine (SVM) 

were 0.95 and 0.84 for identifying SCC or dysplasia, respectively, vs. normal and 

hyperplasia oral mucosa combined. To improve AUCs for identifying dysplasia, 

quantitative vascular features were computed again after the vessels were split into 

large and small vessels based on diameter. The large vessels preserved the same 

significant trends, while small vessels demonstrated the opposite trends. Significant 

increases in diameter and decreases in area fraction were observed in SCC and 

dysplasia. The AUCs were improved to 0.99 and 0.92 for identifying SCC and dysplasia. 
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These results suggest that dark field vascular imaging is a promising tool for pre-cancer 

detection. 

Optical imaging can also be applied to quantifying other important 

characteristics of solid tumors in head and neck cancer (HNC), such as hypoxia, 

abnormal vascularity and cell proliferation. Diffuse reflectance spectroscopy is a simple 

and robust method to measure tissue oxygenation, vascularity and cell density. It is 

particularly suitable for applications in the operation room because of its compact 

design and portability. In addition, a fiber probe-based system is ideal for obtaining 

measurements at suspicious lesions in the head and neck area during surgery. Thus, my 

second aim was to reduce the number of unnecessary HNSCC biopsies by developing a 

robust tool and rapid analysis method appropriate for clinical settings. We propose the 

use of morphological optical biomarkers for rapid detection of human HNSCC by 

leveraging the underlying tissue characteristics in the aerodigestive tracts. Prior to 

biopsy, diffuse reflectance spectra were obtained from malignant and contra-lateral non-

malignant tissues of 57 patients undergoing panendoscopy. Oxygen saturation (SO2), 

total hemoglobin concentration ([THb]), and the reduced scattering coefficient were 

extracted using an inverse Monte Carlo (MC) method previously developed by former 

student in our lab. Differences in malignant and non-malignant tissues were examined 

based on two different groupings: by anatomical site and by morphological tissue type. 

Measurements were acquired from 252 sites, 51 of which were pathologically classified 
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as SCC. Optical biomarkers exhibited statistical differences between malignant and non-

malignant samples.  Contrast was enhanced when parsing tissues by morphological 

classification rather than by anatomical subtype for unpaired comparisons. 

Corresponding linear discriminant models using multiple optical biomarkers showed 

improved predictive ability when accounting for morphological classification, 

particularly in node-positive lesions. The false-positive rate was retrospectively found to 

decrease by 34.2% in morphologically- vs. anatomically-derived predictive models. In 

glottic tissue, the surgeon exhibited a false-positive rate of 45.7% while the device 

showed a lower false-positive rate of only 12.4%. Additionally, comparisons of optical 

parameters were made to further understand the physiology of tumor staging and 

potential causes of high surgeon false-positive rates. Optical spectroscopy is a user-

friendly, non-invasive tool capable of providing quantitative information to discriminate 

malignant from non-malignant head and neck tissues. Predictive models demonstrated 

promising results for diagnostics. Furthermore, the strategy described appears to be well 

suited to reduce the clinical false-positive rate. 

To further improve the speed for extracting the tissue oxygenation and [THb] to 

reduce the time when patients were under anesthesia, the third aim was to develop a 

rapid heuristic ratiometric analysis for estimating tissue [THb] and SO2 from measured 

tissue diffuse reflectance spectra. The analysis was validated in tissue-mimicking 

phantoms and applied to clinical measurements in head and neck, cervical and breast 
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tissues. The analysis works in two steps. First, a linear equation that translates the ratio 

of the diffuse reflectance spectra at 584 nm to 545 nm to estimate the tissue [THb] using 

a Monte Carlo (MC)-based lookup table was developed. This equation is independent of 

tissue scattering and oxygen saturation. Second, SO2 was estimated using non-linear 

logistic equations that translate the ratio of the diffuse reflectance spectra at 539 nm to 

545 nm into the tissue SO2. Correlations coefficients of 0.89 (0.86), 0.77 (0.71) and 0.69 

(0.43) were obtained for the tissue hemoglobin concentration (oxygen saturation) values 

extracted using the full spectral MC and the ratiometric analysis, for clinical 

measurements in head and neck, breast and cervical tissues, respectively. The 

ratiometric analysis was more than 4000 times faster than the inverse MC analysis for 

estimating tissue [THb] and SO2 in simulated phantom experiments. In addition, the 

discriminatory power of the two analyses was similar. These results show the potential 

of such empirical tools to rapidly estimate tissue hemoglobin and oxygenation for real-

time applications. 

In addition to its use as a diagnostic marker for various cancers, tissue 

oxygenation is believed to play a role in the success of cancer therapies, particularly 

radiotherapy. However, since little effort has been made to develop tools to exploit this 

relationship, the fourth aim was to estimate patient prognosis by measuring tumor 

hypoxia over multiple time points so physicians are able to develop more informed and 

effective clinical treatment plan. To test if oxygenation kinetics correlates with the 
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likelihood for local tumor control following fractionated radiotherapy, we again used 

diffuse reflectance spectroscopy to noninvasively measure tumor vascular oxygenation 

and [THb] associated with radiotherapy of 5 daily fractions (7.5, 9 or 13.5 Gy/day) in 

FaDu xenografts. Spectroscopy measurements were obtained immediately before each 

daily radiation fraction and during the week after radiotherapy. SO2 and [THb] were 

computed using an inverse MC model. Oxygenation kinetics during and after 

radiotherapy, but before a change in tumor volume, was associated with local tumor 

control. Locally controlled tumors exhibited significantly faster increases in oxygenation 

after radiotherapy (days 12-15) compared with tumors that recurred locally. (2) Within 

the group of tumors that recurred, faster increases in oxygenation during radiotherapy 

(days 3-5) were correlated with earlier recurrence times. An AUC of 0.74 was achieved 

when classifying the local control tumors from all irradiated tumors using the oxygen 

kinetics with a logistic regression model. (3) The rate of increase in oxygenation was 

radiation dose dependent. Radiation doses ≤9.5 Gy/day did not initiate an increase in 

oxygenation whereas 13.5 Gy/day triggered significant increases in oxygenation during 

and after radiotherapy. Additional confirmation is required in other tumor models, but 

these results suggest that monitoring tumor oxygenation kinetics could aid in the 

prediction of local tumor control after radiotherapy. 

Angiogenesis is a highly regulated process to support tissue growth. 

Neovasculature is designed by nature to grow toward areas lacking nutrition and 
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oxygen. Cancer cells proliferate too quickly to have their nutritional and oxygen needs 

completely satisfied, which results in an imbalanced state of angiogenesis leading to 

tortuous blood vessels, hypoxic tissues and radioresistance. We characterized the tumor-

induced vascular features with simple, robust and low-cost dark field microscopy and 

spectroscopy to enable early cancer diagnosis, improvement of surgical biopsy accuracy 

and better predict the prognosis of radiotherapy for HNC. Our results demonstrated 

that these noninvasively measured, label-free vascular features are able to detect pre-

cancer, reduce unnecessary surgical biopsies and predict prognosis of radiotherapy.   
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1. Background and Significance 

1.1 Head and Neck Cancer Prevalence and the Unmet Clinical 
Need 

Head and neck squamous cell cancers (HNSCC) have a global mortality burden 

of over 375,000 people annually [1]. Most of these cancers arise in the outermost 

squamous cells which progress through a series of precancerous changes before 

developing into invasive HNSCC [2, 3]. It is widely accepted that prognosis is strongly 

correlated to the stage of diagnosis, with early detection more than doubling the 

patient’s chance of survival [4]. Unfortunately, due to lack of effective and accessible 

screening, 60% of HNSCCs are diagnosed when they have already progressed to stage 3 

or stage 4 [3].  

Determination of cancer from non-malignant tissues is dependent on 

pathological examination of lesion biopsies.  Histopathology is the current gold 

standard of cancer diagnosis for examining the biopsied tissues. Thus, all patients with 

any clinically suspicious lesions undergo surgical biopsies. Although these lesions are 

identified during an initial clinical exam, obtaining a specimen for analysis can be 

technically challenging and uncomfortable for the patient. Furthermore, these surgical 

biopsies carry risks. In addition to the risk of general anesthesia, some patients have 

poor healing and develop ulcerations or infections as a result of surgical biopsy. 

After surgical biopsies are obtained, pathologists look for features from nuclei or 

cell such as anisonucleosis, nuclear pleomorphism and anisocytosi (abnormal variations 
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in nuclear sizes, nuclear shape and cell size, respectively) [5]. However, histopathology 

is usually hard to obtain in resource-limited countries due to the lack of trained 

pathologists [6, 7]. For example, the pathologist to population ratio in East Africa is 1 to 

125000 whereas it is about 1 to 14000 in the United States [7]. Therefore, the turnaround 

time is long and nearly impossible for surgeons to have the histopathology during the 

patient’s visit. Without the histopathology results, the clinical treatment decisions might 

not be optimal. In addition, the current diagnostic gold standard of visual examination 

and biopsy often fails to recognize early indicators of HNSCC, thereby missing an 

important prevention window. Hence, there is a critical need to detect disease at the 

earliest possible stage. Further, studies showed that approximately 50% of the 

suspicious clinical biopsies were pathologically confirmed as non-malignant [8] [9]. 

There is an immense amount of labor, facility, and monetary resources that are 

expended on patients who ultimately have no malignancy. This is particularly important 

in low and middl-income countries (LMICs) where there are significant resource 

constraints and also in rural and urban communities in the U.S. where effective 

diagnostic tests are only available in referral settings. 

Once carcinoma is identified, treatment currently involves modalities of surgery, 

radiation, and chemotherapy. Early detection of new and locally recurrent cancers is 

clinically important to reduce not only cancer related mortality, but also treatment 

associated morbidity, as it impacts multiple organ functions including respiration, 
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olfaction, hearing, eating, swallowing, and speaking. Fractionated radiotherapy plays a 

significant role in the treatment of a wide variety of cancers [10], and particularly in  the 

management of localized head and neck cancer (HNC) because it is a non-invasive and 

function-preserving modality [11]. A typical fractionated radiotherapy prescription is 1.8 

- 2 Gy/day for a total of 60-70 Gy [12]. Although tumors often respond well to the 

radiotherapy, advanced cases have over a 50% chance of recurrence [13]. Nevertheless, 

there is no effective method to evaluate the response and the prognosis of the 

radiotherapy. 

1.2 Angiogenesis in Cancer Development 

Angiogenesis is important in all phases of cancer development. Even before the 

development of a clinically detectable lesion, the tumor vasculature undergoes 

structural and morphological changes in response to oncogenic signaling pathways [14]. 

Without receiving a sufficient supply of oxygen and nutrients to proliferate, early tumor 

growth is limited to only 1-2 mm [14]. The “angiogenic switch”, which initiates the 

sprouting and growth of new blood vessels from existing vasculature, is a critical step in 

neoplastic progression and ultimately, invasion [15, 16]. By stimulating angiogenesis, 

tumor cells create their own, albeit abnormal, blood supply to allow for rapid 

proliferation and continued growth. In normal angiogenesis, blood vessels are carefully 

regulated by various internal and external signals to ensure correct formation and 

growth. They exist in a distinct hierarchy to maximize blood flow efficiency and 
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maintain a steady distribution of nutrients [17]. On the contrary, the imbalanced, tumor-

induced angiogenesis often resulted in tortuous, dilated, leaky and immature blood 

vessels. Previous ex vivo studies have revealed significant structural and morphological 

abnormalities in angiogenic vessels[18].  

Histopathological analysis has indicated an increase in tortuosity during 

neovascularization as well as an upward trend in microvessel density, both likely results 

of the irregular angiogenesis pathway during pre-cancer [19, 20]. While angiogenesis is a 

complex phenomenon with many contributing factors, overall it is thought to be 

triggered by an increased production of pro-angiogenic factors and a decreased 

production of negative regulators[21]. Vascular endothelial growth factor (VEGF), along 

with other important angiogenic signaling molecules, is believed to stimulate 

restructuring and widening of existing vessels as well as the proliferation of new vessels. 

These sprouting vessels protrude from existing vasculature and grow outwards into the 

surrounding extracellular matrix in a tortuous, disordered manner with little to no 

regulatory feedback [22]. Although the specific mechanisms are not yet fully 

understood, the observable differences in normal versus angiogenic blood vessels 

support the use of vascular parameters as diagnostic markers for pre-cancer. 

Angiogenesis has been a major topic of interest in recent decades as a prognostic 

indicator and a potential target for cancer therapies [14, 23]. However, there has been 

little effort to exploit this important biomarker for early detection. 
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Hypoxic regions often exist in solid tumor due to the high metabolic demand 

and often induce imbalanced angiogenesis and thus an increase in immature 

neovasculature. Although the neovasculature is designed to bring in oxygen supply and 

eliminate the hypoxic region, this tumor-induced neovasculature often fails to fulfill the 

task because it is often tortuous, self-shunted and leaky. In other words, the increased 

neovasculature could bring in more blood but the blood is rarely delivered efficiently to 

the hypoxic region. As a result, the imbalanced angiogenesis creates an increase in 

neovasculaturization but fails to improve the oxygenation in tumors. 

Hypoxia also plays an important role in radiotherapy. Hypoxic tumor cells are 3 

times more resistant to radiotherapy than aerobic cells, and would dominate response if 

they persisted throughout a course of fractionated radiotherapy. Classic radiobiologic 

theory posits that once aerobic cancer cells are killed, a proportion of the remaining 

hypoxic cells in the tumor become reoxygenated, thereby regaining sensitivity to the 

next radiation fraction [24]. Fractionated radiotherapy takes advantages of this 

phenomenon and splits the total radiation dose into a smaller radiation doses per 

fraction. It focuses on killing the aerobic tumor cells, which are more sensitive to 

radiation in each radiation fraction. After each radiation fraction, the aerobic tumor cells 

will be killed and this is in turn is expected to to allow a proportion of the remaining 

tumor cells to become reoxygenated.  Therefore, tumor reoxygenation is associated with 



 

6 

tumor response to radiotherapy, and monitoring tumor reoxygenation could potentially 

provide an estimation of prognosis after treatment.  

1.3 Biophotonics for Measuring Tumor-Induced Angiogenesis  

1.3.1 High Resolution Optical Imaging for Neovasculature 

High-resolution optical imaging is appropriate for identifying the earliest neo-

vascular changes that accompany neoplasia owing to its sensitivity to hemoglobin 

absorption and resolution to visualize microvasculature. Several label-free optical 

techniques including optical coherence tomography (OCT) [25, 26], laminar optical 

tomography (LOT) [27], dark field (DF) microscopy [28] and cross-polarized (CP) 

microscopy [29], have been explored for non-invasive high resolution imaging in vivo. 

Time-domain OCT requires a Michelson interferometer to sample the lesion in the z-

direction. OCT provides label-free high-resolution (several microns) imaging using the 

laser Doppler Effect resulting from moving blood cells. The sensing depth for OCT in 

oral mucosal tissues is about 900 µm with a 950 nm laser [30, 31]. Frequency-domain 

OCT greatly improves the speed of the image acquisition, where information in the z-

direction is sampled in the spatial frequency domain by varying the frequency of the 

light[32]. LOT utilizes Monte Carlo modeling, scanning mirrors, and optical fibers to 

reconstruct depth sensitive (~ 2 mm) vascular images with sub-millimeter resolution. 

Both DF and CP are simple techniques to image vasculature in vivo. DF and CP 

microscopy can provide micron resolution images of the vasculature in the oral cavity 
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with a sensing depth of up to 1 mm [33, 34]. DF microscopy is sensitive to back scattered 

light while effectively rejecting tissue specular reflection simply by re-designing 

different illumination and collection paths with the help of a stop and iris. CP 

microscopy only collects light with orthogonal polarization. Therefore, specular 

reflection is unlikely to be collected since its polarization state is the same as the 

illuminating light.  

The critical components of DF and CP microscopy are about $15,000 and $35,000 

cheaper than the critical components of LOT and OCT respectively. Therefore, DF and 

CP microscopy are particularly suitable for applications in LMICs. Since the polarization 

of the photons is randomized through scattering events in tissues, CP microscopy is 

likely to reject the backscattered light in the superficial region in epithelium. Hence, we 

decided to investigate the neovascularization during the carcinogenesis with DF 

microscopy.  

1.3.2 Diffuse Reflectance Spectroscopy 

UV-visible (UV-VIS) diffuse reflectance spectroscopy (DRS), which can be used 

to measure tissue absorption and scattering, has shown potential for the early diagnosis 

of cancers in the cervix and oral cavity [35-50]. The absorption and scattering coefficients 

of epithelial tissues reflect the underlying physiological and morphological properties 

[51]. In the UV-VIS band, the dominant absorbers in oral and cervical tissues are 

oxygenated and deoxygenated hemoglobin, arising from blood vessels in the stroma. 
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Light scattering is primarily associated with cell nuclei and organelles in the epithelium, 

as well as collagen fibers and cross-links in the stroma. Neoplastic tissues exhibit 

significant changes in their physiological and morphological characteristics that can be 

quantified optically. The contribution of absorption in the stromal layer is expected to 

increase with neovascularization and angiogenesis, and the oxygen saturation in blood 

vessels is expected to decrease as the neoplastic tissue outgrows its blood supply. 

Stromal scattering is expected to decrease with neoplastic progression due to 

degradation of extracellular collagen networks. [37, 51-55]. However, epithelial 

scattering is expected to increase due to increased nuclear size, increased DNA content, 

and hyperchromasia [51-53, 56]. UV-VIS diffuse reflectance spectroscopy has a 

penetration depth that can be tuned to be comparable to the thickness of the epithelial 

layer or deeper to probe both the epithelial and stromal layers [43, 51, 57]. 

The DRS technique usually incorporates a portable fiber-based spectrometer and 

a robust and inverse Monte Carlo (MC) algorithm capable of extracting tissue optical 

properties and the optical properties can be converted into biologically relevant 

parameters [58, 59].  The inverse model can compute total hemoglobin concentration 

(THb), hemoglobin oxygen saturation (SO2), and the mean reduced tissue scattering 

coefficient (μs’) from the measured spectra. The computed biological parameters reflect 

the biological condition of probed tissue. 
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1.4 Need for Automated Diagnosis 

Both optical microscopy and DRS are sensitive to the biological changes caused 

from carcinogenesis. However, it is important to generate an algorithm to automate the 

diagnosis procedures in order to generalize the techniques in both high-income 

countries and LMICs since analyses from human observer are subjective and usually 

qualitative. Machine learning algorithms such as logistic regression and Support Vector 

Machine (SVM) are ideal for making classifications from quantitative endpoints.  

However, image-processing techniques are usually required to extract the 

biological relevant parameters from the obtained images. Therefore, it is important to 

use extract quantitative biological parameters from the obtained images. 

1.5 Image Processing Techniques for Vessel Segmentation 

Segmentation of vasculature is often needed to extract biologically relevant 

parameters such as tortuosity and diameter. A Gabor-based algorithm is commonly 

used to segment the vasculature [60]. A Gabor filter is the convolution of a Gaussian and 

a sinusoidal function. It can extract features with the same orientation and certain 

widths. A multi-scale Gabor filter usually contains many Gabor filters with various 

orientations and frequencies. Vascular images will be convolved with a multi-scale 

Gabor filter to obtain the overall Gabor response. Next, binary vessel masks can be 

obtained from the overall Gabor response. Dijkstra forest vessel segmentation algorithm 

is an example to segment the vasculature from the Gabor response. The algorithm starts 
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with the pixel with the highest Gabor response and progressively explores the rest of the 

image to determine if the pixel is in the vascular area or not. 

1.6 Specific Aims and Organization of Chapters 

Three major unmet clinical needs in head and neck cancers are 

1. Failure to detect early pre-cancer during screening. 

2. Excessive surgical biopsies during staging. 

3. Lack of techniques to estimate prognosis during radiotherapy. 

 Therefore, the goal of my dissertation is to address these unmet clinical needs by 

developing technologies and identifying critical biomarkers for early cancer diagnosis, 

reducing the unnecessary surgical biopsies and predicting the outcome of radiotherapy 

based on tumor characteristics. In addition, the techniques need to be subjective and 

automated for easy clinical use.  

To be more specific, my first aim is to characterize the tumor-induced 

neovasculature with a high-resolution dark field microscope and utilize the extracted 

biological parameters for cancer diagnosis. Since it is important to know how early dark 

field microscopy can identify pre-cancer, an animal carcinogen model, which undergoes 

changes from normal to hyperplasia to dysplasia and SCC is ideal for validating the 

technique. My second aim is to reduce the number of biopsies that ultimately are 

pathologically confirmed as normal.  Since a portable, probe-based system might be 

more favorable than the microscopy settings in the operation room, I used a portable 
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diffuse reflectance spectroscopy system and conducted a clinical study to explore the 

potential of diffuse reflectance spectroscopy in reducing unnecessary surgical biopsies. 

In addition, every second during surgery is important and especially when patients are 

under general anesthesia, my third aim is to develop a rapid algorithm that can extract 

biologically relevant endpoints and maintain the same diagnostic accuracies as the 

inverse MC model. Finally, my fourth aim is to develop a technique that can help 

physicians evaluate and predict the prognosis of radiotherapy based on tissue 

oxygenation. Together, my work will benefit head and neck cancer care from screening 

and staging to predicting prognosis.  

 

Figure 1: The unmet clinical need in head and neck cancer management and 

the goal of my dissertation. 
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2. Early Cancer Detection through Imaging of 
Neovascularization Changes 

Since high-resolution optical imaging is an attractive modality for characterizing 

the earliest neo-vascular changes, in this chapter, a high-resolution optical imaging is 

used to characterize the neo-vascular changes in a spontaneous cancer model for HNC. 

2.1 Introduction 

There are a variety of optical imaging techniques that have been developed to 

quantify vascular architecture of tortuous vessels in tumors in vivo as discussed in the 

introduction. For example, OCT has been exploited to image the microvasculature in 

both preclinical tumor models and human skin diseases [61, 62] and segmentation 

techniques have also been developed to quantify vascular endpoints [61]. These 

technologies and their applications demonstrate the benefits of quantifying vascular 

architecture in the context of cancer.  

The goal of this aim was to non-destructively and rapidly image and quantify the 

progressive neovascularization of the dysplasia-carcinoma sequence in a small animal 

model of HNSCC [28, 63].  The 7, 12-Dimethylbenz[a]anthracene (DMBA) induced 

hamster check pouch provides an excellent model of progression from normal to 

hyperplasia to dysplasia, and finally to squamous cell carcinoma (SCC) in situ. This 

spontaneous model mimics the natural progression of HNSCC tumor-induced 

angiogenesis more accurately than a xenograft model. We developed a custom dark field 

system and platform for small animal imaging. We adapted a Gabor processing and 
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vessel segmentation algorithm to identify the vascular structure and analytical models 

to quantify well established vascular endpoints—namely, tortuosity, area fraction, 

diameter and length. We monitored and examined the overall trends in these features 

throughout angiogenesis progression, as well as trends observed in small and large 

vessels separately. Based on the differences in vascular parameters at each stage, we 

were able to differentiate and classify dysplastic and invasive SCC lesions with high 

accuracies. These results suggest that our label-free angiogenic toolbox could be a 

promising approach for early diagnosis of head and neck pre-cancer. 

2.2 Methods  

2.2.1 Animal Model 

The animal study protocol was approved by the Duke University Institutional 

Animal Care and Use Committee. The 30 Golden Syrian hamsters used in the study were 

divided into 3 groups of 10, 11 and 9 hamsters. The 3 groups underwent 

dimethylbenz[a]anthracene (DMBA) treatment for 8, 10 and 12 weeks respectively to 

induce cancer. The right oral mucosa of each hamster was painted with 0.5% DMBA-

mineral oil solution 3 times per week while the left oral mucosa served as the untreated 

control. Details for the painting procedures were previously described [63]. At the end of 

the DMBA treatment for each group, Spectral Dark Field Microscopy (SDFM) images were 

obtained from both DMBA treated and control oral mucosa. Biopsies and pathology were 

also performed at the sites of imaging. A veteran pathologist (JE) diagnosed each site as 
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normal, hyperplasia, dysplasia or squamous cell carcinoma (SCC) based on cellular 

characteristics. 

2.2.2 Microscopy and Imaging Protocol 

A detailed schematic of our DF microscopy system is shown in Figure 2. A white 

light LED source (Prizmatix, UHP-T-LED-White, Southfield, MI, USA) was used to 

provide illumination with a band of 400 - 700 nm. In the illumination channel, the light 

from the LED was coupled into an optical fiber with a diameter of 1000 µm and an NA 

of 0.39 (M35L01, Thorlab, USA) first and then collimated with an aspherized achromatic 

lens (Edmund, f=30 mm).  Four bandpass filters with center wavelengths of 440, 540, 580 

and 600 nm (XBPA440, XBPA540, XBPA580 and XBPA600, Asahi Spectra Co.) were used 

to obtain spectral images. An optical stop was used to create a ring beam before the light 

beam was delivered into a polarization-insensitive beam splitter (Edmund). A 4X 

objective lens (Olympus, plan achromat) with an NA of 0.1 was used to deliver the ring 

beam to the sample. In the detection channel, an iris was placed next to the beam splitter 

to block the specular reflection.  An achromatic lens (Thorlab, AC254-150-A-ML) was 

placed next to the iris to form the image of the backscattered light from the sample onto 

a CMOS RGB camera (Thorlab, DCC1645C). The specular reflection from the tissue 

surface can be effectively rejected by optimizing the iris and stop size such that the iris 

diameter was slightly smaller than the stop diameter. The diameters of the stop and iris 

were 8 mm and 6 mm, respectively. The final resolution for the DF measured from a 
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resolution target was 3.1 µm and the measured field of view (FOV) was 1.5 mm by 1.0 

mm. The entire system was controlled via a custom designed LabVIEW program. 

 

Figure 2: Schematic of the dark field microscope. The key components in the 

cross-polarized dark field microscopy system are the stop and iris, which are 8mm 

and 6mm, respectively.  They remove specular reflectance while maintaining high 

contrast for the detected diffuse reflectance. 

 

During optical imaging, animals were placed on a heating pad to maintain their 

body temperature under general anesthesia (Figure 3). A random location of the cheek 

pouch was stretched over a 14 mm (diameter) plastic post. A drop of mineral oil was 

added onto the cheek tissue. A cover slip was gently placed on top of the oral mucosa to 

remove the diffuse reflected light. Five to six sites of interest were imaged at each 

wavelength with exposure times ranging from 500 to 1600 milliseconds. Images were 

collected through a customized LabVIEW program. 
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Figure 3: Digital image of an untreated hamster cheek pouch stretched on a post. 

 

2.2.3 Image Processing and Vascular Feature Extraction 

The 440, 540, 580 and 600 nm SDFM images obtained at each site were aligned to 

the 540 nm image. The RGB channels from the aligned raw images were used to generate 

the ratiometric images (B/R for 440/600, and G/R for 540/600 and 580/600) in order to 

enhance vascular contrast [63].   

2.2.3.1 Algorithm for Segmenting the Vasculature 

A Gabor-based algorithm was used to segment the vasculature. Figure 4 shows 

the flowchart for generating the vessel masks from spectral images. The B channel of the 

440 nm image, the G channel of the 540 and 580 nm images and the R channel of the 600 

image from the same site were used as the input for generating the vessel mask and were 
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aligned to the G channel of the 540 image. After the images were aligned, ratiometric 

images were computed (B/R for 440/600, and G/R for 540/600 and 580/600). Adaptive 

histogram equalization was applied to the ratiometric images to enhance the contrast. 

Multiscale Gabor filtering (σx=5, σy=5, frequency=0.03, orientations = 0, 22, 45, 67, 90, 112, 

135 and 157 degrees) was then applied to each contrast-enhanced ratiometric image, and 

the Gabor responses from the 3 ratiometric images (440/600, 540/600 and 580/600) were 

combined by using the minimum values. The vessel mask (Mask 1) was obtained using 

the Dijkstra forest vessel segmentation algorithm. If no vessel in the Mask 1 had a diameter 

greater than 55 µm, Mask 1 was the final vessel mask.  

If any vessel with diameter greater than 55 µm was detected in Mask 1, the vessels 

with diameter larger than 55 µm were removed in Mask 1 to obtained Mask S. The 

enhanced 580/600 image was applied with the multiscale Gabor filter using the updated 

parameters (σx=10, σy=10, frequency=0.02, orientations = 0, 22, 45, 67, 90, 112, 135 and 157 

degree), and the derived Gabor response was used to segment the vessels (Mask 2). All 

vessels in Mask 2 with a diameter smaller than 55 µm were removed to obtain Mask L. 

Mask L was combined with Mask S by simply performing a logic ‘OR’ operation to 

obtained the final vessel mask. 
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Figure 4: Flowchart for vessel segmentation. After the spectral images were 

obtained, the images from the same site were aligned to 540 nm and ratiometric 

images (440 nm/600 nm, 540 nm /600 nm and 580 nm /600 nm) were computed. Next, 



 

19 

an adaptive histogram equalization algorithm was applied to the ratiometric images 

to enhance the vascular contrast. A multi-scale Gabor-based algorithm was used to 

segment the vessels in the images (Mask 1). Due to the large variation in vascular 

diameter, diameters in Mask 1 were measured to determine if a lower Gabor filter 

frequency should be used to segment the large vessels. If a large vessel (>50 µm) was 

detected in Mask 1, the frequency of the Gabor filter was reduced to generate a new 

mask (Mask 2). The final mask was the sum of the small vessels in Mask 1 (Mask S) 

and the large vessels in Mask 2 (Mask L). 

 

Once the image was processed by the Gabor algorithm [60], a binary vessel mask 

was obtained for each site. Area fraction was computed by dividing the sum of the 

vascular pixels to the total field of view of the binary vessel mask. To quantify other 

vascular features, the binary mask was further skeletonized from which the vessel branch 

points and end points were identified. Based on the skeletonized image, vascular 

tortuosity, length and diameter were computed. The methods to compute the vascular 

length and tortuosity are described by Heneghan et al [64]. In short, the vascular length 

(d curve) is the distance that a vessel segment traveled and d curve and was computed from 

summing the number of pixels in each vessel segment. The tortuosity was computed from 

dividing d curve by the Euclidean distance of its two ends. Vessel diameter was determined 

with the distance transform of the binary mask. 

Vascular tortuosity, diameter, area fraction and length were computed from the 

original binary vessel masks. For better visualization, inverse distance transforms were 

applied to the skeletonized tortuosity, diameter and length maps using the diameter 

information. The averaged values were used for overlapping regions 
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2.2.3.2 Algorithm for Splitting the Vessel Masks by Diameter 

To enhance the vascular features, each original vessel mask was split into a large 

and a small vessel mask using the mean diameter computed from all original vessel 

masks. Figure 5 shows the steps for splitting the original representative vessel mask into 

a large and a small vessel mask. First, isotropic erosion was applied to the original vessel 

mask until all vessels were eroded to assign diameter values for vessels in different 

regions in the mask. Next, the mask with diameter values for each pixel in the vascular 

area was threshed using the mean diameter (16 µm) of the study. This resulted in two 

masks – a preliminary small vessel mask and a preliminary large vessel mask. If a vessel 

in the preliminary small vessel mask had two or more contacts with the vessels in the 

preliminary large vessel mask, it was classified as a connecting vessel. The connecting 

vessels were removed from the preliminary small vessel mask and added to the 

preliminary large vessel mask to obtain the final small and large vessel masks. 

Mean tortuosity, diameter, area fraction and length were computed from both 

large and small vessel masks.  
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Figure 5: Flowchart for vessel splitting. Diameter was first measured from the 

original mask. The mean diameter (16 µm) of all masks in the hamster study was used 

as a threshold to separate the original mask into two masks. The connecting vessels 

between two or more larger vessels were identified and were classified as parts of the 

large vessel masks. The algorithm was able to split each original mask into a large 

vessel mask and a small vessel mask. 
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2.2.4 Statistical Analysis 

The mean tortuosity, diameter, area fraction and length were determined for each 

cheek pouch.  The Wilcoxon rank sum test was used to compare the mean vascular 

parameters between normal and hyperplasia, normal and dysplasia, as well as normal 

and SCC groups. 

The pathologically normal and hyperplasia groups were combined to represent 

benign oral mucosa. Linear support vector machine (SVM) classifiers were used to 

evaluate the classification performance. The classifier was trained on all combinations of 

the 4 mean vascular features for benign and dysplasia as well as for benign and SCC. The 

leave-one-out cross validation technique was used and the area under the receiver 

operative characteristics curve was computed for each classification. 

The same statistical analyses were used with the large and small vessel masks to 

compare the mean vascular parameters between normal, precancerous, and cancerous 

tissue. SVM classifiers were built on the mean vascular parameters from large vessel 

masks (up to 4 features), small vessel masks (up to 4 features) and from both large and 

small vessel masks (up to 8 features) to evaluate the classification performance. However, 

when using both large and small vessels, the same features from both masks were chosen 

at the same time. Statistical analyses and image processing were performed with 

MATLAB. 
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2.3 Results 

Every control oral mucosa was diagnosed as normal. For the DMBA-treated cheek 

pouches, a total of 8, 14 and 8 oral mucosae were diagnosed as negative (1 normal and 7 

hyperplasia), dysplasia and SCC, respectively.  Figure 6A summarizes the pathology 

results and Figure 6B shows the ratio of images obtained at two wavelengths of 4 sites 

each of representative of normal, hyperplasia, dysplasia and SCC. Vascular features that 

are in the images vary with wavelength. The ratio of images 440 nm/600 nm reveal better 

contrast in the shallower epithelium compared to those at 540/600 and 580/600, while the 

ratio of images at longer wavelengths reveal better contrast in deeper in the cheek pouch.. 

Figure 7A shows representative images from 4 different sites for each histological 

group and Figure 7B shows the corresponding binary vessel masks segmented with our 

Gabor algorithm. In Figure 7A, hyperplastic regions (*) can be seen in the hyperplasia and 
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dysplasia oral mucosa and dilated vessels (arrows) can be observed in the dysplasia 

images.  

 

Figure 6: Dark field spectral images reveal depth-sensitive vascular contrast. 

(A) Pathology for the hamster study. Legend indicates the DMBA painting total time. 

Numbers in parentheses indicate the number of animals in each category. (B) 

Representative ratiometric images of four different cancer stages taken at three 

different wavelength ratios (440/600, 540/600, 580/600 (nm/nm)) are shown. Dashed 

arrows indicate deeper blood vessels with better contrast in images obtained at 540 

and 580 nm. Solid arrows indicate shallow blood vessels with better contrast in 

images obtained at 440 nm. Scale bars: 500 µm. SCC: squamous cell carcinoma. 
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Figure 7: Label-free dark field imaging reveals chaotic neovascularization in 

hamster oral mucosa undergoing malignant transformation. (A) Ratiometric images 

(540/600 (nm/nm)) from normal tissue, hyperplasia, dysplasia and squamous cell 
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carcinoma (SCC) in hamster cheek pouches. Vasculature becomes more tortuous and 

chaotic from normal to SCC. White arrows indicate poorly defined leaky vessels. 

White asterisks indicate observably hyperplastic regions under dark field microscopy.  

(B) Corresponding binary vessel masks segmented using the Gabor algorithm. Red-

boxed images and masks correspond to the 540/600 images shown in Figure 6B. Scale 

bars: 500 µm. 

 

2.3.1 In Vivo Vascular Features Changed Significantly During 
Carcinogenesis 

Figure 8 displays extracted vascular parameters (tortuosity, diameter and length) 

from the representative images of normal, hyperplasia, dysplasia and SCC. In Figure 8, a 

large proportion of tortuous vessels with greater tortuosity can be observed in the SCC 

oral mucosa when compared to the normal mucosa. The vascular diameter  decreases 
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during the progression from normal to SCC, while vessel length remains relatively 

unchanged. 

 

 

Figure 8: Cancerous and precancerous hamster oral mucosa display distinct 

vascular features significantly different than normal. Quantitative vascular 

parameters (tortuosity, diameter and length) extracted from representative images of 

normal tissue, hyperplasia, dysplasia and squamous cell carcinoma in hamster oral 

mucosa. 

 

Figure 9A shows the mean vascular endpoints computed from the original masks. 

The vascular tortuosity of the dysplasia (1.049) and the SCC (1.050) oral mucosae were 

significantly higher than the normal (1.039) (p << 0.01 for both). The mean vascular 

diameter of hyperplasia (23.378 μm), dysplasia (25.537 μm) and SCC (21.062 μm) groups 

were significantly lower than the normal (29.42 μm) (p=0.03, 0.03 and <0.01 for normal vs. 
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hyperplasia, normal vs. dysplasia and normal vs. SCC, respectively). The vascular area 

fraction of the dysplasia (0.187) and the SCC (0.168) groups were significantly lower than 

the normal (0.215) (p=0.02 for both). No significant p-values were observed for vascular 

length.  

Figure 9B shows the receiver operative characteristic (ROC) curves for classifying 

normal and hyperplasia vs. dysplasia, as well as normal and hyperplasia vs. SCC. The 

area under the curves (AUC) were 0.95 and 0.84, respectively. These high AUCs suggested 

that it is promising to diagnose HNC with in vivo vascular features, particularly for SCC 

oral mucosa. 
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Figure 9: In vivo vascular features can be used to detect cancerous lesions with 

high accuracies. (A) Significantly increased tortuosity, decreased area fraction and 

decreased diameter were observed in oral vasculature during the malignant 

transformation. (B) Representative receiver operating characteristic curves computed 

from classifying low risk lesions (normal and hyperplasia) versus high risk lesions 

(dysplasia and squamous cell carcinoma) using the four vascular features (tortuosity, 

diameter, area fraction and length) from original vessel masks. Numbers in 

parentheses indicate the areas under the curves (AUC). AUCs were computed from a 
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linear support vector machine (SVM) with leave-one out cross validation. N: normal, 

H: hyperplasia, Dys: dysplasia, SCC: squamous cell carcinoma. **: p <0.01, *: p <0.05. 

 

2.3.2 Vascular Contrast Improved Significantly by Separating Large 
and Small Vessels 

To further enhance the distinct features of neoplastic progression, we split each 

original vessel mask into a large and a small vessel mask based on the vascular diameter. 

Figure 10A shows the histograms of vascular diameter in log scale for all original masks, 

all large masks and all small vessel masks regardless of pathology and Figure 10B shows 

the representative vascular images overlaid with the corresponding large and small vessel 

masks. The mean vascular diameter for the all masks, all large masks and all small vessel 

masks are 16.3, 25.7 and 7.0 μm, respectively. The large vessel masks contained some 

vessels with diameters smaller than 16.3 because they were classified as connecting 

vessels.  
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Figure 10: Stratifying blood vessels by diameter in order to enhance vascular 

features. (A) Diameter distribution from the original vessel masks and resulting 

diameter distributions from the large and small vessel masks with a threshold 

diameter of 16 µm (mean diameter of the study). Some vessels with a diameter 

smaller than 16 µm were included in the large vessel masks because they connect two 

large vessels. This can be observed in the histogram of diameters from the large 
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vessel masks. (B) Representative overlay images of large and small vessel masks on 

top of ratiometric images (540/600). SCC: squamous cell carcinoma. Scale bar: 500 µm. 

 

Figure 11A and Figure 11B shows the vascular parameters obtained from the small 

vessel masks. The trends in vascular features of the large vessel masks are similar to those 

seen in the original masks. The tortuosity of the large vessels increase significantly from 

normal (1.042) to hyperplasia (1.055), to dysplasia (1.071) and to SCC (1.110) (p = 0.01, 

<0.01, <0.01 for normal vs. hyperplasia, normal vs. dysplasia and normal vs. SCC, 

respectively). The mean diameter of the large vessels decreased significantly from normal 

(44.34 μm) to hyperplasia (32.13 μm), to dysplasia (36.31 μm) and to SCC (30.35 μm) (p < 

0.01 for each). Vascular area fraction also decreased significantly from normal (0.166) to 

dysplasia (1.34) and to SCC (0.113) (p = 0.02, 0.01 for normal vs. dysplasia and normal vs. 

SCC, respectively). The large vascular area fraction of the hyperplasia group (0.143) was 

not significantly different from the normal (p=0.41). The vascular length of hyperplasia 

(33.22 μm) and dysplasia (32.10 μm) were significantly lower than the normal (40.70 μm) 

(p =0.05, <0.01 for normal vs. hyperplasia and normal vs. dysplasia, respectively). 

However, the vascular length of SCC (34.29 μm) was not significantly different than the 

normal (p=0.06). 

The small vessel tortuosity was significantly higher in the dysplasia (1.051) and in 

the SCC (1.051) groups compared to the normal (1.043) (p< 0.01 for both comparisons). 

Surprisingly, the trends of vascular diameter, area fraction and length from normal to SCC 
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are opposite as in the original masks. The small vessel vascular diameter increased 

significantly from normal (10.33 μm) to hyperplasia (11.08 μm), dysplasia (11.36 μm) and 

to SCC (11.35 μm) (p<0.01 for all comparisons). The small vessel vascular area fraction of 

dysplasia (0.050) and SCC (0.053) are significantly higher than the normal (0.043) (p=0.05 

for both comparisons). The small vessel vascular length in SCC (21.88 μm) was 

significantly higher than the normal (19.70 μm) (p=0.05). 

Figure 11C shows the LSVM classification performance for normal and 

hyperplasia vs. SCC as well as normal and hyperplasia vs. dysplasia using the vascular 

features from large vessel masks or small vessel masks. The AUCs were 0.95 for 

identifying SCC from normal and hyperplasia and 0.89 for identifying dysplasia from 

normal and hyperplasia using large vessel masks. With the small vessel masks, the AUCs 

for identifying SCC and dysplasia from benign tissue were 0.88 and 0.89, respectively. The 

AUC for classifying dysplasia in oral mucosa was improved from 0.84 using the original 

masks to 0.89 by using the large vessel or the small vessel vascular features.  
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Figure 11: Large and small vessels demonstrate significant but distinct trends 

in vascular features during malignant transformation. Significant increases in 

tortuosity were observed for both large and small vessels during malignant 

transformation. However, significant decreases in area fraction, diameter and length 

were observed in large vessels (A) while opposite trends were observed in small 

vessels (B). The decreases in area fraction, diameter and length in large vessels may 

result from hyperplasia and hyperkeratinization. The increases in area fraction, 
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diameter and length in small vessels might be caused by neovascularization and 

dilation, respectively. (C) Representative receiver operating characteristic curves 

computed from classifying low risk lesions (normal and hyperplasia) versus high risk 

lesions (dysplasia and squamous cell carcinoma) using the four vascular features 

(tortuosity, diameter, area fraction and length) of large vessel masks and small vessel 

masks. Numbers in parentheses indicate the areas under the curves. N: normal, H: 

hyperplasia, Dys: dysplasia, SCC: squamous cell carcinoma.  **: p <0.01,*: p <0.05. 

 

2.3.3 In vivo vascular imaging can detect SCC and dysplasia with 
high accuracies 

To further improve the classification performance, we built linear SVM models 

with vascular features from both large vessel and small vessel features. Figure 12 

summarizes the AUCs for classifying SCC or dysplasia vs. normal and hyperplasia 

groups. The highest AUCs (0.915 and 0.923) for identifying dysplasia from normal and 

hyperplasia were achieved when using 6 features (tortuosity, diameter, and length from 

both large and small vessel masks) or using 8 features (tortuosity, diameter, area fraction 

and length from both large and small vessel masks), respectively. 
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Figure 12: Enhanced in vivo vascular features can be used to detect both 

precancerous and cancerous lesions with high accuracies. Summary of the areas under 

the curves from classifying low risk lesions (normal and hyperplasia) versus high risk 

lesions (dysplasia and squamous cell carcinoma) using vascular features of both large 

vessel and small vessel masks. The shaded areas indicate which features were used 

for classification. The highest AUC was achieved when 8 features (tortuosity, 

diameter, area fraction and length from large and small vessel masks) were selected. 

N: normal, H: hyperplasia, Dys: dysplasia, SCC: squamous cell carcinoma, AUC: area 

under the curve, LM: large vessel mask, SM: small vessel mask. 

 

Figure 13 shows the AUCs for using different combinations of vascular features 

from original, large or small vessel masks to classify normal and hyperplasia vs. dysplasia 

as well as normal and hyperplasia vs. SCC. In general, tortuosity and diameter are two 

promising features to identify the SCC and dysplasia from normal and hyperplasia. When 

using the tortuosity and diameter parameters to build the classification models, the AUCs 
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ranged from 0.87 to 0.96, and from 0.87 to 0.9 for identifying SCC and dysplasia, 

respectively. 
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Figure 13: Vascular features can be used to detect cancerous lesions with high 

accuracies. Summary of the area under the curve data from classifying low risk 

lesions (normal and hyperplasia) versus high risk lesions (dysplasia and squamous 



 

39 

cell carcinoma) using vascular features of original, large vessel and small vessel 

masks, respectively. The shaded areas indicate which features were used for 

classification.  N: normal, H: hyperplasia, Dys: dysplasia, SCC: squamous cell 

carcinoma, AUC: area under the curve, LM: large vessel mask, SM: small vessel mask. 

 

2.4 Discussion 

After the importance of angiogenesis in tumor development was revealed in 1971, 

the majority of attention focused on preventing tumor growth through the inhibition of 

angiogenesis or improving therapy efficacy through vessel normalization. Although 

tumor vasculature is often described as tortuous, leaky, disorganized and dilated, limited 

study has demonstrated the feasibility of using such notorious features for in vivo cancer 

diagnosis due to the complex nature of vasculature or lack of an appropriate animal 

model. In this study, we obtained in vivo vascular images with a high resolution dark field 

microscope from a spontaneous carcinogen hamster oral mucosa model and 

demonstrated that using the quantitative in vivo vascular features to provide cancer 

diagnosis is feasible. 

Spectral dark field microscopy is a simple and robust technique for in vivo vascular 

imaging. The penetration depth and vascular contrast are closely related to the 

wavelengths of the illuminating light. The 440 nm images provided greater vascular 

contrast with shallower penetration depth whereas the 600 nm images provided the 

opposite. Therefore, the extracted vascular features may be different for each spectral 

image. Occasionally, small and shallow vessels can poorly be seen in the 540-600 nm due 
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to the relatively low absorption (Figure 14). In this study, we combined the spectral 

images to integrate the information from 440, 540, 580 and 600 nm and made our vascular 

masks contain the full information of the vasculature from various depths (Figure 6B and 

Figure 7B). 

Figure 14 demonstrates the variation in vascular contrast between images 

obtained at different wavelengths. Shorter wavelengths result in better contrast of shallow 

vessels closer to the surface, while longer wavelengths are capable of probing into deeper 

tissue.  

 

Figure 14: Vascular features can be used to detect cancerous lesions with high 

accuracies. Dark field spectral images of a representative SCC site taken at four 

different wavelengths (440, 540, 580, and 600 nm). 
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The hamster cheek pouch carcinogen model is ideal for our study since the 

epithelium will undergo various stages from normal, hyperplasia, dysplasia and SCC. 

This provided us the opportunity to image the vasculature at different stages. 

Interestingly, the trends for the mean vascular parameters also follow the progression of 

the cancer. For example, when the vascular parameter in SCC is higher than the normal, 

the corresponding mean vascular parameters for dysplasia and hyperplasia are in 

between the normal and SCC. The only exception is the vascular length in the large vessel 

mask (Figure 11A), which is heavily skewed by an outlier. This suggests that the in vivo 

vascular parameters measured by dark field microscopy reflected the progression of 

cancer. 

The tortuosity increased significantly in dysplasia and SCC than the normal for 

original, large and small vessel masks and the trends are consistent for all three masks. 

Several in vivo studies also demonstrated that the tumor vasculature is more tortuous than 

the normal vasculature [65-67]. Li et al. injected 20-50 tumor cells into a mice window 

chambers to mimic the natural tumor-induced angiogenesis and observed qualitative 

increases in vascular tortuosity during the tumor progression [66] Conroy et al. utilized 

OCT and image processing techniques and quantitatively demonstrated that tumor 

induced vasculature was significant more tortuous than normal vasculature in a window 

chamber model [67]. The tortuous feature of tumor vasculature may be caused by the 

overexpression of VEGF [68, 69] and overexpression of VEGF was observed in DMBA 



 

42 

treated hamster oral mucosa [70, 71]. Although we observed increases in tortuosity in SCC 

and dysplasia, more studies are needed to further explore the relation between the 

tortuosity and VEGF level. 

Biological factors could account for the interesting observation of opposing trends 

in area fraction and diameter in original and large vessel masks versus small vessel masks 

[72]. Neovascularization is characterized by rapid and chaotic sprouting of new, usually 

immature vessels to provide nutrients to the proliferating cancer cells. A hallmark of the 

angiogenic pathway, it is likely responsible for the increased area fraction of small vessels 

seen in dysplasia and SCC. A hyperplastic increase in cell density is another common 

feature of precancerous tissues, and could potentially reduce vessel visibility under the 

microscope through epithelial thickening. This phenomenon may account for the 

significant decrease in area fraction for large vessels seen during the progression from 

normal mucosa to SCC by gradually obscuring vasculature from view. It could also 

explain the overall decrease in area fraction in the original masks. Both increases and 

decreases in vascular area fraction have been observed in studies comparing tumors to 

normal tissues [65-67, 73]. However, it is noteworthy that we observed both phenomena 

in the same experiment.  

The feasibility of using in vivo vascular parameters for head and neck cancer 

diagnosis was demonstrated with high accuracy in our study. The classification 

performances improved 9.5%, from 0.84 to 0.92, for identifying the dysplasia by extracting 
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more features from the original masks. However, in order to prevent overfitting, we 

limited our classification models with 8 features from large and small vessel masks rather 

than using 12 features from original, large and small vessel masks. In addition, leave-one-

out technique also made our model less sensitive to overfitting. Furthermore, the AUC for 

identifying dysplasia with only 4 features (tortuosity with diameter or area fraction or 

length from both large and small vessel masks) were only 0.01 less than our highest AUC 

which was computed from 8 features. Therefore, we believe our model was not overfitted. 

Angiogenesis is a highly regulated process to support tissue growth, designed by 

nature to grow toward regions with low nutrients and oxygen. Cancer cells never 

havetheir nutrition and oxygen needs met, thus resulting in an imbalanced angiogenesis 

and tortuous and dilated blood vessels. We characterized the tumor induced 

neovasculature at different stages of carcinogenesis with dark field microscopy and 

image processing algorithms. Our results demonstrated that it is promising to diagnose 

pre-cancer and cancer from vascular images. 
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3. Differentiating Cancer from Non-Cancerous tissues 
during Panendoscopy with the Goal of Reducing 
Unnecessary Biopsies 

The aim of chapter 3 is to reduce the number of non-malignant biopsies during 

panendoscopy with a portable diffuse reflectance spectroscopy system. 

3.1 Introduction 

All patients with any clinically suspicious lesions undergo surgical biopsies. 

However, studies show that more than 50% of suspicious biopsies are pathologically 

confirmed as normal [9]. It would be of immense overall benefit to clinicians and 

patients if it were possible to have an “adjunct” technique that could suitably identify 

those patients that would benefit from further surgical biopsy from those that need 

follow-up clinical observations. The clinical value of this tool would require it to be fast 

and non-invasive such that feedback could be obtained during the patient’s visit, 

portable such that it can be used in an ambulatory setting, and quantitative such that 

data obtained is consistent across operators and patients. 

Although the vast majority of head and neck cancers are squamous cell 

carcinomas originating from the thin lining of the upper aerodigestive tract, the 

underlying tissue of origin varies.  Current description of head and neck squamous cell 

carcinomas (HNSCC) is often based on anatomical boundaries (i.e. oropharynx, oral 

cavity, pharynx, larynx)[74].  However, this anatomical categorization does not take into 

account the differences in underlying tissue from which the tumor originates. For 
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example, HNSCC of the oropharynx can arise from the lymphoid tissue of the tonsil or 

from the muscular tissue of the tongue. Thus, it is important to develop an adjunct 

technique that can effectively discriminate between malignant and non-malignant 

tissues arising from morphologically-distinct tissue sites of the head and neck. 

Optical methods can provide valuable information about tissue composition 

including physiological, metabolic and structural properties via interaction with 

endogenous constituents  in tissue [75]. Diffuse reflectance spectroscopy (DRS) has been 

previously used to show that malignant and non-malignant tissues of the head and neck 

can be differentiated when analyzed using a variety of different techniques [9, 76-92]. 

Our team has developed a quantitative DRS technique that incorporates a portable fiber-

based spectrometer and a robust and rapid inverse Monte Carlo (MC) algorithm capable 

of extracting tissue optical properties [58, 59].  The inverse model can rapidly compute 

total hemoglobin concentration ([THb]), hemoglobin oxygen saturation (SO2), and the 

mean reduced tissue scattering coefficient (μs’), which reflects the cellularity of the 

tissue within the probed volume. The feasibility of using this technology in patients 

undergoing panendoscopy with clinical biopsy has been previously demonstrated by 

our group [9]. 

In this chapter, the diagnostic accuracy between the anatomical and tissue-

specific grouping strategies using the optical biomarkers obtained via the quantitative 

DRS technique was investigated for HNSCC detection during staging panendoscopy.  In 
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addition, a comparison was made among the optical biomarkers of normal, node-

positive, and node-negative malignant tissues. Finally, optical biomarkers of the 

malignant, pathologically confirmed non-malignant, and clinically observed normal 

tissue samples were compared. 
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3.2 Methods 

3.2.1 Clinical Study Design 

This study was approved by the Duke University School of Medicine 

Institutional Review Board (Pro00021026) and was open to all patients who were 

scheduled for panendoscopy and biopsy for suspected head and neck cancer at the Duke 

University Hospital during 2010 to 2012.  Patients with suspicious lesions were 

approached and consented to undergo a non-invasive evaluation of sites to be biopsied 

using the optical probe.  All patients were included in the study with no further sub-

selection. Tissue biopsies were only obtained from the site suspected of disease and all 

measurements from normal appearing unaffected tissues were assumed to be normal. 

No biopsies were taken from normal appearing unaffected tissues. Several surgeons 

specialized in head and neck surgery participated in this study taking biopsies. The 

locations of distant non-malignant tissue measurements were supervised by the same 

surgeon (W.L.) who participated in a previously published study at the Durham 

Veterans Administration Hospital [9] in which 25 normal tissues were biopsied and 

submitted for histopathology. In this study, the surgeon demonstrated 100% accuracy in 

correctly identifying clinically-appearing distant normal sites as histologically non-

malignant.  

In each consented patient, the optical probe was placed on the surface of at least 

two tissue sites (“tumor” and “normal appearing unaffected tissue”).  Five diffuse 
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reflectance scans were obtained at each site and data was recorded. To co-localize the 

optical scans and clinical biopsies, the suspicious sites were biopsied immediately after 

the optical measurements were completed with the attending physician visually 

marking the spot of optical measurements for biopsy (which was approximately 2-5 mm 

in diameter).  

The measurements were obtained from anatomical sites in the larynx, pharynx, 

or oral cavity.  Four groups were built based on the structures underneath the 

epithelium layer and their epithelial variations. The first group consisted of 

measurements from the glottis. Specialized structures existed such as vocal cord in the 

larynx area. The true and false vocal cords are covered with stratified squamous 

epithelium and the ciliated pseudostratified columnar epithelium, respectively [93]. The 

supporting ligament and muscle, vocalis muscle, also makes the underlying of the vocal 

cord different from the other structures in head and neck. The second lymphoid tissue 

group was formed by combining measurements from the oropharynx, tonsil and base of 

the tongue due to the rich lymphatic drainage in the region [94]. The third muscle group 

consisted of measurements from the tongue which consisted of majorly with striated 

muscle fibers. The tongue epithelium, which is modified into filiform papillae and 

fungiform papilla, is also distinct from other epitheliums in head and neck. The last 

group combined measurements from all remaining sites into a mucosal group. 
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3.2.2 Optical Spectroscopy Instrumentation 

A portable fiber optic instrument (Figure 15) was used to measure tissue diffuse 

reflectance spectra. Light from a 40W halogen lamp (HL2000HP; Ocean Optics, 

Dunedin, FL), was coupled to an optical fiber (400 μm diameter) for illumination.  

Another fiber (400 μm diameter) was placed 475 μm away from the source fiber and 

coupled the diffuse reflectance from tissue into a spectrometer (USB4000, Ocean Optics, 

Dunedin, FL). Tissue reflectance measurements were normalized to a 99% reflectance 

standard measurement (Labsphere, Inc.) obtained each day.  Tissue sensing depths were 

determined using forward MC simulation [95] and were found to be 1.1 mm and 1.6 mm 

at 480 nm and 600 nm, respectively, for the median absorption and scattering 

coefficients derived from the previous study [9].  
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Figure 15: A picture of the portable system which consists of a laptop, USB 

spectrometer, halogen light source, heat filter and a bendable gooseneck probe 

containing the two optical fibers. The system is computer controlled. 

 

3.2.3 Extraction of tissue biomarkers from optical reflectance data 

Diffuse reflectance spectra (480-650 nm) were collected and analyzed using an 

inverse MC model to obtain the scattering and absorption coefficients[58]. [THb] (μM), 

SO2 (%) and μs’ (1/cm) were extracted from the absorption and scattering coefficients [9]. 

3.2.4 Statistical Analysis 

Tissue samples were divided into malignant and non-malignant groups, based 

on histopathological diagnosis of biopsied tissues and clinical impression of the non-

biopsied normal tissues. The histopathological slides were read and analyzed by several 

pathologists from Duke Universality Medical Center Pathological laboratory. The 
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pathologists and surgeons were blinded to the DRS results.  Mean contributions per 

tissue/site for all extracted optical biomarkers were compared between groups using the 

Wilcox rank-sum test to determine if there were statistically significant differences 

(P<0.05) between the two groups. Linear-discriminant models were used to classify the 

tissue as malignant or non-malignant, by using all or a subset of (all pair-wise 

combinations of [THb], SO2, and µs’) the three optical biomarkers. This was carried out 

for tissues grouped by the anatomical sites classification (larynx, pharynx, oral) and for 

tissues grouped by the tissue-specific classification (lymphoid, glottis, mucosal and 

muscle). The sensitivity (Se), specificity (Sp), positive predict value (PPV) and negative 

predict value (NPV) were determined by comparing the model prediction to the 

pathological diagnosis. The discriminant algorithm was validated using a leave-one-out 

cross-validation technique.  In addition, the optical biomarkers of the non-malignant, the 

lymph-node-positive, and the lymph-node-negative samples were compared with the 

Wilcox rank-sum test. Finally, differences between the optical biomarkers of the non-

malignant, pathologically-confirmed non-malignant and the clinical observed non-

malignant samples were also evaluated with the Wilcox rank-sum test.  All data 

processing and statistical data analysis was performed using MATLAB (MathWorks 

Inc., Natick MA). 
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3.3 Results 

Ninety-nine biopsies co-localized with optical probe measurements were 

obtained from the 57 enrolled patients. Fifty-one of the 99 biopsies were diagnosed as 

SCC. These 51 SCC samples were obtained from 37 of the enrolled patients. Forty of the 

99 biopsies were pathologically classified as negative for SCC. Eight of the 99 biopsies 

were pathologically classified as dysplastic, and these were excluded from this study 

due to the small sample size. Another 158 optical probe measurements were measured 

at distant normal epithelium from all 57 patients. These 158 sites were not biopsied and 

were considered to be normal based on clinical appearance and distance from the tumor.  

Figure 16 shows the representative normalized reflectance scans of malignant 

and nonmalignant tissues for the 3 anatomical sites and the 4 morphological categories. 

All SCC-positive tissues were further separated into 4 groups by their tumor size and 

lymph node status according to the TMN staging information. A breakdown by 

anatomical site, morphological categories, tumor stage and lymph node status for all 

measurements in this study is shown in Table 1. 
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Figure 16: Representative normalized reflectance scans for the 3 anatomical 

sites (A) and the 4 morphological categories (B). 
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Table 1: Breakdown of anatomical site, sub-site and morphologically similar 

tissue types for all measurements. All tumor sites were confirmed by 

histopathological confirmation of biopsies. 37 patients had pathologically-confirmed 

SCC. The number of patients included in each sample type was indicated in the 

parentheses.  aTis: Carcinoma in situ. bN+: Node-Positive SCC. cN-: Node-Negative 

SCC. dRMT: Retromolar trigone 

   
Pathology confirmed 

SCC 
Non-malignant 

   aTis/T1/T2 T3/T4 
Tota

l 

Pathology 

Confirmed 

Clinical 

Observation 
Total 

Anatomic

al Site 

Anatomical 

Sub-site 

Morphologi

cal groups 
bN+ cN- N+ N-     

Larynx Glottic Glottic 1(1) 11(8) 2(1

) 

0(0

) 

14(1

0) 

21(14) 23(18) 47(23) 

 Supraglotti

c 

Mucosal 2(2) 1(1) 2(2

) 

0(0

) 

5(5) 0(0) 5(4) 5(4) 

 Site-total 3(2) 12(8) 4(3

) 

0(0

) 

19(1

3) 

21(14) 28(21) 52(25) 

Pharynx Oropharyn

x 

Lymphoid 2(2) 0(0) 1(1

) 

0(0

) 

3(3) 1(1) 7(6) 8(6) 

 Hypophary

nx 

Mucosal 1(1) 0(0) 0(0

) 

0(0

) 

1(1) 3(2) 1(1) 4(3) 

 Base of 

Tongue 

Lymphoid 5(5) 3(3) 2(2

) 

0(0

) 

10(1

0) 

11(7) 15(14) 26(15) 

 Tonsil Lymphoid 3(3) 1(1) 1(1

) 

1(1

) 

6(6) 0(0) 5(4) 5(4) 

 Site-total 11(1

1) 

4(4) 4(3

) 

1(1

) 

20(1

9) 

15(8) 28(22) 43(23) 

Oral 

Cavity 

Tongue Muscle 3(1) 4(3) 0(0

) 

0(0

) 

7(4) 3(2) 34(29) 37(29) 

 Floor of 

Mouth 

Mucosal 0(0) 0(0) 1(1

) 

0(0

) 

1(1) 0(0) 23(22) 23(22) 

 Alveolus Mucosal 0(0) 0(0) 0(0

) 

2(1

) 

2(1) 0(0) 2(2) 2(2) 

 Palate Mucosal 0(0) 0(0) 0(0

) 

0(0

) 

0(0) 1(1) 21(19) 22(19) 

 Cheek Mucosal 0(0) 1(1) 0(0

) 

0(0

) 

1(1) 0(0) 22(22) 22(22) 

 dRMT Mucosal 0(0) 1(1) 0(0

) 

0(0

) 

1(1) 0(0) 0(0) 0(0) 

 Site-total 3(1) 6(5) 1(1

) 

2(1

) 

12(8) 4(3) 102(34) 106(3

4) TOTAL 17(1

4) 

22(1

7) 

9(6

) 

3(2

) 

51(3

7) 

40(25) 158(56) 198(5

7)  
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3.3.1 Contrast between SCC and Non-malignant Samples is 
Significantly Enhanced When Grouped by Tissue Morphology 

Figure 17 shows SO2, [THb] and μs’ as boxplots when the samples were grouped 

together by anatomical sites or by morphologically-similar sites for pathologically-

confirmed SCC and non-malignant sites. When the samples were grouped by their 

anatomical locations, the SO2 of the malignant tissues was significantly lower than that 

in non-malignant tissues in the larynx and the pharynx (p<0.01 for both). The μs’ of the 

malignant tissues was significantly lower than that in the non-malignant tissues in the 

pharynx (p=0.03) and in the oral cavity (p<0.01). When the samples were grouped by 

morphologically-similar tissue types, SO2 showed statistically significant differences 

between SCC and non-malignant tissues for all four tissue groups (glottis  p<0.01; 

lymphoid p<0.01; muscle p=0.03; and mucosal p<0.01). Further, statistical differences in 

μs’ were also observed between SCC and non-malignant tissues of lymphoid and 

mucosal origin (p=0.02 and p<0.01, respectively) but not in the glottis. The μs’ of the SCC 

tissues is nearly significantly lower than the μs’ of the non-malignant tissues (p=0.058) in 

the muscle group. In summary, contrast between SCC and non-malignant tissue is 

significantly enhanced when parsing tissues by morphological rather than by anatomical 

subtypes. 



 

56 

 

Figure 17: Range and median values of extracted biomarkers for normal and 

SCC for different anatomic and tissue classifications. Numbers in parentheses 

indicate sample numbers. Significant p-values are reported from unpaired Wilcoxon 

rank sum tests. Contrast between SCC and non-malignant tissues is enhanced when 

parsing tissues by morphological rather than by anatomical subtypes (*p<0.05, 

**p<0.01) (N:Non-malignant) 
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3.3.2 Linear Discriminant Model Has Better Predictive Power with the 
Morphological Tissue Grouping 

The sensitivity, specificity, PPV and NPV were computed by comparing 

predictions from the discriminant model to those obtained from pathology and are listed 

for each set of optical variables used (Table 2). The numbers of false negative (FN) and 

false positive (FP) samples are also provided. The FNs were separated into node-positive 

SCC and node-negative SCC for Tis/T1/T2 stage and T3/T4 stage. The FPs were 

separated into pathologically non-malignant and clinically non-malignant groups.  

Overall, for every pair of optical variables selected, there were improvements in the 

sensitivity, specificity, PPV, and NPV when discriminant models were built based on 

morphological groupings, relative to a model that was built based on the anatomical 

location. The total number of FN samples was lowest when using all three optical 

biomarkers for classification. Importantly, the total number of FNs and FPs derived from 

the morphologically-grouped algorithm was less than the total number of FNs and FPs 

derived from anatomically-grouped algorithm. Further, the algorithm based on 

morphological groupings was particularly more effective in identifying node-positive 

vs. node-negative disease. 
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Table 2: Diagnostic accuracy based on linear-discriminant models using two or 

more measured optical biomarkers for sites grouped by anatomical sites or by tissue 

types (shaded cells). The sensitivity, specificity, positive predictive value and 

negative predictive value values are reported for leave-one-out cross-validation. The 

standard error of the diagnostic accuracies were computed and provided in the 

parentheses. The numbers in the site column in parenthesis represents the number of 

node positive SCC, node-negative SCC, pathologically-confirmed non-malignant, 

clinically-observed non-malignant samples in each group. See Table 1 for tissue 

groupings used. The numbers of false negatives and false positives are also shown. 

The FN was further broken down into N+ and N- groups. The FP was broken down 

into pathological confirmed non-malignant or clinical observed normal groups. The 

collective Se, Sp, PPVs and NPVs when all subgroups are combined are also shown. 

This table suggests that while the same optical biomarkers were used to build the 

discriminant model, the models generally perform better when the samples were 

grouped by tissue type (shaded) than by anatomical site (non-shaded). Moreover, the 

discriminant models with three optical biomarkers generally classify the samples 

better than those with only two optical biomarkers. The number in parenthesis 

indicates the standard error of the corresponding diagnostic accuracy. a Path: 

pathological confirmed non-malignant sample. bClin: clinical observed normal 

samples. 
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      FN FP 

      Tis/T1/T2 T3/T4 Total aPath. bClin. Total 

Biomarker   

Pairs 
Site Se. Sp. PPV. NPV. N+ N- N+ N-     

SO2&THb 
Larynx  

(7/12/24/28) 
63%(11.1%) 94%(3.4%) 80%(10.3%) 88%(4.7%) 1 4 2 0 7 2 1 3 

 
Pharynx  

(15/5/15/28) 
65%(10.6%) 86%(5.3%) 68%(10.7%) 84%(5.5%) 4 1 1 1 7 4 2 6 

 
Oral Cavity  

(4/8/4/102) 
50%(14.4%) 73%(4.3%) 17%(6.4%) 93%(2.8%) 1 4 0 1 6 1 28 29 

 Total 61%(6.8%) 81%(2.8%) 45%(6.0%) 89%(2.3%) 6 9 3 2 20 7 31 38 

 
Glottic  

(3/11/24/23) 
57%(13.2%) 94%(3.8%) 73%(13.4%) 88%(4.7%) 1 4 1 0 6 2 1 3 

 
Lymphoid 

 (14/5/12/27) 
68%(10.6%) 87%(5.4%) 72%(10.6%) 85%(5.6%) 3 1 1 1 6 3 2 5 

 
Muscle 

 (3/4/3/34) 
71%(17.1%) 68%(7.7%) 29%(11.1%) 93%(5.0%) 1 1 0 0 2 0 12 12 

 
Mucosal 

 (6/5/4/74) 
73%(13.4%) 90%(3.4%) 50%(12.5%) 96%(2.3%) 0 2 0 1 3 2 6 8 

 Total 67%(6.6%) 86%(2.5%) 55%(6.3%) 91%(2.1%) 5 8 2 2 17 7 21 28 

SO2&μs’ 
Larynx  

(7/12/24/28) 
63%(11.1%) 94%(3.4%) 80%(10.3%) 88%(4.7%) 1 4 2 0 7 2 1 3 

 
Pharynx  

(15/5/15/28) 
75%(9.7%) 86%(5.4%) 71%(9.9%) 88%(5.0%) 2 1 1 1 5 5 1 6 

 
Oral Cavity  

(4/8/4/102) 
67%(13.6%) 74%(4.3%) 22%(6.9%) 95%(2.4%) 1 2 0 1 4 2 26 28 

 Total 69%(6.5%) 82%(2.8%) 49%(5.9%) 91%(2.2%) 4 7 3 2 16 9 28 37 

 
Glottic  

(3/11/24/23) 
57%(13.2%) 94%(3.8%) 73%(13.4%) 88%(4.9%) 1 4 1 0 6 2 1 3 

 
Lymphoid  

(14/5/12/27) 
74%(10.1%) 87%(5.4%) 74%(10.1%) 87%(5.4%) 2 1 1 1 5 4 1 5 

 
Muscle  

(3/4/3/34) 
71%(17.1%) 73%(7.3%) 33%(12.1%) 93%(4.7%) 1 1 0 0 2 0 10 10 

 
Mucosal  

(6/5/4/74) 
73%(13.4%) 92%(3.0%) 57%(13.2%) 96%(2.3%) 0 2 0 1 3 3 3 6 

 Total 69%(6.5%) 88%(2.6%) 59%(6.5%) 92%(2.0%) 4 8 2 2 16 9 15 24 

SO2&THb&μs’ 
Larynx  

(7/12/24/28) 
63%(11.6%) 94%(3.4%) 80%(10.3%) 88%(4.7%) 1 4 2 0 7 2 1 3 

 
Pharynx  

(15/5/15/28) 
80%(8.9%) 86%(5.3%) 73%(9.5%) 90%(4.6%) 1 1 1 1 4 5 1 6 

 
Oral Cavity  

(4/8/4/102) 
67%(13.6%) 73%(4.3%) 22%(6.8%) 95%(2.4%) 1 2 0 1 4 2 27 29 

 Total 71%(6.4%) 81%(2.8%) 49%(5.8%) 92%(2.1%) 3 7 3 2 15 9 29 38 

 
Glottic  

(3/11/24/23) 
57%(13.2%) 94%(3.8%) 73%(13.4%) 88%(4.9%) 1 4 1 0 6 2 1 3 

 
Lymphoid  

(14/5/12/27) 
79%(9.4%) 90%(4.9%) 79%(9.4%) 90%(4.9%) 1 1 1 1 4 3 1 4 

 
Muscle  

(3/4/3/34) 
71%(17.1%) 73%(7.3%) 33%(12.2%) 93%(4.7%) 1 1 0 0 2 0 10 10 

 
Mucosal  

(6/5/4/74) 
73%(13.4%) 90%(3.4%) 50%(12.5%) 96%(2.3%) 0 2 0 1 3 3 5 8 

 Total 71%(6.4%) 88%(2.4%) 59%(6.3%) 92%(2.0%) 3 8 2 2 15 8 17 25 
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3.3.3 Tissue Scattering and Hemoglobin Oxygenation Saturation Are 
Lower at the Primary Tumor with Node Positive Disease 

Figure 18 shows boxplots of the optical biomarkers for non-malignant samples, 

node-positive and node-negative SCC samples. The SO2 of the non-malignant samples 

was significantly higher than that of the node-positive and node-negative SCC groups 

(p<0.01 for both). The μs’ of the node-positive SCC samples was nearly significantly 

lower than that of non-malignant group (p=0.055) thus providing additional contrast 

when differentiating non-malignant from node-positive SCC samples. Moreover, the μs’ 

of the node-positive SCC samples was significantly lower than that of node-negative 

SCC samples (p<0.01) and the μs’ of the node-negative SCC samples was significantly 

lower than that of the non-malignant samples (p<0.01).  
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Figure 18: Boxplots of SO2 (A), [THb] (B) and μs’(C) for non-malignant and 

SCC samples. The SCC samples were separated into two groups by lymph node 

status. The significant p values from Wilcoxon rank sum tests are shown. This figure 

suggests that head and neck malignant tissue is generally hypoxic. Moreover, as the 

tumor progress from node-negative to node-positive, the tissue scattering generally 

decreases. (**p<0.01)) (N: Non-malignant) 

 

3.3.4 Optical Spectroscopy Shows Contrast Between SCC and 
Pathologically-confirmed Non-malignant Tissues 

Figure 19 shows boxplots of the optical parameters for the malignant, 

pathologically-confirmed non-malignant and clinically-observed non-malignant tissues. 
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The SO2 of the malignant tissues were significantly lower than both the pathological 

non-malignant tissues and the clinical observed non-malignant tissues. The SO2 of the 

pathological non-malignant tissues were also significantly lower than the clinically-

observed non-malignant tissues. No statistical significance was observed in the 

[THb]results. The μs’ of the clinically-observed non-malignant tissues were higher than 

both the pathologically-confirmed non-malignant and the malignant tissues. 
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Figure 19: Boxplots of SO2 (A), [THb] (B) and μs’(C) for malignant, 

pathologically-confirmed non-malignant and clinically-observed non-malignant 

tissue. The significant p values computed from the Wilcoxon rank sum tests are 

shown. (**p<0.01)) This figure suggests that the contrast between the malignant and 

pathologically-confirmed non-malignant was less than the contrast between the 

malignant and the clinically-observed non-malignant tissues. (Path: pathologically-

confirmed non-malignant. Clinical: Clinical observed non-malignant) 
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3.4 Discussion 

Our results show that when using SO2, [THb] and μs’ for building the 

discriminant models, the overall PPV and NPV increased from 49% and 92%, 

respectively, to 59% and 92%, when tissue-specific classification was used instead of 

anatomically-based classification. Moreover, this change resulted in a 34% decrease in 

the number of FP classifications. This supports the hypothesis that a strong predictive 

algorithm would need to be tissue-specific, since different tissues are expected to have 

different baseline physiological and morphological properties. It has been demonstrated 

that these differences in morphological and chemical properties affects the tissue optical 

properties. For instance, Bashkatov et al. showed that the absorption and the scattering 

spectra of human skin, subcutaneous adipose, and mucosa exhibit different spectral 

features [96]. Therefore, mixing different types of tissues could be expected to diminish 

contrast between the malignant and non-malignant tissues as observed here. 

Forty-three clinically-appearing malignant tissues were confirmed to be 

histologically benign. While the tissue absorption and scattering were similar between 

the 51 malignant and the 43 pathologically-confirmed non-malignant tissues, the SO2 

was significantly different.  The algorithm based on morphological groupings classified 

81% of these samples correctly. In addition, 23 glottic samples were biopsied and 

confirmed as pathologically non-malignant. With the morphologically based algorithm, 

only 2 pathologically-confirmed benign samples were classified as malignant. This 
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implies that 92% of these biopsies could have been avoided. These data illustrate the 

potential utility of using optical spectroscopy for reducing the number of unnecessary 

biopsies.  

The effect of enhancing contrast when building the linear discriminant model 

based on tissue type is more obvious when comparing the oral cavity group to its 

constituent tissue groups (muscle and mucosal) since they had comparable sample sizes 

(37% muscle, 63% mucosal). The linear discriminant models have better sensitivities and 

PPVs and similar specificities and NPVs regardless of the optical parameters chosen 

(Table 2) when using tissue type over anatomical location. In addition, the SO2 showed 

no statistical differences between the malignant and non-malignant tissues in the oral 

cavity. On the other hand, both the SO2 of the malignant tissues in muscle and the 

mucosal group were significantly lower than the SO2 of the non-malignant tissues in the 

corresponding group (Figure 17).  

Optical techniques have been widely used to detect and characterize differences 

between dysplastic and malignant tissue from benign tissue, as reviewed previously 

[74],[97],[98]. Although capable of providing high discriminatory power, these 

approaches rely on heuristic algorithms for classification, and do not necessarily 

leverage information about the underlying tissue physiology or morphology for tissue 

classification, as has been demonstrated in this study. Further, only one of the three 

groups mentioned above has previously reported on differences between benign and 
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dysplastic and/or cancerous lesions based on anatomical sub groups. However, this was 

limited to just the oral cavity, which is a very small subset of the head and neck lesions 

observed clinically.  

Hypoxia is a general characteristic of solid tumors in the head and neck [99] due 

to a less-ordered and leaky vascular supply, as compared with that of normal tissues 

[100].  In this study, the oxygenation of the malignant head and neck tissues is shown to 

be generally lower than that of normal head and neck tissues in the unpaired 

comparisons (Figure 17, Figure 18 and Figure 19). This result was also observed in our 

previous spectroscopy study of HNCC [9].  In another study, Terris et al. found that the 

partial pressure of oxygen (pO2) of the primary tumor (22.7 ± 16.0 mm Hg) was lower 

than that of normal subcutaneous tissue  (57.2 ± 12.8 mm Hg ) [101]. This result is 

concordant with our findings. In addition to providing contrast for the detection of SCC, 

knowledge of tumor SO2 will be invaluable in therapy planning, as tumor hypoxia 

renders the tumor resistant to radiation treatment, which plays an important role in 

head and neck cancer therapy.  

Tissue scattering likely reflects the morphology of the head and neck tumor. 

Tissue scattering of the malignant tissues was significantly lower than that of the clinical 

observed non-malignant tissues. Moreover, tissue scattering of lymph-node-positive 

malignant tissues was lower than both normal tissues and node-negative malignant 

tissues. This could be caused by the loss of collagen in the basement membrane during 
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the invasion of the SCC cells. Breach of the basement membrane is considered to be the 

first step for the head and neck SCC cells to become an invasive carcinoma [102] [103]. 

Both urokinase-type plasminogen activator and metalloproteinases (MMPs, also known 

as collagenases) play important roles allowing SCC cells to degrade the basement 

membrane. Activating the urokinase or the collagenases can result in the hydrolysis of 

collagen [104] [102] [105], which serves as an important component in the basement 

membrane and one major tissue scatterer as well [106]. Georgakoudi et al. observed a 

decrease of tissue scattering during the progression of dysplasia in esophagus tissue 

with reflectance spectroscopy [107]. Loss of collagen due to neoplasia can also be seen in 

wide-field autofluorescence imaging in oral cavity [108].  

Although we failed to achieve 100% sensitivity and specificity, our technique is 

low-cost, label-free and portable, and thus has potential in countries where 

histopathology services are limited. If our technique proves reliable, rapid screening 

before biopsy could potentially eliminate the collection and subsequent analysis of 

suspicious-looking yet benign biopsies, which would, in turn, reduce the current burden 

of trained pathologists.  In addition, the classification outcome may be improved by 

further refining the tissue grouping strategy. This strategy could also be applied to other 

technologies and organ sites.  Moreover, our results show that the tissue scattering at the 

primary tumor might be related to the nodal status. This is important since whether the 

cancer has metastasized will significantly change the treatment strategy. Finally, current 
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histopathology results of the biopsies at the primary tumor would not reveal the lymph 

node status. Our device might provide valuable information to the treatment team as to 

the status of the neck nodes, and whether further treatment of these lymph nodes is 

indicated.  

Our group demonstrates a quantitative optical spectroscopy technique and tissue 

grouping strategy capable of enhancing contrast between malignant and non-malignant 

tissues from different regions of the head and neck. In this preliminary diagnostic study, 

our data suggests that a predictive algorithm that combines optical endpoints and that is 

stratified by tissue type improves accuracy, particularly in node-positive disease.  This is 

based on accounting for differences in tissue physiology and morphology within the 

upper aerodigestive tract. Further, the strategy described here appears to be particularly 

well suited to reduce the clinical false-positive rate, particularly for glottic tissue, where 

the surgeon had the highest false-positive rate, thereby potentially reducing the need for 

unnecessary surgical procedures that could significantly impact patient morbidity. 
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4. Rapid algorithm to Improve the Speed of Extracting 
Total Hemoglobin Concentration and Oxygen Saturation 
for HSNCC applications 

The aim of the chapter 4 is to develop a rapid algorithm to compute SO2 and 

[THb] from diffuse reflectance spectra and achieve the same diagnostic accuracies 

compared with the results obtained using the full inverse Monte Carlo model. Therefore, 

it would reduce the time that patients are under general anesthesia. 

4.1 Introduction 

In chapter 3, we demonstrated that the diffuse reflectance spectroscopy can 

effectively reduce the unnecessary surgical biopsies. However a fast inverse Monte 

Carlo model would still take 1 second to extract the quantitative parameters from a 

single spectrum. The goal of this chapter was to demonstrate a simple ratiometric 

analysis for the quantitation of tissue SO2 and total hemoglobin concentration ([THb]) 

using a small number of wavelengths in the visible spectral range as a strategy for 

implementation of rapid surveillance of pre-cancers and cancers in a screening 

population in resource-limited settings.  

Several previously published studies have utilized simple ratiometric analyses to 

compute [THb] or SO2 from reflectance spectra. For example, ratiometric analyses have 

been developed to extract SO2 using ratios at two wavelengths, one where the local 

differences between the extinction coefficients of oxy- and deoxy- hemoglobin are 

maximal , and one isosbestic wavelength, where the extinction coefficients of oxy- and 
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deoxy- hemoglobin are the same. In one study [109], the ratio of 431/420 was computed 

and used to calculate SO2. However, this study did not account for the effects of tissue 

scattering. Another study [110] used the optical densities at two isosbestic points, 520 

and 546 nm, to determine the contribution of scattering and use the optical density at 

555 and 546 nm to extract SO2 through a linear equation. However, this study did not 

explore the impact of changes in [THb] on the ratios. Our group has previously 

developed a ratiometric analysis [111] which computes reflectance ratios at the isosbestic 

wavelengths of hemoglobin, and this analysis was able to rapidly calculate [THb] 

independent of tissue scattering and SO2. For this particular ratiometric analysis, the 

ratio of the intensities at one visible wavelength (452, 500, or 529 nm) to one ultraviolet 

wavelength (390 nm) from a diffuse reflectance spectrum was used to extract [THb] 

using a linear analytical equation. However, this analysis would require an ultraviolet 

source, which is relatively expensive compared to ubiquitous visible wavelength light 

sources.  In this manuscript, we describe a simple and analytical ratiometric analysis to 

extract both [THb] and SO2 in the visible wavelength range that addresses the 

limitations of previous work by our own group and others. It utilizes two or more 

intensities at different wavelengths from a diffuse reflectance spectrum and calculates 

appropriate ratios from them. The derived ratios are then converted to [THb] or SO2 

using analytical equations. Our proposed analysis utilizes only three wavelengths (539, 

545 and 584 nm), all in the visible part of the spectrum where light emitting diodes 
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(LEDs) are readily available. We also tested our ratiometric analysis with full spectral 

MC simulations and experimental phantoms to ensure minimal sensitivity to scattering. 

In addition, our ratiometric analysis also accounts for [THb] when computing SO2. 

4.2 Methods 

Wavelengths were chosen from 500 nm to 600 nm (visible spectrum) in order to 

leverage relatively low priced light sources such as LEDs. In addition, deoxy- and oxy-

hemoglobin have distinct absorption features in the visible spectrum. Five isosbestic 

wavelengths and five other wavelengths where the difference of extinction coefficients 

between deoxy- and oxy-hemoglobin are largest were used to calculate [THb] and SO2, 

respectively. Table 3 lists these wavelengths, which provide a total of ten possible 

combinations (pairs of isosbestic wavelengths), at which ratios were tested for extraction 

of [THb] and 25 wavelength combinations at which the reflectance ratios were tested 

(one isosbestic and one maximal-difference wavelength) for extraction of SO2. 

Table 3: Wavelengths used for extraction of [THb] and SO2. 

Isosbestic 

Wavelengths for 

[THb] (nm) 

Wavelengths for Oxygen 

Saturation (SO2) (nm) 

500 516 

529 539 

545 560 

570 577 

584 593 

  

Figure 20 briefly provides an overview of the ratiometric analysis including the 

steps involved in the selection of the best ratios for [THb] and SO2. Extractions of [THb] 
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and SO2 were achieved in two steps. First, the reflectance ratio comprised of isosbestic 

wavelengths was used to extract [THb]. This was achieved by converting the reflectance 

ratio into [THb] using a linear equation. For each ratio at isosbestic wavelengths, 

independent sets of the coefficients m and b were generated using MC simulations. Next, 

the reflectance ratio at one isosbestic wavelength and one maximal-difference 

wavelength was converted into an SO2 value using a non-linear equation using the α 

(THb) and β (THb) coefficients. These coefficients were generated using MC simulations 

for each of the 25-reflectance ratios at every simulated [THb]. The extracted [THb] from 

the first step was used to select the appropriate non-linear logistic equation to convert 

the ratio of the isosbestic to maximum difference wavelength into the SO2 value. After 

the equations for [THb] and SO2 were developed, the ratiometric analysis was validated 

with experimental tissue mimicking phantoms. To show the clinical utility of this 

analysis and its independence to changes in instrumentation, the extractions using the 

selected ratios were then compared with those using the full spectral MC analysis in 

three different clinical studies carried out with different optical systems. 
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Figure 20: Flow chart illustrating the ratiometric analysis for [THb] and SO2 

estimation. 

 

4.2.1 Generating Analytical Lookup Tables for [THb] and SO2 from 
Reflectance ratios  

Analytical equations to convert appropriate ratios into [THb] and SO2 values 

were determined using full spectral MC simulations. The forward full spectral MC 

model [58] was used to generate 24805 unique diffuse reflectance spectra. These 

reflectance spectra served as the simulated master set. Diffuse reflectance spectra were 

simulated by calculating the absorption and scattering spectrum between 350-600 nm. 

The absorption coefficients were calculated with the assumption that oxy- and deoxy-

hemoglobin are the dominant absorbers in tissue. The sum of these two absorber 
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concentrations gave the resulting [THb], which was varied between 5 and 50 µM in 

increments of 0.1 µM in the master set. The concentration of each hemoglobin species 

was varied to span the range of SO2 values from 0 to 1, in steps of 0.1. The reduced 

scattering coefficients, µs’, across the spectral range were determined using Mie theory 

for 1 μm polystyrene microspheres. Five different scattering levels were generated by 

increasing the number density of sphere concentrations. The wavelength-averaged 

(between 350~600 nm) mean reduced scattering coefficients for these five scattering 

levels were 8.9, 13.3, 17.8, 22.2, and 26.6 cm-1. The resulting master set consisted of 24805 

reflectance spectra, which represent the combination of all possible [THb] levels, with all 

SO2 levels, and all scattering levels (451x11x5 = 24805). These optical properties are 

similar to those used in our previous study [111]. The simulated reflectance spectra for 

the master set were created for a fixed fiber-probe geometry, as described previously 

[58]. Finally, an experimentally measured diffuse reflectance spectrum with the same 

fiber-geometry was used as a “reference” to calibrate the scale of the simulated spectra 

to be comparable to that of measured spectra. 

To study the impact on extraction accuracy of the ratiometric analysis with 

increasing spectral bandpasses, we simulated additional bandpasses in the master set.  

The reflectance spectra were simulated for three different bandpasses (2 nm, 3.5 nm and 

10 nm full width-half-maximum (FWHM) bandwidths) and resulted in 3 modified 

master diffuse reflectance sets (each containing 24,805 spectra). This was done by 
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assuming each wavelength had a certain Gaussian bandpass of specified FWHM. 

Specifically, the reflectance at each wavelength in the simulated spectrum was 

convolved with a Gaussian distribution function with the specific bandpass. Equations 

to convert reflectance ratios into [THb] and SO2 were then generated separately for each 

of the three bandpass-modified master diffuse reflectance spectral sets.  

Figure 21 describes the development of analytical equations used to compute 

[THb] and SO2. A [THb] ratio, 584/545, and an SO2 ratio, 539/545, are shown as examples. 

For [THb] extraction, the reflectance ratio at a given wavelength-pair was computed 

from every simulated reflectance spectrum that had a fixed [THb]. Thus, there were 55 

values for a given [THb] wavelength-ratio (across the 5 scattering levels and 11 SO2 

levels). Eleven of these values were averaged across SO2, for each scattering level. For 

each of the 10 isosbestic wavelength-pairs, the dependence of the reflectance ratio on 

[THb] was plotted across all SO2 levels and each scattering level, as shown in Figure 21 

(A). Although the analysis consisted of 5-50 µM [THb] in steps of 0.1 µM, only 10 of the 

451 [THb] levels are shown in the Figure 21 for easier interpretation of the data points. 

We evaluated the dependence of the reflectance ratio for a given wavelength-pair on 

tissue SO2 and scattering. The horizontal error bars at each scattering level show the 

spread of the reflectance ratio due to varying SO2 levels from 0 to 1. This reflects the 

sensitivity of the ratio to changes in SO2. The spread in the different symbols at each 

[THb] reflects the sensitivity of the ratio to scattering. The reflectance ratios at each 
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[THb] were averaged across the 5 scattering levels and the 11 SO2 levels, and a linear 

analytical equation was generated for the averaged ratios. Figure 21 (B) shows the linear 

analytical equations for 584/545, 584/570, 570/545, and 584/529 as examples. 

In order to convert the reflectance ratio computed at a given SO2 wavelength-pair 

into an SO2 value, a non-linear logistic (Hill curve) equation was used. A unique Hill 

equation was generated for each of the 451 [THb] (5-50 µM in 0.1 increment steps) in the 

modified master set. The reflectance ratio for a given SO2 wavelength-pair, at a given 

[THb], was averaged across the five scattering levels (Figure 21 (C)). This resulted in 11 

averaged ratios for each SO2 wavelength pair, at each [THb]. The Hill coefficients were 

generated by fitting the 11 averaged ratios to the logistic equation. Since a total of 451 

different [THb] values were used in the simulations, 451 different equations were 

generated for each SO2 wavelength-pair. Figure 21 (D) shows the example figures of the 

Hill curves generated from the averaged ratios at different [THb] for 539/545. 
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Figure 21: Steps for calculating the analytical equations. Steps for calculating 

the analytical equations: (A) Generating reflectance with various optical properties 

using forward analysis and derived Hb ratios. The horizontal error bars show the 

standard deviation of the ratios at SO2 levels from 0 to 1. The spreads are small 

because the ratios are derived from isosbestic points. (B) Example linear analytical 

equations of 584/545, 584/570, 570/545, and 584/529 for [THb] estimation. (C) 

Calculating SO2 ratios with several scattering levels at one [THb] (D) Hill curve 

equations were generated at several [THb] for each SO2 ratio. Only 539/545 is shown. 
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4.2.2 Determination of the Best Ratios from Simulation and 
Experimental Phantoms 

A total of 8 sets of reflectance spectra were used to validate the ratiometric 

analysis. The optical properties and collection parameters for these 8 phantom sets are 

summarized in Table 4. Phantom sets 1-3 were simulated with the scalable MC model, as 

described above. Phantom sets 4-8 were experimentally measured data and have been 

described in detail previously [111, 112]. Briefly, Phantom Set 4 consisted of 51 

phantoms with varying SO2 levels but with a fixed [THb] (14.8 µM), and µs’ level (12.6 

cm-1). Phantom Set 5 consisted of two subsets of phantoms with a low scattering level 

(µs’ = 13.5 cm-1) and high scattering level (µs’ = 22.52 cm-1). Each set in Phantom Set 5 

consisted of 4 phantoms. Each phantom in the low scattering level was paired with a 

phantom in the high scattering level and the [THb] value of each paired phantom was 

the same. The standard deviation of the reflectance for each wavelength-pair in each 

paired phantoms were computed. Phantom Set 6 consisted of 13 phantoms with 

increasing [THb] from 5.86-35.15 µM. The averaged μs’ levels decreased for each 

phantom from 23.63 to 17.30 cm-1. A second instrument was used to measure the 

phantoms for Phantom Set 7 and Set 8 to validate the instrument independence of the 

ratiometric analysis. Phantom Set 7 was similar to Phantom Set 5 in that it contained two 

sets of 4 phantoms with low and high scattering levels (µs’ = 13.5 cm-1 and 22.89 cm-1 

respectively) and paired phantoms from each level contained the same [THb]. The 

standard deviation of the reflectance for each wavelength-pair in each paired phantoms 
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were also computed. Phantom Set 8 consisted of 16 phantoms with increasing [THb] 

from 5-50 µM. The µs’ level of each phantom was lower than the previous phantom, 

ranging from 28.56 to 17.02 cm-1, due to serial dilutions of the phantom solution. The 

combination of all of these experimental tissue phantoms measured serves to determine 

the best ratios to estimate [THb] and SO2 for a wide range of optical properties measured 

by different instruments. 

Table 4: Optical properties for simulated and experimental tissue-mimicking 

phantoms. 

Set Type Instrument Bandpass (nm) SO2 [THb] (μM) <μs’> (cm-1) 

 
1 Simulation - 2 0-1 5-50 8.9-26.6 

2 Simulation - 5 0-1 5-50 8.9-26.6 

3 Simulation - 10 0-1 5-50 8.9-26.6 

4 Experiment A 2 0-1 14.8 12.6 

5 Experiment A 2 1 6.4-14.3 13- 21.7 

6 Experiment A 2 1 5.9 - 35.2 17.3-23.6 

7 Experiment B 3.5 1 7.3-16.2 14.3-21.9 

8 Experiment B 3.5 1 5.0-50.0 13.0-21.9 

 

The ratiometric analysis was first tested on the simulated reflectance. Linear 

analytical equations for [THb] ratios and the non-linear logistic equations for SO2 ratios 

were generated from Phantom Sets 1-3. The extracted values of [THb] using the 

ratiometric analysis were compared to the true values for each diffuse reflectance 

spectrum and the absolute errors between the predicted and true values were calculated. 

Next, the sensitivity of each [THb] ratio to scattering was computed using the standard 

deviation of the reflectance ratio at each [THb].  
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The calculation of [THb] using the ratiometric analysis was also validated in 

Phantom Sets 4-8. Since every reflectance spectrum simulated by the MC model needs to 

be scaled by a calibrating phantom, the choice of the calibrating phantom can introduce 

systematic errors. To account for these effects on the extracted [THb], 3 different 

phantoms in Phantom Set 4, Set 6 and Set 8 and 2 different phantoms in Sets 5 and 7 

were selected as the calibrating phantoms. The SO2, [THb] and μs’ of the calibrating 

phantoms are summarized in Table 4. Each time a calibrating phantom was selected, a 

new master set of reflectance was generated with the scalable MC model, and new 

coefficients for analytical equations were generated from these phantom sets. The 

generated analytical equations were used to extract the [THb] or SO2 values in the same 

experimental phantom sets from which the calibrating phantoms were selected. This 

ensured that the systematic errors or titration errors in one experimental phantom study 

were restricted to the same experimental phantom study and were not carried to another 

experimental phantom study. The probe geometries and bandpasses for the simulated 

master sets were matched to the experimental system. The ratiometrically extracted 

[THb] were compared to the MC extracted [THb] of the experimental phantoms for each 

phantom in Sets 4-8 to compute the absolute errors. The ratio spreads of the ten possible 

isosbestic wavelength pairs were computed from the paired phantoms in Set 5 and Set 7. 

The best ratio for [THb] was determined from the error and ratio spread rankings both 

with the simulated data and with the experimental data. 
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The ratiometric analysis for SO2 was validated in Phantom Set 4, which consisted 

of phantoms with varying SO2 levels. For each experimental phantom in this set, [THb] 

was first computed using the best isosbestic wavelength-pair using the ratiometric 

analysis. This extracted [THb] was then used to select the corresponding Hill curve 

coefficients for a given SO2 wavelength-pair. The reflectance ratio of each SO2 

wavelength-pair was first computed and then converted to a SO2 value with the 

corresponding Hill curve coefficients. The ratiometrically extracted SO2 values were 

compared against the SO2 values measured with a pO2 electrode, as previously 

described [112]. To evaluate the sensitivity of each SO2 ratio to scattering, the reflectance 

ratios of each SO2 wavelength-pair were first computed in every phantom of Phantom 

Sets 5 and Set 7. The standard deviations were then computed from each paired 

reflectance ratios for each SO2 wavelength-pair since only the scattering was different 

within each paired phantom. The derived standard deviations from every paired 

phantom in Phantom Set 5 and Set 7 were averaged for each SO2 wavelength-pair. 

4.2.3 Instrumentation Used in Phantoms and Clinical Studies 

Three instruments were used to validate the ratiometric analysis in this 

manuscript. Instrument A was used in the experimental phantom studies (Set 4-6) and 

in an in vivo cervical study [111, 112] [113]. Instrument B was also used in the 

experimental phantom studies (Set 7-8), and also in the in vivo cervical study [113] and in 

an in vivo breast cancer study [114]. Instrument C was used for an in vivo head and neck 



 

82 

cancer study. The details of Instrument A, B and C and the probe geometries have been 

previously described [59, 113-115]. Briefly, Instrument A consisted of a 450 W xenon (Xe) 

arc lamp (JY Horiba, Edison NJ), double-excitation monochromators (Gemini 180, JY 

Horiba, Edison, NJ), and a Peltier-cooled open-electrode charge-coupled device (CCD) 

(Symphony, JY Horiba, Edison, NJ) [114] [112] [113]. Instrument B was a fiber-coupled 

spectrophotometer (SkinSkan, JY Horiba, Edison, NJ), which consisted of a 150 W Xe arc 

lamp, a double-grating excitation monochromator, an emission monochromator, and an 

extended red photomultiplier tube (PMT) [113] [112]. Instrument C was a portable 

system, which consisted of a 20 W halogen lamp (HL2000HP; Ocean Optics, Dunedin, 

FL), heat filter (KG3, Schott, Duryea, PA), and an USB spectrometer (USB4000, Ocean 

Optics, Dunedin, FL) [59]. Illumination and collection for all instruments were achieved 

by coupling to fiber optic probes. The instrument parameters are listed in Figure 22. 
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Figure 22: Illumination and collection parameters of the instruments used in 

experimental phantoms and clinical studies. 

 

4.2.4 Testing the Ratiometric Analysis with Various Scattering 
Powers 

The power law (μ s’ = a·λ-b) was used to model the reduced scattering coefficients 

where a determines the overall magnitude of scattering, λ is wavelength and b is the 

scattering power. A new set of 1500 reflectance spectra (10 [THb] levels, 5 SO2 levels, and 

10 different scattering powers with the scattering values equal to 2, 6, or 10 cm-1 at 600 

nm) were simulated with the forward Monte Carlo model using the scattering coefficient 

generated from the power law. The scattering power was varied from 0.2 to 2 with steps 

of 0.2. The [THb] ranged from 5 to 50 µM in steps of 5. The SO2 levels ranged from 0 to 1 

with increment of 0.25. Table 5 summarizes the optical properties used for testing the 
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ratiometric analysis with various scattering powers. The [THb] and the SO2 were 

extracted with the ratiometric analysis for the best ratios determined in Section 4.3.1. The 

absolute [THb] and SO2 errors were computed. In addition, the scattering powers of the 

clinical data in this manuscript were computed by fitting the Monte Carlo-extracted 

wavelength-dependent scattering coefficients to the scatter power model. 

 

Table 5: Optical properties used for testing the ratiometric analysis with 

various scattering powers. 

   Avg. μs’ (350~600 nm) 

[THb] (μM) SO2 
Scattering 

Power 

μs’=2 (cm-1) at 

600 nm 

μs’=6 (cm-1) at 

600 nm 

μs’=10 (cm-1) at 

600 nm 

5 - 50 0 - 1 0.2 2.05 6.17 10.28 

5 - 50 0 - 1 0.4 2.11 6.34 10.57 

5 - 50 0 - 1 0.6 2.17 6.52 10.87 

5 - 50 0 - 1 0.8 2.24 6.71 11.18 

5 - 50 0 - 1 1 2.30 6.91 11.51 

5 - 50 0 - 1 1.2 2.37 7.11 11.84 

5 - 50 0 - 1 1.4 2.43 7.32 12.20 

5 - 50 0 - 1 1.6 2.51 7.54 12.56 

5 - 50 0 - 1 1.8 2.59 7.77 12.94 

5 - 50 0 - 1 2 2.67 8.00 13.34 

 

4.2.5 Comparison of the Speed of the MC and Ratiometric Analyses 

To compare the computational performance of the ratiometric analysis and the 

full spectral MC analysis for extraction of [THb] and SO2, 100 diffuse reflectance spectra 

with randomly selected [THb] and SO2 values were simulated with the forward MC 

model. Random white noise was also added to each simulated reflectance spectrum 
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before the fitting process. The amplitude of the generated random noise was limited to 

two percent of the difference between the simulated maximum and the minimum values 

of each reflectance spectrum. The noise level was determined from our previous study 

in which the worst SNR of instrument A is 44.58 dB. This means the amplitude of the 

noise is about two percent of the amplitude of the signal. These spectra were then 

analyzed using both the inverse full spectral MC analysis and the ratiometric analysis. 

The ratiometric analyses on these samples used the best ratios, which are described in 

the subsequent sections of this manuscript, for [THb] and SO2. The extracted [THb] and 

SO2 values for the full spectral MC analysis and the ratiometric analysis were compared 

to the expected (input) values and absolute errors were computed. The data processing 

time for both analyses were also compared. 

4.2.6 Clinical Validation 

To test the robustness of the ratiometric analysis in in vivo clinical settings, we 

applied the ratiometric analysis in three separate studies conducted on three different 

tissue sites. These clinical studies used diffuse reflectance spectroscopy to differentiate 

normal versus malignant or precancerous tissues in vivo in the cervix [113], in the breast 

[114], and in the head and neck [9]. The samples from these studies represent different 

optical absorption scenarios. Head and neck [9] and breast tissues have relatively high 

[THb] while the cervix has [THb] values at the lower end of the spectrum [113]. The 

ranges of [THb] from our previous results were 2.6 – 208.9 µM, 0.79-63.7 µM and 0.99 - 
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44.06 µM, for the head and neck, breast, and cervical tissues, respectively. In addition, 

breast tissue contains not only [THb] but also β-carotene as an additional absorber [114]. 

Data previously collected for the clinical studies and analyzed with the scalable full 

spectral MC analysis were used to evaluate the ratiometric analysis. The study designs 

and the protocols of these in vivo studies are described previously reported studies [113, 

114] All clinical studies in this manuscript were reviewed and approved by the Duke 

University School of Medicine Institutional Review Board. Written informed consents 

were obtained from each patient in these in vivo studies. The averaged diffuse 

reflectance spectrum for each site from each study was analyzed with both the inverse 

full spectral MC analysis and the ratiometric analysis. Pearson correlation coefficients 

between the full spectral MC and ratiometric analysis extracted [THb] and SO2 values 

were calculated for each clinical study.  

In the cervical study, patients referred from the Duke University Medical Center 

(DUMC) Colposcopy Clinic after abnormal Papanicolaou tests were recruited. A fiber 

optic probe was used to deliver and collect the diffuse reflectance (350–600 nm) from one 

to three visually abnormal sites immediately after colposcopic examination of the cervix 

with the application of 5% acetic acid. This was followed by an optical measurement on 

a coloposcopically normal site from the same patient. Optical measurements of 

colposcopically normal and abnormal sites were taken prior to biopsy to avoid 

confounding absorption due to superficial bleeding. Diffuse reflectance from 76 sites in 
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38 patients were normalized by a reflectance standard and interpolated prior to 

calculating the reflectance ratios. Reduced scattering coefficients, [THb] and SO2 were 

also extracted from the same data using the inverse full spectral MC analysis [58].  

For the head and neck cancer in vivo study, 42 enrolled patients had undergone 

panendoscopy with biopsy at Durham Veterans Administration Medical Center or 

DUMC. After the consented patient was under general anesthesia, the optical probe was 

placed on at least two sites: a clinically suspicious site and a distant normal site with 

normal mucosa appearance whose location was contralaterally matched to the 

suspicious site. At least 5 diffuse reflectance spectra were measured for each site. The 

biopsies were obtained immediately after the probe was removed from the measured 

clinical suspicious sites. All measurements were calibrated to the reflectance standard 

measured on the day of the surgery. In this head and neck study, the utility of the 

physiological and morphological endpoints obtained via the quantitative diffuse 

reflectance spectroscopy technique was investigated for the classification of head and 

neck squamous cell carcinoma at the time of staging panendoscopy. Malignant and non-

malignant tissues were initially stratified by diagnosis and further classified by 

anatomical and morphological groupings to determine the most effective approach to 

discriminate squamous cell carcinoma (SCC) from its benign counterparts.  

In the breast cancer study, thirty-five patients undergoing either a modified 

radical mastectomy or partial mastectomy for invasive and noninvasive breast 
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malignancies were recruited at DUMC. The surgeon first located the lesion under 

ultrasound guidance; then, either a 10-gauge or 14-gauge biopsy needle coaxial cannula 

was guided through a small incision in the skin into the region of interest. A diffuse 

reflectance measurement (350-600 nm) was collected at a distance of 2 mm past the 

cannula with a fiber-optic probe after the removal of the needle and residual blood in 

the field. The optical probe was then retracted, and a biopsy needle was inserted 

through the cannula and a biopsy sample was removed. This resulted in the removal of 

a typically 20-mm-long cylinder of tissue, the proximal end of which corresponded to 

the volume optically measured by the probe. Tissue reflectance spectra from biopsies 

were normalized by the diffuse reflectance measured from an integrating sphere 

(Labsphere. Inc. North Sutton. NH) at the same day of the surgery for each patient. 

Biopsy samples were further processed through standard histologic procedures for 

pathological information. 

4.2.7 Comparing the Classification Performances of the Full Spectral 
MC and the Ratiometric Analyses 

To compare the classification performances of the full spectral MC and 

ratiometric analyses, we compared the area under the receiver operating curves (AUC) 

calculated from the logistic regression models built based on the optical biomarkers 

extracted from the two analyses. We believe the AUC is more representative for the 

classification performance since the AUC is generated from various cut-off criteria. Since 

the full spectral MC model is able to extract optical biomarkers rather than just [THb] 
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and SO2, we also included μs’ extracted with the for the full spectral MC model to build 

the logistic regression model for the cervix, breast and the head and neck groups. β -

carotene concentrations extracted with the full spectral MC model were also included to 

build the logistic regression model for the breast group. The extracted [THb], μs’ and the 

β -carotene concentrations were log transformed before building the logistic regression 

model. The P values were computed based on the method published by DeLong et al. 

for comparing the ROC curves [116]. All logistic regression models and the p values are 

computed with the SAS software (SAS Institute Inc., Cary, NC, USA). 

4.3 Results 

4.3.1 The Best Ratio for Estimating [THb] and SO2 from Simulated and 
Experimental Phantoms 

The accuracy of the 10 isosbestic wavelength-pairs to extract [THb] was 

evaluated in both simulated and experimental phantoms. Errors in extracted [THb] for 

each ratio were calculated. Next, the standard deviation of each ratio for changes in 

tissue scattering and SO2 was computed using only the simulated data. The 10 ratios 

were then ranked using both the standard deviations and the errors. The best ratio 

should be able to accurately extract [THb] with low sensitivity to both tissue scattering 

and SO2. A total of 25 wavelength-pairs were available for the calculation of SO2. The 

accuracy of these wavelength-pairs to determine SO2 was also ranked using an identical 

metric as was used for [THb]. Again, the best ratio should be able to accurately extract 

SO2 with low sensitivity to tissue scattering. Figures 23 (A) and (B) show 6 ratios with 
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the lowest errors to extract [THb] in the simulated and experimental datasets, 

respectively. Figures 23 (C) and (D) show the standard deviation of the [THb] ratios for 

various SO2 and scattering levels in the simulated and experimental data, respectively. 

Figures 23 (E-H) show similar data for SO2. For [THb] ratios, 584/545 has the lowest 

average errors for each band pass in both simulated and experimental phantoms. The 

standard deviation of 584/545 was the third lowest for each band pass in simulated data 

and the second lowest for each band pass in experimental phantoms. This means that 

584/545 can extract [THb] with relatively small errors, and it is relatively insensitive to 

the scattering or SO2. The average errors are comparable in both simulations and in 

experimental phantoms for the top 6 SO2 ratios with the exception of 516/500, which has 

higher errors in the experimental phantom. 539/545 has the lowest average ratio and 

standard deviation in both simulation and experimental phantoms. Thus, 584/545 and 

539/545 were chosen as [THb] and SO2 ratios for further testing. 
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Figure 23: Results for the simulated phantoms and the experimental phantoms. 

Errors and ratio standard deviation of [THb] ratios and SO2 ratios from simulated 

phantoms and experimental phantoms. The top 6 ratios as defined by the lowest 

errors are shown. (A-B) Errors of the top 6 [THb] ratios in simulated data and 

experimental data. 584/545 has the lowest errors in both simulated phantom data and 

experimental phantom data. (C-D) Standard deviations of the top 6 [THb] ratios in the 

simulated data and the experimental data. 570/545, 584/545, and 584/570 have low 

standard deviation in both data sets. (E-F) Errors of the top 6 SO2 ratios in the 

simulated and experimental data. The errors are comparable for these ratios except for 

516/500, which has higher errors in the experimental data. (G-H) Standard deviations 

of the top 6 SO2 ratios in the simulated data and the experimental data. 539/545 has the 

lowest standard deviation in both data sets. The best ratios for extracting [THb] or 

SO2 are marked with asterisk (*). 

 

4.3.2 Testing the Ratiometric Analysis with Varying Scattering 
Powers 

Figure 24 shows the absolute errors of the extracted [THb] and SO2 for the best 

[THb] and SO2 ratios when using the scatter power model. The accuracies for extracting 

[THb] and SO2 varied with scattering power. In our data, the average and the standard 

deviation of the scattering power for head and neck, cervix and breast tissues are 0.62 ± 

0.12, 0.55 ± 0.27 and 0.50 ± 0.16 respectively.  
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Figure 24: Average absolute error for best [THb] and SO2 ratios tested with 

various scattering powers. (A), (C), (E) Absolute errors for extracting the [THb] of the 

simulated reflectance spectra with 584/545 when the scattering power varied from 0.2 

to 2 for different scattering levels. (B), (D), (F) Absolute errors for extracting the SO2 

of the simulated reflectance spectra with 539/545 when the scattering power varied 

from 0.2 to 2 for different scattering levels. (G) Averaged errors from (A), (C) and (E). 

(H) Average errors from (B), (D) and (F). Error bars represent the standard errors. 

 

4.3.3 Comparison of the Speed of the MC and the Ratiometric 
Analyses 

Figure 25 (A-C) show the comparison of the computational time, the mean error 

in [THb] extraction, and the mean error in SO2 extraction using the scalable full spectral 

MC analysis and the ratiometric analysis. These data were generated using 100 

simulated diffuse reflectance spectra. [THb] was extracted using the ratiometric analysis 

with the ratio computed between 584 nm and 545 nm. The extracted [THb] value from 

the ratiometric analysis was then used to determine the look-up coefficients to calculate 

the SO2 using the 539nm /545 nm ratio. As shown in Figure 25 (A), the ratiometric 

analysis is over 4000 times more computationally efficient compared to the full spectral 

MC analysis [58]. Figures 25 (B) and 25 (C) show the mean error for [THb] extraction and 

SO2 extraction using the full spectral MC analysis and the ratiometric analysis. The mean 

errors were 0.24 µM and 3.94 µM for [THb] extraction, while the errors were 0.004 and 

0.23 for SO2 values for the MC analysis and the ratiometric analysis, respectively. 
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Figure 25: Comparison between the scalable inverse MC analysis and the 

ratiometric analysis.  (A) Elapsed time of extracting 100 MC simulated phantoms for 

the scalable inverse MC model and the ratiometric analysis. (B) Absolute [THb] error 

and (C) SO2 errors for MC and ratiometric analysis. 

 

4.4.4 Comparison of MC and Ratiometric Analysis 

Correlation coefficients were computed between the optical endpoints extracted 

using both analyses for each tissue group in each of the three clinical studies. Table 6 

summarizes the Pearson correlation coefficients between the full spectral MC analysis 

and the ratiometric analysis for [THb] and SO2 of each tissue group in the cervical pre-

cancer, HNSCC, and breast cancer studies. The normal samples in the breast cancer 

study were further classified into the benign and adipose group, depending on the 

adipose percentage of the normal sample [114]. The overall correlation coefficient for 

each study was also computed when all samples in each study were used. 
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Table 6: Correlation coefficients and p-values between the ratiometric analysis 

and the Monte Carlo analysis. 

  [THb]  SO2  

Study  r p r p 

Cervix All 
Tissues 

0.69 < 0.01 0.43 < 0.01 

 Normal 0.66 < 0.01 0.34 0.02 

 CIN1 0.62 0.01 0.5 0.05 

 CIN2+ 0.76 < 0.01 0.46 0.13 

Head and 
neck 

All 
Tissues 

0.92 < 0.01 0.87 < 0.01 

 Glottic 0.97 < 0.01 0.91 < 0.01 

 Lymphoid 0.72 < 0.01 0.85 < 0.01 

 Mucosal 0.92 < 0.01 0.87 < 0.01 

Breast All 
Tissues 

0.77 < 0.01 0.71 < 0.01 

 Tumor 0.85 < 0.01 0.63 < 0.01 

 Benign 0.71 < 0.01 0.56 < 0.01 

 Adipose 0.82 < 0.01 0.48 < 0.01 

 

4.4.5 Accuracy of Algorithm in Cervical Tissues with Low Tissue 
Vascularity 

[THb] was extracted using the inverse full spectral MC analysis from a total of 76 

samples from 38 patients, as published previously. The samples were classified as 

normal, low-grade cervical intraepithelial neoplasia (CIN 1) and high-grade cervical 

intraepithelial neoplasia (CIN 2+). Figure 26(A) shows boxplots for the full spectral MC 

extracted [THb] for the three tissue groups. Figure 26 (B) shows boxplots for [THb] 

extracted using the ratiometric analysis for the three tissue groups. To compare with the 

previously published results extracted by the full spectral MC analysis, a log 

transformation was applied to the ratiometrically-extracted [THb]. [THb] determined 

using both analyses was statistically higher in CIN2+ tissues (p<0.01) compared to 

normal and CIN1 samples. No statistical differences were found when comparing the 
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SO2 of different tissue groups with the full spectral MC analysis or the ratiometric 

analysis. The p-values were derived from the unpaired two-sided student t-tests for 

consistency with the previously published data [113].  

 

Figure 26: Results for the in vivo cervix study. Boxplots for (A) full spectral 

Monte Carlo extracted and (B) ratiometrically (584/545) extracted [THb]. Unpaired 

two-sided student t-tests were performed between normal, CIN1, and CIN2+. 

Significant p-values are shown. 

 

4.4.6 Accuracy of Algorithm in Head and Neck Tissues with High 
Vascularity 

Figure 27 shows boxplots for SO2 values extracted with full spectral MC analysis 

and the ratiometric analysis, across all measured tumor and normal sites in HNSCC 

patients. The samples were separated into 3 groups (glottic, lymphoid and mucosal) 

based on morphological location of each measurement site. Wilcoxon rank-sum tests 

were used to establish differences between the extracted SO2 values in the normal and 

SCC sites, for each tissue group. The extracted SO2 was significantly different between 

SCC and normal samples for the glottic, lymphoid and mucosal tissue groups when 
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extracted using both the full spectral MC analysis (p=0.03, p<0.01 and p=0.01 

respectively) and the ratiometric analysis. SO2 values extracted using the ratiometric 

analysis (p<0.01 for the 3 groups) showed similar differences between the SCC and 

normal samples for these tissue groups.   

 

Figure 27: Results for the in vivo head and neck study. Boxplots for SO2 at 

malignant and normal sites extracted with the (A) full spectral Monte Carlo analysis 

and the (B) ratiometric analysis. Wilcoxon rank-sum tests were performed between 

normal and SCC sites for each tissue type. Significant p-values from are shown. (SCC: 

squamous cell carcinoma) 

 

4.4.7 Accuracy of Algorithm in Breast Tissues with Multiple 
Absorbers 

Figure 28 shows a boxplot for the inverse full spectral MC or the ratiometrically 

extracted SO2 of malignant and normal breast tissues. The normal samples were 

reclassified into a benign group if the fat content of the tissue biopsy was less than 50% 

or into the adipose group if the fat content in the biopsy was greater than 50% as 

described previously [114]. Figure 28(A) shows boxplots for the full spectral MC 
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extracted SO2 of the tumor and benign tissues whereas Figure 28 (B) shows boxplots for 

the ratiometrically extracted SO2 of tumor and benign tissue from the in vivo breast 

study. Figure 28 (C) and Figure 28 (D) also show boxplots for the SO2 of the tumor and 

adipose tissues extracted with both analyses. Wilcoxon rank-sum tests were performed 

to test the statistical significance of the extracted SO2 between the tumor samples and 

normal (both benign and adipose) tissues for both full spectral MC analysis and 

ratiometric analysis. The extracted SO2 of the normal samples were significantly higher 

than the tumor samples (p<0.01) for both the ratiometric analysis and the full spectral 

MC analysis. 

 

Figure 28: Results for the in vivo breast study. Boxplots for SO2 of the 

malignant and benign samples extracted with the (A) full spectral Monte Carlo 

analysis and (B) the ratiometric analysis. Boxplots for SO2 of the tumor and adipose 
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samples extracted with the (C) full spectral Monte Carlo analysis and (D) the 

ratiometric analysis. Ratiometric [THb] was estimated with 584/545, and SO2 was 

estimated with 539/545. Wilcoxon rank-sum tests were performed for each group, and 

the significant p-values are shown. 

 

4.4.8 Comparison the Classification Performances of the Full Spectral 
MC and the Ratiometric Analyses 

The combinations of the optical biomarkers used for building the logistic regression 

models and the area under the receiver operating characteristic (ROC) curve (AUC) data 

are summarized in   
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Table 7. No significant p values were observed when comparing the AUCs 

calculated between the two analyses. Representative ROC curves built based on the 

optical biomarkers extracted from the lymphoid tissues using the full spectral MC and 

the ratiometric analyses are also shown in Figure 29. The full spectral MC ROC curve in 

Figure 29 (A) was built based on the SO2 and the log([THb]) and the full spectral MC 

ROC curve in Figure 29 (B)was built based on SO2, log([THb]) and log(μs’). Both 

ratiometric ROC curves in Figure 29 (A) and (B) were built based on SO2 and log([THb]). 

 

 

Figure 29: The area under the receiver operating curves computed from the 

logistic regression model built base on different optical biomarkers from the full 

spectral MC and the ratiometric analyses for lymphoid tissues. (A) Full spectral MC 

and the ratiometrically extracted SO2, log([THb]) were used for building the MC and 

the ratiometric logistic regression models respectively. (B) SO2, log([THb]), log(μs’) 

were used to build the logistic regression model for the full spectral MC analysis and 

the ratiometric ROC curve was built based on the SO2, log([THb]). 
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Table 7: The area under the receiver operating curves computed from the 

logistic regression model built base on different optical biomarkers from the full 

spectral MC and the ratiometric analyses. 

Breast 

Full spectral MC optical 

biomarkers 
AUC 

Ratiometric optical 

biomarkers 
AUC p value 

SO2, log([THb]) 0.83 SO2, log([THb]) 0.79 0.42 

SO2, log([THb]), log(μs’) 0.85 SO2, log([THb]) 0.79 0.26 

SO2, log(THb), log(μs’), log(β-

carotene) 
0.85 SO2, log([THb]) 0.79 0.24 

Cervix 

SO2, log([THb]) 0.76 SO2, log([THb]) 0.72 0.51 

SO2, log([THb]), log(μs’) 0.77 SO2, log([THb]) 0.72 0.54 

Head and neck (Glottic) 

SO2, log([THb]) 0.79 SO2, log([THb]) 0.76 0.69 

SO2, log([THb]), log(μs’) 0.83 SO2, log([THb]) 0.76 0.48 

Head and neck (Lymphoid) 

SO2, log([THb]) 0.90 SO2, log([THb]) 0.85 0.32 

SO2, log([THb]), log(μs’) 0.89 SO2, log([THb]) 0.85 0.40 

Head and neck (Mucosal) 

SO2, log([THb]) 0.81 SO2, log([THb]) 0.86 0.13 

SO2, log([THb]), log(μs’) 0.83 SO2, log([THb]) 0.86 0.31 
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4.4 Discussion 

A simple and fast analysis for quantitative extraction of [THb] and SO2 of tissues 

is presented. The analysis used a look-up table that allows conversion of the ratio of the 

diffuse reflectance at two selected wavelengths into [THb] and SO2 values. This 

ratiometric analysis uses two isosbestic wavelengths for the calculation of [THb] and one 

isosbestic wavelength along with a wavelength where a local maximum difference in the 

extinction coefficients of deoxy- and oxy- hemoglobin exists for SO2. A total of 10 

wavelength-pairs were tested for extraction of the [THb] while 25 wavelength-pairs 

were tested for SO2. The wavelength-pairs with the least dependence on tissue scattering 

were selected through rigorous tests on a total of 24805 spectra. The look-up tables used 

to translate the reflectance ratio into quantitative values were built for specific 

experimental probe-geometries and theoretically can be extended to any given source-

detector configuration. Further, calibration using specific experimental phantoms 

ensured that the ratiometric analysis could directly be used on experimentally measured 

data. Once analytical equations for the ratiometric analysis were generated, extraction of 

[THb] and SO2 values from experimentally measured diffuse reflectance was over 4000 

times faster than the scalable inverse full spectral MC analysis with minimal loss in 

accuracy. Even though the ratiometric analysis is not expected be as accurate as the 

inverse full spectral MC analysis, the ratiometric analysis achieves similar contrast 



 

104 

between malignant and the benign tissues in three different organ sites for a wide range 

of tissue vascularity and for tissues with multiple absorbers.  

A prominent hemoglobin absorption feature (Soret band) occurred around 410-

420 nm in the visible spectrum. However, we omitted the absorption peaks of 

hemoglobin around the 410-420nm since most silicon-based detectors have lower 

sensitivities in this region. In order to detect the hemoglobin absorption around 410-

420nm, higher power light sources or more sensitive detectors would be required. In 

order to leverage relatively low priced light sources, the wavelengths were chosen from 

500 nm to 600 nm (visible spectrum) in this manuscript. 

The purpose of the bandpass simulations was to understand if the best [THb] or 

the SO2 ratios would change for the different systems used. Our results show that 

584/545 and 539/545 are the best ratios for the simulated results with three different 

bandpass values. Both 584/545 and 539/545 can extract [THb] or SO2 with low errors and 

both ratios have low sensitivity to scattering. Although different systems might have 

different bandpasses, the relative rankings of the [THb] ratios and SO2 ratios for error 

and the sensitivity to scattering remain the same. The clinical data has three different 

bandpasses. The band passes were 1.5 nm and 1.9 nm for the head and neck and breast 

data, respectively. The bandpasses were 1.9 nm or 3.5 nm for the cervical data. The 

extracted data with the ratiometric analysis show good agreement with the full spectral 

MC extracted values. In addition, the simulated [THb] results in Figure 23 (A) and 
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Figure 23 (B) are consistent except that 570/545 has higher errors in the experimental 

data. We also believe the 74415 (24805 spectra * 3 different bandpass values) MC-

simulated spectra can account for a wide range of optical properties and thus, is more 

comprehensive than the experimental data. 

The sensitivities of the ratiometric analysis to the scattering power were tested 

since the scattering power is likely to change in the real tissues. As can be seen in Figure 

24, the accuracies varied as the scattering power has changed. Although the ratiometric 

analysis is less accurate when the scattering power varies than when the scattering 

power is a constant, the contrast between malignant and non-malignant tissues in breast 

and head and neck or the contrast between the low-grade and the high-grade cervical 

tissues is still preserved. In addition, our analysis found a high degree of correlation in 

the extracted [THb] and SO2 values between the ratiometric analysis and the inverse full 

spectral MC analysis. These correlations were especially high for measurements in head 

and neck tissues. Correlations between the extracted [THb] and SO2 in cervical tissues 

were the lowest, relative to head and neck or breast tissues. These effects might be due 

to the fact that the [THb] was typically much higher in the head and neck and breast 

studies, relative to the cervical study (the averaged full spectral MC extracted [THb] for 

head and neck, breast and cervical tissues were, 57.8 µM, 14.2 µM and 5.9 µM 

respectively). In other words, correlations between the ratiometrically and the full 

spectral MC extracted [THb] or SO2 are positively correlated to the full spectral MC 
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extracted [THb]. This can be seen in Figure 30, which shows the scatter plot for the 

average MC extracted [THb] for the 9 tissue groups in Table 6 versus the correlation 

coefficients between the full spectral MC extracted and ratiometrically-extracted [THb] 

and SO2. Because hemoglobin has very high extinction coefficients in the UV spectral-

range relative to the visible, using wavelengths in the UV range could provide increased 

dynamic-range for sensing hemoglobin. This reasoning supports our previously 

published study [111], where the ratiometric technique for extraction of [THb] was 

superior for the 545/390, 452/390 and 529/390 ratios,  relative to the 584/545 wavelength 

pair used here. 

 

Figure 30: Correlation between Monte Carlo analysis and ratiometric analysis. 

(A) Correlation coefficients between the full spectral Monte Carlo and ratiometrically 

extracted [THb] as a function of the average full spectral Monte Carlo extracted [THb] 

for the 9 tissue groups in Table 6. (B) Correlation coefficients between the full 

spectral Monte Carlo and ratiometrically extracted SO2 as a function of the average 

full spectral Monte Carlo extracted [THb] for the 9 tissue groups in Table 6. 
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Although the ratiometric analysis was developed by assuming that hemoglobin 

was the primary absorber in tissue, the experimental measurements on human tissue 

can be influenced by absorbers other than hemoglobin [117] [118]. However, SO2 and 

[THb] are the hallmarks of carcinogenesis and represent the features of a growing 

tumor. This has been published on widely and is useful in diagnostics and therapeutics 

[119] [120] [121] [122] [123]. For example, neovascularization increases with the 

development of cancer, and tumor hypoxia occurs as tumors outstrip their blood supply. 

Thus, being able to measure these endpoints with an optical technology that is 

optimized for speed and cost will have applications in early detection, diagnostics and 

response to therapy. Although some tissues may have multiple absorbers in addition to 

Hb, the classification performances were not significantly affected when using only 

[THb] and SO2 as parameters (in cervix and HNC only). Further, optical technologies 

have a significant potential to have an impact in global health. The ratiometric analysis 

still worked reasonably well in breast tissue, where β -carotene is a known absorber in 

the wavelength range used. The presence of β -carotene could be one reason why we 

obtained slightly lower correlation coefficients between the ratiometric and full spectral 

MC analysis in the breast study, relative to the head and neck study. Overall, in all of the 

clinical studies, the [THb] extracted from the ratiometric analysis were better correlated 

to full spectral MC values, in comparison to the SO2 values. The effect of β -carotene is 

more obvious in the SO2 estimation than in the [THb] estimation. This could possibly be 
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due to the absorption of β -carotene being 8.5 times lower in the 550-600 nm compared 

to 500-550 nm. However, despite the lower correlation for the SO2 estimation in the 

breast tissues, the ratiometric analysis is still able to preserve the contrast between the 

malignant and non-malignant breast tissues observed with the results using the full 

spectral MC analysis.  

In this manuscript, we have specifically shown the potential utility of the 

ratiometric analysis for diffuse reflectance imaging. Since our ratiometric analysis only 

involves wavelengths at 539, 545 and 584 nm, this analysis can be incorporated into any 

system with the use of a simple white LED and appropriate bandpass filters. With 

appropriate optimization for wavelength and illumination and collection geometries, the 

ratiometric analysis might be applied to a variety of spectral imaging systems [124] [125] 

[126] [127]. For example, this analysis can be incorporated into previously developed 

fiber-less technology [127], where a Xenon lamp and light filters are used to illuminate 

the tissue at different wavelengths of light. The illumination light was delivered through 

free space with a quartz light delivery tube. A custom photodiode array is in contact 

with the tissue to directly measure diffuse reflectance from a large area of tissue. With 

proper modifications of this system and combined with the ratiometric analysis, real-

time [THb] and SO2 imaging is possible. 

In this chapter, a rapid analytical ratiometric analysis for determining [THb] and 

SO2 in head and neck, cervical, and breast tissues was presented. This analysis is non-
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invasive, label-free, quantitative, and fast. The ratiometric analysis requires the diffuse 

reflectance only from three selected wavelengths to calculate both [THb] and SO2. Thus, 

the system design could be simple, portable, and potentially useful for global health 

applications. The fast computation speed allows near real-time [THb] and SO2 mapping 

of tissue. This will provide important physiological information for many clinical 

applications, from cancer screening to diagnostics to treatment.  
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5. Predict Outcome of Radiotherapy in Animal Models of 
HNSCC 

The aim of the chapter 5 is to predict the radiotherapy outcome for head and 

neck cancer and test if oxygenation kinetics measured with diffuse reflectance 

spectroscopy correlate with the likelihood for local tumor control following fractionated 

radiotherapy. 

5.1 Introduction 

Increases in tumor oxygenation have been reported after fractionated 

radiotherapy. Several studies have observed tumor increases in oxygenation, detected 

by microelectrode and/or immunohistochemical techniques, induced by multi-fraction 

radiotherapy with nude mice bearing human HNC xenografts [128-130]. Hariss et al. 

used an oxygen sensitive probe to obtain tumor pO2 values and found that the median 

pO2 of irradiated tumors (10 x 4 Gy) increased with each successive radiation dose, 

relative to untreated controls measured at the same time [129]. Maftei et al. reported 

decreases in hypoxic fraction assessed by pimonidazole staining, 24hr after (2 x 10Gy) 

irradiation in FaDu xenografts [130]. Ressel et al. examined association between hypoxic 

fraction and treatment outcome using microelectrodes and demonstrated median pO2 

values in SCC xenografts increased over time after radiotherapy [128]. Animals with 

complete tumor remission 60 days post-treatment had the lowest fraction of median 

pO2<10 mmHg 10 days post-treatment [128].  
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The invasiveness of microelectrode techniques limits measurement frequency 

and total number. Further, tissue damage by the implanted sensors might interfere with 

tumor response to radiation. In this study, a non-invasive optical technique was used to 

serially measure changes in perfusion and oxygenation as assessed by total hemoglobin 

([THb]) and hemoglobin saturation prior to, during and after fractionated radiotherapy 

in mice with FaDu xenografts. Our primary hypothesis was that oxygenation kinetics 

would correlate with the likelihood for local tumor control following fractionated 

radiotherapy. Indeed our results confirm that hypothesis.  Our findings provide a strong 

rationale for temporal monitoring of tumor oxygenation kinetics following radiotherapy, 

and may identify optimal windows in which to assess the efficacy of radiotherapy, prior 

to discernable changes in tumor volume. To distinguish the kinetics of change in 

oxygenation during fractionated radiotherapy from classic reoxygenation theory, we use 

the term “oxygenation kinetics” throughout this chapter. 

 

5.2 Methods 

5.2.1 Fractionated Radiotherapy of FaDu HNSCCs Xenografts 

Mouse protocols were approved by the Institutional Animal Care and Use 

Committee. Figure 31 shows the study time line for these studies.  
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Figure 31: Study time line the experiment. Optical measurements were 

obtained during and after radiotherapy. Tumor volumes were monitored for 120 days 

to confirm treatment outcomes. 

 

Approximately 1x106 FaDu cells were injected subcutaneously into the right 

flank of nude mouse (nu/nu) to initiate tumor growth. Radiotherapy commenced when 

tumor volumes reached 100-400mm3.  Thereafter, tumor volume was measured 2-3 times 

a week for the first two weeks after the start of radiotherapy, and then 1-2 times a week 

for up to 120 days after the first day of radiotherapy, or until the tumor volumes reached 

5 times the volume measured on the first day of radiotherapy.  

Mice were irradiated with five daily fractions of radiation from 7.5-13.5 Gy per 

fraction, using a commercial X-RAD320 irradiator (Precision X-Ray, Bradford, CT). The 

unit produced a collimated X-ray beam (with mean energy of 110 kV) at a dose rate of 

0.64 Gy/min. Mice were anesthetized via isoflurane during irradiation and only the 

tumor area was irradiated. In each experiment, mice were randomly assigned 3:1 to 

irradiated and non-irradiated control groups. 
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5.2.2 Optical Measurement Schedule 

Vascular oxygen saturation (SO2) and [THb] were computed from tissue diffuse 

reflectance spectra (DRS) collected on a portable optical instrument [131] [132]. The 

sensing depth of the probe was determined to be 1.2 mm with a Monte Carlo (MC) 

simulation [133]. Tissue DRS were obtained from all mice before each radiation fraction, 

during radiotherapy and after radiotherapy, on days 7, 10, 12 and 15. (Figure 31). 

Immediately prior to the measurements, DRS were obtained at five random sites on the 

tumor of each mouse. The mean DRS was analyzed using an inverse MC model to 

compute SO2 and [THb]. Follow-up values of SO2 and [THb] were divided by their 

baseline to obtain baseline-corrected values. Change in the baseline-corrected SO2 (f-SO2) 

across an interval of time from t1 to t2 was defined as [f-SO2(t2) minus f-SO2(t1)], where t1 

and t2 are two selected time points.  

All mice that underwent radiotherapy were assessed for local tumor recurrence 

up to 120 days post treatment. Treated mice with no visible tumor for at least 50 days 

were classified as local control (LC); treated mice that showed local recurrence within 

the 50 day period were classified as local failure (LF). For LF mice, time-to-failure was 

defined as the earliest time at which the recurrent lesion had increasing volume for two 

consecutive observations. Non-irradiated tumor bearing mice formed the control group 

(CTL). 
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5.2.3 Statistical Analysis 

A repeated measures model was used to test for a difference among CTL, LC and 

LF groups on the quadratic trajectory of SO2 across time. The Wilcoxon rank-sum test 

was used to test for group differences on the rate of change across various intervals of 

time (for example, day 3 to 5, day 7 to 10, and day 12 to 15). The Spearman correlation 

coefficient was used to assess the correlation between the rate of change in optical 

endpoints over various time intervals and time to failure mice only in the LF group. To 

investigate the dose dependency of oxygenation kinetics, mice receiving 7.5 and 9.5 Gy 

were combined (low radiation dose group). SO2 of the low radiation dose group and the 

high radiation dose group (13.5 Gy) were compared to CTL using Wilcoxon rank-sum 

test. All tests were two-tailed with alpha of 0.05.  Logistic regression models were built 

to predict LF within all treated mice. The models were built based on rate of changes in 

f-SO2 across various time intervals. A leave-one-out cross validation technique was used 

to generate receiver operator curves (ROCs) from which the area under the curve (AUC) 

was computed. Data analysis was conducted using MATLAB (Mathworks Inc., Natick, 

MA). Logistic regression models were computed with the SAS software (SAS Institute 

Inc., Cary, NC, USA).  
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5.3 Results 

5.3.1 Oxygenation Kinetics Are Associated with Local Control Rate 
after Radiotherapy 

Table 8 summarizes the number of mice in LC (n=10), LF (n=31), and control 

groups (n=17) according to dose of radiation received. Within the LF group, the longest 

lesion free time was 35 days. Thus, we defined LC as any animal that remained disease 

free at 50 days after treatment.  

Table 8: Outcome in each radiation dose group. Seventeen mice were in the 

control group. A total of 10 and 31 mice achieved LC and LF, respectively. Radiation 

was administered in 5 daily fractions at the doses indicated. The dose per fraction and 

total dose, in parentheses, are shown.  

Group 

Number of mice per dose level 

7.5 

(37.5) Gy 

9.5 

(47.5) Gy 

13.5 

(67.5) Gy 

Total 

CTL 4 6 7 17 

LF 6 2 2 10 

LC 4 13 14 31 

Total 14 21 23 58 

 

Figure 32 demonstrates that oxygenation kinetics are associated with therapy 

outcomes. A radiation dose-effect curve for local tumor control was generated with data 

fitted to a Hill equation (Figure 32 (A)). The dose required to achieve local control in 50% 
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of the animals (TCD50) was 38.5 Gy. Figure 32 (B) and Figure 32 (C) show the time to 

local failure and tumor volumes for each group respectively. Irradiation resulted in an 

overall increase in SO2 for the LC and LF groups relative to the control group (Figure 32 

(D)). Within irradiated mice, tumors in the LC group achieved higher SO2 compared to 

the LF group, particularly after completion of the radiotherapy course. The 2-degree of 

freedom test for showed a significant difference (p<0.001) among groups in trajectory 

across time. The LC group showed a moderate increase and then a decrease in [THb] 

across the two-week period. Overall, an early increase in the mean f-[THb] for the LC 

and LF groups suggests an increase in the overall blood volume or perfusion as a result 

of radiotherapy (Figure 33). A similar, latent increase of the mean f-[THb] in the control 

group may be related to tumor-directed angiogenesis. The two-degree test for a 

difference among groups in trajectory across time had a p-value of 0.02.  
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Figure 32: Optical measurements of change in oxygenation kinetics prior to 

measureable volume changes differentiates tumors that achieve local control from 

those that fail. A. Radiation dose-effect curve for local tumor control. The solid line in 

Fig. 2A was constructed by fitting the data to the Hill equation. B. Time to local 

failure for local failure (LF), local control (LC) and control groups (CTL). Error bars 
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show the 95% confidence intervals. C. Differences in tumor volumes between local 

control and local failure groups are visible 40 days after radiotherapy. D. Optical 

measurements of tumor oxygenation kinetics during radiotherapy and after 

completion of radiotherapy. Tumor oxygenation kinetics were higher in the local 

control group than in the local failure group starting 5 days after radiotherapy. At this 

time point, there is no significant change in tumor volume. Error bars represent 

standard error of the mean. E. Area under the receiver operating curve (AUC) 

computed from the logistic regression analysis for classifying the LF mice. The 

regression model was built on the change of baseline-corrected vascular oxygenation 

(f-SO2) obtained from different time intervals. A leave-one-out cross validation 

technique was used. 

 

Figure 33: Total hemoglobin concentration increase during radiotherapy. Early 

increases of the mean baseline-corrected total vascular hemoglobin concentration (f-

[THb]) for the local control and local failure groups suggests that the increase of the 

overall blood volume or perfusion is as a result of radiotherapy. A similar, increase of 

the mean f-[THb] in the control group may be related to tumor-directed angiogenesis. 

The two-degree test for a difference among groups in trajectory across time had a p-

value of 0.02. 

 

The rate of f-SO2 change was evaluated over three specific time-intervals relative 

to the onset of radiotherapy (day 3-5, day 7-10 and day 12-15).  These intervals were 

chosen to represent time frames during radiotherapy, shortly after radiotherapy was 
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completed and an interval after radiotherapy, but before any discernable change in 

tumor volume, respectively.  Table 9 summarizes the rate of f-SO2 changes over the three 

time intervals for LC, LF and CTL groups. A negative rate of f-SO2 change indicates a 

decrease in SO2 during the time interval. The LC group showed a positive rate of change 

in f-SO2 in all three time-intervals. The rate of the f-SO2 change in LC group was 

significantly higher than in the CTL group in the day 7-10 interval (p=0.01) and was 

significantly higher than the LF group in the day 12-15 interval (p<0.01). In addition, rate 

of the f-SO2 change in the control group was significantly higher than the LF group in 

the day 12-15 interval (p=0.05). The cross-validated AUC computed from logistic 

regression models built from rate of the f-SO2 changes in day 3-5, 7-10 and 12-15 

intervals were 0.22, 0.55 and 0.74 respectively. Figure 32 (E) shows the corresponding 

ROC computed from each interval. 
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Table 9: The oxygenation kinetics after radiotherapy is associated with tumor 

recurrence. The mean (standard error) of the rate of change in baseline-corrected 

vascular oxygenation (f- SO2) across various time intervals, per group are shown. The 

p-values were computed from Wilcoxon rank-sum test for comparing the rate of 

change in f- SO2.  Spearman’s correlations (r) between the rate of f-SO2 change and the 

tumor recurrence times are also shown. † Rate of f-SO2 change in LC is significantly 

higher than in the control (CTL) group in the interval from Day7-10 (p = 0.01). ¶ Rate of 

the f-SO2 change in CTL is significantly higher than LF in the interval from Day 12-15 

(p = 0.05). § Rate of the f-SO2 change for LC is significantly higher than for LF in the 

interval from Day 12-15 (p = 0.01).  

Group 

 Rate of f-SO2 change 

Days 3-5 Days 7-10 Days 12-15 

CTL (17) 0.238 (0.039) 0.039 (0.017) -0.047¶  (0.022) 

LF (10) 0.377 (0.048) 0.087 (0.019) -0.076 (0.017) 

LC (31) 0.727 (0.047) 0.23† (0.01) 0.169§ (0.01) 

 

 

5.3.2 There Is a Strong Association between Rate of Change of SO2% 
and Time to Tumor Recurrence 

The association between rates of change of f- SO2 and tumor recurrence time was 

evaluated within the LF group. Of the 10 LFs, 6 were from the 7.5 Gy group, 2 from the 

9.5 Gy group and 2 from the 13.5 group. Rate of change in f-SO2 during radiotherapy 

from day 3 to day 5 was negatively correlated with time to recurrence while the rate of 

change in f-SO2 after radiotherapy from days 12 to day 15 was positively correlated with 
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time to recurrence (Figure 3). In other words, within the LF group, tumors with shorter 

recurrence times exhibited a faster increase in oxygenation during radiotherapy and a 

slower increase in oxygenation after radiotherapy. No significant correlation was found 

between rate of change of f- SO2 across days 7 to 10 and recurrence time. In the control 

group, there were no significant correlations between changes in f-SO2 and the rate of 

tumor growth across any time intervals (data not shown). 

 

 

Figure 34: Oxygenation rate is significantly correlated with recurrence time 

within local failure group. The rate of change f-SO2 after radiotherapy from day 12 to 

day 15 was positively correlated with tumor recurrence time. The rate of change in f-

SO2 from day 3 to day 5 during radiotherapy was negatively correlated with time until 

tumor recurrence. Within the local failure mice, tumors that showed higher 

oxygenation profiles during radiotherapy tended to recur faster. 

 

5.3.3 Low Dose Radiation Does Not Initiate an Increase in 
Oxygenation 

Figure 35 shows oxygenation kinetics for mice irradiated with the lowest two 

radiation doses (7.5 Gy and 9.5 Gy combined) and highest radiation dose (13.5 Gy). The 
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f-SO2 of mice receiving high dose radiation was significantly higher than control mice 

after day 2 (p<0.05 for day 3 and 15, p<0.01 for day 3, 4, 5, 7, 10 and 12). Statistical 

significance was not observed when comparing oxygenation kinetics of tumors receiving 

7.5 and 9 Gy to control tumors. The oxygenation kinetics are shown in Figure 36. 

 

 

Figure 35: 7.5 Gy and 9.5 Gy fractions cannot initiate an increase in 

oxygenation. A. Baseline-corrected vascular oxygenation (f-SO2) for tumors irradiated 

with 7.5 Gy and 9.5 Gy was not significantly different from the control tumors during 

and after radiotherapy B. f-SO2 of tumors irradiated with 13.5 Gy was significantly 

higher than control tumors after day 2 (p<0.05 for day 3 and 15, p<0.01 for day 3, 4, 5, 7, 

10 and 12). P values were computed with Wilcoxon rank-sum test. Error bars show 

standard error.   
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Figure 36: Raw and baseline-corrected oxygen kinetics for each tumor in the 

7.5, 9.5, 13.5 Gy and the control groups. A. The raw oxygenation kinetic for each tumor 

radiated with 7.5, 9.5, 13.5 Gy and for each control tumor. B. The baseline-corrected 

oxygen kinetic for each tumor radiated with 7.5, 9.5, 13.5 Gy and for each control 

tumor. Tumors radiated with 13.5 Gy showed higher increases in baseline-corrected 

SO2% than the control tumors. 
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5.4 Discussion 

Tumor hypoxia is considered a major factor in predicting radiotherapy treatment 

outcome since hypoxic tumor cells are 3-fold more resistant to irradiation than aerobic 

cells [134]. However, it is not clear whether kinetic changes in tumor oxygenation during 

or after radiotherapy are related to the probability of achieving local tumor control. 

Clinical studies using polarographic microelectrodes to measure tumor hypoxia show 

the efficacy of radiotherapy is negatively influenced by the extent of pre-treatment 

tumor hypoxia [99, 135-138]. Nevertheless, it has been difficult to evaluate the kinetics of 

oxygenation because other methods to measure tumor oxygenation kinetics are invasive 

(microelectrodes) or quite expensive (PET). Reoxygenation during chemoradiotherapy 

(CRT) was associated with treatment outcome in one study of HNC patients [139]. Brizel 

et al. used microelectrodes to show that reoxygenation early in the course of 

thermoradiotherapy of soft tissue sarcomas was associated with a favorable response to 

treatment [140]. In another study, no evidence for reoxygenation after the first 10-15 Gy 

was seen in patients with HNC treated with fractionated CRT [138]. Optical 

spectroscopy is relatively inexpensive and completely non-invasive.  Using optical 

spectroscopy, this study, for the first time, reports daily serial tumor vascular 

oxygenation measurements in mice, during and after fractionated radiotherapy.  
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LC and LF mice exhibited significantly different trajectories in oxygenation 

kinetics– LCs demonstrated significantly improved oxygenation compared to LFs, 12-15 

days after the first day of a 5 day fractionated course of radiation therapy. These changes 

occurred at a time when tumor volumes between the LC and LF mice were not 

significantly different. The classification performance is better when the model was built 

on the parameters computed from the day 12-15 than from day 3-5 and day 7-10 

intervals. LCs showed improved oxygenation and blood perfusion whereas LF 

demonstrated a decrease or no improvement in oxygenation and blood perfusion in the 

day 12-15 interval. The results are consistent with the concept that the improvement in 

oxygenation observed after radiotherapy may be the result of a decreased oxygen 

consumption in the tumor due to tumor cell death. However, these effects occurred 

prior to measureable reduction in tumor volume.  Secomb et al. previously 

demonstrated that relatively minor changes in oxygen consumption rate (10-30% 

reduction), as could occur with a cell loss of equal magnitude can dramatically reduce 

tumor hypoxia.  Cell loss of this magnitude would not likely be detectable on a tumor 

volume measurement [141]. There was no consistent relationship between [THb] and 

change in SO2.  These results suggest that perfusion change is not directly responsible 

for the changes in SO2. This is further evidence that changes in oxygen consumption rate 

are likely influencing the oxygenation kinetics.  Secomb et al. have shown previously 
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that oxygen consumption rate has a more dynamic effect on oxygen transport than 

changes in perfusion [142]. 

The relationship between the observed oxygenation rates and time-to-failure 

from day 3 to day 5 during radiotherapy is strikingly different from day 12 to day 15 

after radiotherapy for the mice in the LF group (Figure 34).  The negative relationship 

between the changes in tumor oxygenation during radiotherapy and time of tumor 

recurrence (days 3-5) might be explained by the upregulation of [143].  It was previously 

reported that a HIF-1 target gene, VEGF, is upregulated 24-48 hours after radiotherapy.  

The upregulation of VEGF protects endothelial cells from death [143, 144]. The 

upregulation of HIF-1 may have mediated switch from aerobic to anaerobic metabolism, 

which could have further protected tumor cells from death [145]. Zhong et al. previously 

reported that upregulation of HIF-1 after radiotherapy protects tumor microvessels and 

promotes a switch to anaerobic metabolism [146]. 

When mice were stratified by radiation dose, mice that received the highest dose 

of radiation had significantly different tumor oxygenation kinetics than mice that 

received the lower doses of radiation (Figure 35). These results suggest that a faster 

increase in oxygenation can be triggered by higher radiation doses. The difference in 

oxygenation kinetics may be related to sensitivity of endothelial cells to radiation [147]. 

Garcia-Barros et al. showed that tumors in endothelial cell apoptosis-resistant mice were 

relatively radioresistant because their endothelial cells do not undergo apoptosis via 
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activation of the acid sphingomyelinase pathway [147]. Moreover, doses of radiotherapy 

<10 Gy did not induce endothelial cell apoptosis in wild type mice. [147-149]. Below 10 

Gy, a decrease in endothelial cell kill combined with the increase in HIF-1 expression, 

discussed above, may offer radioprotection to tumor cells. If tumor cells are 

radioprotected, cell mass would remain relatively large and oxygen consumption rates 

would be maintained [150]. 

DRS provides label-free, non-invasive, simple and cost-effective means to 

quantitatively and non-invasively measure and quantify tissue hypoxia in vivo [8, 151-

153].  It is ideal for serial assessments of tumor hypoxia/perfusion prior to, during and 

after the radiotherapy. Early prediction of treatment failure could lead to clinical 

decisions about more aggressive treatments, thereby improving likelihood for a 

favorable treatment outcome. 
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6. Conclusions and Future Directions 

6.1 Conclusions 

Head and neck cancer is a global burden affecting both resource limited areas 

and developed countries. Patients around the world are plagued by each stage of 

HNSCC progression. Therefore, the goal of this dissertation is to improve the overall 

detection, management and treatment of HNC by developing a compact, low-cost and 

automated technology that will benefit patients in every phase of cancer care. Early 

detection of HNSCC can double a patient’s chances of survival. Reducing the number of 

unnecessary surgical biopsies can aid in patient recovery as well as save resources and 

time for the healthcare system. Cancer therapy is a huge burden on the patient and 

health care system. Nevertheless, the recurrent rate is still over 50% for HNSCC patients 

who underwent radiotherapy. Therefore, it is important to have an effective technique to 

evaluate the tumor response to the radiotherapy so that the physician is able to develop  

an appropriate treatment plan to fully eliminate the resistant cancer cells. 

Angiogenesis, neovascularization and hypoxia are fundamental features of the 

cancer microenvironment during tumor development. Angiogenesis is a limiting factor 

in tumor growth since a tumor cannot grow beyond 1-2 mm in size without activating 

the angiogenic switch. In other words, tumors are clinically undetectable before 

initiation of tumor-induced neovascularization, which prompts the growth of blood 

vessels often described as tortuous, leaky, dilated and disorganized. Several ex vivo 



 

129 

studies have shown that vascular changes such as an increase in microvessel density can 

be observed in precancerous lesions. However, only a limited number of in vivo studies 

have performed to demonstrate the significant vascular changes associated with 

precancerous lesions in the head and neck.  We have built a low-cost dark field 

microscope to monitor cancer-induced neovascularization in a spontaneous hamster 

cheek pouch cancer model, and then characterized the changes using a Gabor-based 

algorithm and image processing techniques. Our results were consistent with current 

literature and showed that several in vivo vascular features are significantly different in 

the dysplasia and SCC oral mucosa compared to the normal hamster oral mucosa. 

Significantly increased neovascularization, increased vascular tortuosity and tumor-

related vessel dilation can be observed quantitatively (Figure 8 and Figure 11). 

Moreover, we demonstrated the feasibility of using these in vivo vascular features for 

cancer diagnosis. The AUCs for classifying SCC vs. normal and hyperplasia and 

dysplasia vs normaland hyperplasia were 0.98 and 0.92, respectively. Our study is not 

only the first to systematically characterize the in vivo vascular changes during cancer 

progression, but also the first study to demonstrate that these features can be used for 

cancer diagnosis. 

During panendoscopy, biopsies are obtained from patients at the site of 

suspicious lesion. Studies have shown that approximately 50% of suspicious biopsies 

were later pathologically confirmed as normal after tremendous resources were spent on 
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those biopsies. Although we have shown that vascular imaging can be used for cancer 

diagnosis, the current microscopic design might not be ideal for a clinical setting for the 

detection of solid tumors in the patient. On the other hand, DRS is compact and 

portable, and the measured tissue diffuse reflectance spectra can be converted to [THb], 

SO2 and μs’ which are also sensitive to cell density, neovascularization and hypoxia. We 

conducted a preliminary diagnostic study to show that  low-cost and compact DRS 

system is sensitive to the tumor-induced changes. SO2 and μs’ in the primary tumors are 

significantly lower that the contra-lateral normal tissues (Figure 17). In addition, contrast 

between tumors and normal tissues was enhanced simply by regrouping the samples 

based on their morphological tissue type instead of anatomical location (Figure 17).  

Therefore, the classification performance was improved as well. Our results suggest that 

34% of false positive biopsies could be avoided with the aid of DRS.  

A fast inverse MC model can extract the quantitative information from a 

measured diffuse reflectance spectrum in approximately 1 second. However, this might 

not be fast enough for applications in the clinical setting especially when patients are 

under general anesthesia for an extended time. The ideal technology should provide 

real-time feedback during the panendoscopy so that the surgeon can easily locate the 

lesions with the highest malignant potential. Therefore, a rapid ratiometric analysis was 

developed. The ratiometric analysis can extract quantitative [THb] and SO2 more than 

4500 times faster than the inverse MC model. In addition, the algorithm was seen to be 
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very robust after validation in various tissues such as breast, cervix and head and neck. 

Moreover, the performance of the ratiometric analysis in identifying malignant tissues 

was equivalent to the inverse MC model. 

Detection and diagnosis are important for cancer management but treatment is 

almost always necessary to alleviate solid tumors. Radiotherapy is an important 

treatment for HNSCC, and its success can be predicted using reoxygenation levels. 

However, after decades of work, there are still no cost effective and noninvasive 

methods to measure the tissue oxygenation and evaluate the prognosis of radiotherapy. 

Since DRS is a relatively low-cost technology that can noninvasively measure tissue 

oxygenation, we conducted an animal study to test our hypothesis: oxygenation kinetics 

correlate with the likelihood of local tumor control following fractionated radiotherapy. 

Our results confirmed our hypothesis. LC animals demonstrated faster increases in 

oxygenation compared to the LF animals. In addition, the oxygenation kinetics can 

reflect the treatment outcome earlier than the tumor volumes (Figure 32 (C) and (D)). 

The AUC for identifying the LF animals was 0.74 using the logistic regression model. 

Moreover, the oxygenation kinetics can also estimate when the tumor will recur, as the 

changes in oxygenation in the LF animals are correlated with the tumor recurrence time.   

In summary, this work presents the development of low-cost and label- free 

technologies that exploit features of tumor-induced angiogenesis such as increased 

neovascularization and hypoxia to aid in HNSCC management in screening, staging and 
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therapy. Dark field vascular imaging is promising for early cancer diagnosis during 

screening.  Diffuse reflectance spectroscopy is effective in reducing the number of non-

malignant biopsies during panendoscopy and is also promising for predicting the 

outcome of the radiotherapy. Since these technologies are compact and low-cost, they 

can be used not only in developed countries but also in more resource limited areas. 

This work is promising for improving HNC management for patients at all stages and 

all over the world.  

6.2 Future work 

Future work is focused on adapting these vascular imaging technologies for 

clinical settings and for characterizing tumor vasculature during intravital microscopy. 

6.2.1 Portable microscope for spectral vascular imaging 

One future goal is to develop a technology that will enable low-cost early 

HNSCC detection with vascular imaging in clinical settings. Our group has developed a 

novel technology called the Point of Care Tampon (POCkeT) colposcope that has the 

form of a tampon and is significantly less expensive (several hundred dollars) than our 

current dark field microscope (a few thousand dollars) and the state-of-the-art digital 

colposcope (tens of thousands of dollars). We have completed (1) clinical validation of 

the POCkeT colposcope’s diagnostic capability compared to the high-end digital 

colposcope and gold standard pathology, and (2) development of an integrated mHealth 

software solution to enhance the utility of the technology. Our collaborator, 3rd Stone 
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Design, improved the ergonomics of the POCKeT colposcope (Figure 37). Due to the 

compact design, this technology can be easily translated into the clinical setting for head 

and neck cancer, and is particularly applicable for the oral cavity. 

 

Figure 37: Rendition of the latest POCkeT colposcope design and the 

representative screen shots of our custom mHealth software. 

 

We have performed a direct comparison of the dark field microscope to the 

POCkeT colposcope’s imaging capability in a normal hamster cheek pouch at the same 

site. The POCKeT colposcope recapitulates the quality of image that can be achieved 

with the dark field microscope (Figure 38). 
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Figure 38: Comparison between dark field microscopy and the new 

vasculature imaging capabilities of the POCkeT colposcope. 

 

In addition to the direct comparison between the images obtained from dark 

field microscope and the POCkeT colposcope, we also conducted a preliminary study 

for cervical cancer screening to demonstrate the feasibility of imaging vasculature with 

the POCKeT colposcope in a high resolution setting. Blood vessels can be observed with 

the POCKeT colposcope under a higher magnification (Figure 39).  
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Figure 39: A combination of white light, green light, and high resolution 

imaging combined with our algorithm to increase the specificity of diagnosis for a 

cervical lesion. 

 

With the preliminary results, we are confident that the POCKeT colposcope is able to 

image the vasculature in the head and neck area. In addition, the vessel segmentation 

and analyses can be easily modified and applied to the vascular images obtained from 

the POCKeT colposcope. Moreover, we have demonstrated that tissue diffuse 

reflectance and ratiometric analysis are sensitive to the tumor-induced vascular changes 

and the combination of both techniques can provide a rapid screening and diagnostic 

strategy. The current POCKeT colposcope is equipped with white light and 530 LEDs. 

With a simple modification of the wavelengths of the illuminating LEDs, spectral 

imaging that is sensitive to tissue oxygenation and [THb] can be achieved. This can 

provide a fast screening of high-risk regions under the low magnification mode and the 
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surgeon can further zoom in to obtain quantitative information about the vascular 

structures for more information.  

Figure 40 shows representative spectral images from a dorsal window chamber 

model captured with intravital microscopy. Vascular contrast is different at different 

wavelengths due to the wavelength-dependent oxy- and deoxyhemoglobin absorption 

values.  

 

Figure 40: Representative spectral images obtained with an intravital 

microscope from a mouse dorsal window chamber model with a 4T1 tumor. Vascular 

contrast is varied with the illuminating wavelengths. 

 

Figure 41 shows the extracted [THb] and SO2 images using Beers law (gold 

standard) and ratiometric 590/570 images for [THb] and 560/540 images for SO2. as well 

as the correlations between the two sets of images. The [THb] values are significantly 

correlated with 590/570 (r2 =0.94) and SO2 is significantly correlated with 560/540 (r2 

=0.77). 
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Figure 41: Ratiometric analysis for rapid estimating of [THb] and SO2 for 

spectral imaging applications. (A) The inverse MC extracted [THb] and SO2 and the 

ratiometric images obtained from the same representative image. (B) Significantly 

high correlations were observed between the [THb] and SO2 and the 590/570 and 

560/540 ratios, respectively. 
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Figure 42 shows the Pearson correlation coefficients (r2) of [THb] vs. 590/570 and 

SO2 vs. 560/540 from five different window chamber images. The Pearson correlation 

coefficients (r2) of the THb vs. 590/570 in the five mice are 0.907, 0.956, 0.943, 0.930 and 

0.864 respectively. The Pearson correlation coefficients (r2) of the SO2 vs. 560/540 in the 

five mice are 0.516, 0.672, 0.774, 0.699 and 0.793 respectively.  All p-values are significant 

(p<0.05). 

 

Figure 42: Significant high correlation existed between the [THb] and 590/570 

as well as SO2 and 560/540 for 5 mice. 

 

In summary, the next generation of the POCKeT colposcope will be able to 

provide quantitative [THb] and SO2 images as well as information about vascular 

features such as tortuosity and vascular diameter. The high-resolution vascular imaging 

will enable accurate early cancer detection and diagnosis. The rapid spectral imaging 

will provide [THb] and SO2 at all positions in the image. Moreover, the ability to image 
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tissue SO2 would make the POCKeT colposcope a promising tool for 

predictingradiotherapy outcomes. The next generation POCKeT colposcope will be a 

cost-effective technology that can provide rapid and accurate cancer diagnosis and 

prognosis for head and neck cancer.  

6.2.2 Metabolic imaging for better tumor assessment 

In addition to the altered vascularity, deregulated metabolism is another 

important cancer hallmark. Interest in therapeutically exploiting these functional 

endpoints continues to grow, since metabolism and vasculature significantly impact a 

tumor’s fate. There is growing demand for technologies to image tumor metabolism at 

high spatial resolution within its microenvironment at a systems level to contribute to 

the development of strategies to prevent resistance, recurrence and metastasis. 

Furthermore, there is now increasing evidence pointing to a critical need to image both 

glucose uptake and oxidative metabolism since tumors can switch between oxidation 

and glycolysis to generate energy and precursors for cell division, respectively. SO2, 

[THb] and angiogenesis within the tumor microenvironment influence metabolism by 

affecting substrate availability, and conversely the nature of metabolism affects these 

same parameters. Current technologies are either destructive (metabolomics) or measure 

single endpoints that provide partial information at low spatial resolution (PET 

imaging). Our technological goal is to establish a non-invasive, multi-parametric intra-
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vital microscope to image tumor metabolism, vascular function and architecture at high 

resolution in small animal models. 

We have previously demonstrated imaging of glucose uptake (2-NBDG) and 

oxygen saturation (SO2) in dorsal window chamber tumor models in vivo using a 

hyperspectral microscope [154, 155]. The hyperspectral microscope images blood vessels 

in a transmission geometry, limiting its use to ectopic dorsal window chambers and 

preventing use in orthotopic mammary chamber models. To address this limitation we 

have built a dark field microscope to image the vasculature in vivo in a reflective 

geometry and a Gabor filter-based algorithm to quantify endpoints related to the 

vascular geometry [63] .  We have integrated a structured illumination microscope (SIM) 

with the dark field microscope (DFM), [156] to enhance fluorescence contrast by 

effectively rejecting background fluorescence. However, we have yet to demonstrate 

simultaneous imaging of both glucose uptake and mitochondrial membrane potential 

(MMP) which is essential to assess the interplay of key metabolic functional endpoints in 

vivo. Tetramethylrhodamine ethyl ester (TMRE) is a contrast agent that has been used 

extensively to image MMP in vitro. We propose to optimize and validate a strategy for 

near simultaneous imaging of TMRE and 2-NBDG in order to provide the metabolic 

profiles of tumors. 



 

141 

 

Figure 43: Integrated structured illumination microscope and dark field 

microscope (SIM-DFM) schematic with millimeter-scale field of view and cellular 

level resolution.  BX: beam expander; BS-Beam splitter; DBS: Dichroic beam splitter; 

LCTF: liquid crystal tunable filter; CM: custom designed mirror; OBJ: Objective lens; 

P: polarizer; RL: Relay lens; SF: Spatial filter; SLM: Spatial light modulator; TL: Tube 

lens. 

 

We have optimized the excitation wavelengths of our laser sources in order to 

minimize optical crosstalk between TMRE and 2-NBDG fluorescence. We carried out a 

series of phantom studies to demonstrate the feasibility of simultaneously imaging 2-

NBDG and TMRE with the SIM-DFM microscope. Our preliminary results in Figure 44 

demonstrate that there is minimal optical cross talk between the 2-NBDG and TMRE 

fluorescence over the range of biologically relevant concentrations. 
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Figure 44: Phantom study results demonstrated that there is negligible optical 

cross talk between 2-NBDG and TMRE in scattering phantoms. 

 

We conducted a study in a dorsal skin flap model where TMRE and 2-NBDG 

were simultaneously delivered and compared to the case where each was administered 

separately. TMRE fluorescence was significantly attenuated by the presence of 2-NBDG, 

which was attributed to a volume dilution effect. In order to test this hypothesis, the 

study was repeated but with TMRE administered first, followed by a delay of 15 

minutes before administration of 2-NBDG.  As expected, 2-NBDG was minimally 

affected by TMRE fluorescence and the TMRE fluorescence closely recapitulated the 

results that would be expected if TMRE were administered alone (Figure 45). The benefit 

of this approach is that although 2-NBDG is administered after a 15-minute delay both 

endpoints can be simultaneously imaged over the remaining time course and the same 

temporal endpoint of approximately 60-75 minutes can be used to quantify 2-NBDG and 

TMRE fluorescence (after clearance from the vasculature). 
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Figure 45: Initial trial on a small number of animals demonstrated that there 

was strong biological cross talk between 2-NBDG and TMRE, particularly, 

simultaneously injecting TMRE and 2-NBDG, attenuated the fluorescence TMRE. 

(Combo) compared to TMRE only (control). Sequential injection of TMRE followed 

by 2-NBDG minimized the crosstalk suggesting that this phenomenon was the result 

of a volume dilution effect.  

  

Since the LCTF can capture all spectral information of the imaging site, 

ratiometric algorithms can be used to rapidly extract the SO2 and [THb] from the images. 

Together with the TMRE and 2-NBDG, the SIM-DF microscopy can provide not only the 

vascular information but also the metabolic endpoints for better understanding of the 

fundamentals of tumor biology. In addition, the information of TMRE, 2-NBDG and SO2 

can provide insight of whether tumors are undergoing oxidative metabolism, which 

might be associated with the tumor metastatic potential.  

6.2.3 Improved Spectroscopy for Accurate Measurements 

Calibration is required to compensate for the wavelength-dependent instrument 

response, lamp intensity fluctuations, and fiber bending losses [157, 158].  Current 

calibration techniques typically rely on measurements using standards and/or tissue 
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phantoms, typically after the clinical measurements are completed. There are a number 

of limitations associated with such calibration methods. First, because the calibration is 

performed at the beginning or end of the study, real-time instrument fluctuations, such 

as lamp drift and fiber bending loss cannot be compensated by these approaches. 

Second, they can require an additional 30 minutes for lamp warm-up and another 10-20 

minutes for calibration, which is a significant amount of time in a clinical setting.  

In addition, uncontrolled probe-to-tissue coupling and pressure can make it 

difficult to obtain a reproducible spectrum, particularly for untrained operator. Chan et 

al. found that there was a decrease in the diffuse reflectance and an increase in the 

scattering coefficient between 400-1800 nm with compression of in vitro human skin 

[159]. Reif et al. reported a study in which reflectance measurements were obtained in 

vivo from mouse thigh muscles while varying the contact pressure of the fiber-optic 

probe [160]. They found that the extracted blood vessel radius, oxygenation, and Mie 

theory slope decreased with pressure, while the reduced scattering coefficient at 700 nm 

increased as a function of pressure. Recently, Ti and Lin studied the short- and long-

term effects of probe pressure on in vivo diffuse reflectance using an animal model [161]. 

They concluded that elevation in probe pressure induces major alterations in the profile 

of the reflectance spectra between 400-650 nm and the changes in the extracted tissue 

optical properties depend on probe pressure, and tissue type.  
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The key innovation of this future direction is the development and clinical/pre-

clinical validation of a pressure- and optical throughput-corrected probe with integrated 

wide field white light, which will have broad impact in translational applications related 

to oncology. We have constructed and tested a system that incorporates wide-field white 

light imaging with a DRS probe (Zenascope) with coupled to a spectrometer, and a 

laptop with custom software (Figure 46) using a fast, scalable MC model (US Patent 

#7,570,988) to extract underlying sources of intrinsic absorption and scattering contrast. 

 

Figure 46: Portable Zenascope PC2 system set up. (A) Prototype probe and 

system, (B) Pressure test set up, (C) Pressure sensing control board with LED pressure 

gauge. 

 

 The probe rests against a pressure sensor (within handle; Figure 47) that 

monitors pressure while taking spectroscopy readings.  The newly developed force sled 

and spring (schematic shown in Figure 47 serve two purposes, 1) they allow force to be 

transferred from the tissue to the force sensor, and 2) they allow for greater stability and 

consistency in the force applied by reducing the slope of force vs. displacement without 

relying solely on tissue compliance. The spring is also replaceable to allow a variety of 
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working pressure ranges. Figure 48 shows the pressure measured by the probe versus 

externally measured pressure. The readings measured by the system match well with 

expected values. 

 

 

Figure 47: The probe design incorporates spring loading into the Zenalux 

probe along with pressure sensing. 

 

Figure 48: Zenalux Probe Force Measurement vs. Calibrated Strain Gauge 

Measurement show good concordance. 
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One technological innovation in this future direction will be to implement a self-

calibration feature (Figure 49), which was initially designed to require two 

spectrometers to read the output from the sample and calibration channels[162]. Instead, 

an optical switch will be incorporated into the device to enable rapid switching (5 ms) of 

the spectrometer between data and calibration channels. Second, linear motion micro-

positioners and pressure sensors with a feedback loop will be incorporated to maintain 

probe contact pressure rather than having the user control it manually. Furthermore, 

MC modeling is used to account for non-linear, wavelength dependent effects on signal 

with respect to optical properties. There is a potential impact on tissue boundary 

conditions in the case that there is incomplete probe contact, which is another key reason 

for ensuring appropriate contact pressure. 
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Figure 49: Schematic of the Zenascope PC3 system for diffuse reflectance 

spectroscopy with self-calibration correction. 

 

The improved functionality of the spectroscopy (pressure sensing and self-

calibration) should be able to more reproducibly detect subtle changes in the tumor 

microenvironment, leading to a significantly reduced standard error of one or more 

extracted parameters. Therefore, the improved next generation spectroscopy system is 

promising for better identifying malignant tissues during screening and staging as well 

as better predicting therapy prognosis during therapy.  
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