


 
 

ABSTRACT 

Development and Evaluation of a Multi-Modal Optical Imaging System 

for Early Identification of Oral Neoplasia 

by 

Timothy Quang 

Over the last decade, the five-year survival rate for oral cancer has remained at 

only 64%. Despite easy access to the oral cavity, most patients with oral cancer are 

diagnosed at an advanced stage when treatment is more invasive and likely to be less 

successful. Imaging tools that can rapidly and accurately identify oral neoplasia could 

improve early detection of malignant oral lesions. This dissertation describes research to 

develop and evaluate a multi-modal optical imaging system with automated image 

processing to improve early detection of oral neoplasia.  

The multi-modal optical imaging system is comprised of two modalities, a high-

resolution microendoscope (HRME) and a wide-field autofluorescence imager (AFI) to 

identify suspicious areas and to confirm whether suspicious areas contain neoplasia. A 

tablet-interfaced HRME with automated image analysis was developed and characterized 

to improve early detection of esophageal squamous cell carcinoma which has similar 

histologic patterns to oral neoplasia; results showed the tablet HRME can acquire 

comparable images to the first generation HRME design at a fraction of the cost and size. 

Training and validation was performed using a previously published dataset from a study 

of 177 patients referred for screening or surveillance endoscopy in China. Results showed 

that the automated image processing could differentiate between neoplastic and non-



 
 

neoplastic images with a sensitivity of 95% and 91% in an independent validation set 

compared with 84% and 95% achieved in the original study.  Additionally, automated 

image processing tools were developed to analyze wide-field autofluorescence images. 

The diagnostic performance of this approach was compared to previous results from a 

pilot study of 30 patients scheduled for surgical resection of a clinically suspicious oral 

lesion. The automated analysis method achieved a comparable area under the receiver 

operating characteristic curve (AUC) to the previous results based on manual analysis 

(0.862 automated vs. 0.877 manual) while minimizing dependence on user input. The 

automated analysis algorithms for AFI and HRME were then evaluated together to 

analyze images acquired from a population of 100 patients scheduled for surgical 

resection of a clinically suspicious oral lesion. A classification algorithm based on image 

metrics derived from AFI and HRME was able to correctly classify 100% of sites taken 

from biopsies pathologically diagnosed as normal and 85% of sites taken from biopsies 

diagnosed as moderate/severe dysplasia or cancer. 

These results provide evidence that multi-modal optical imaging with automated 

image analysis could be a valuable diagnostic adjunct for early detection of oral 

neoplasia.   
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Chapter 1 

Introduction 

1.1. Objective and Specific Aims 

The objective of this research is to develop a multi-modal optical imaging system 

with automated image analysis for real-time detection of oral neoplasia and evaluate its 

diagnostic potential in clinical studies. The multi-modal optical imaging system is 

comprised of a high-resolution microendoscope (HRME) and a wide-field 

autofluorescence imager (AFI). The specific aims are as follows. 

Specific Aim 1: Design a more portable high-resolution optical imaging system 

with automated image processing, characterize the performance of the system using 

optical calibration standards, and evaluate the performance of automated image analysis 

to identify the presence of neoplasia. 
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Specific Aim 2: Develop an automated image processing method to analyze 

autofluorescence images and evaluate the performance of the automated image analysis 

to identify the presence of oral neoplasia in a training set of images. 

Specific Aim 3: Evaluate the performance of a multi-modal optical imaging 

system using automated image analysis of HRME and AFI together to identify the 

presence of neoplasia in a prospective analysis of multi-modal images from a clinical 

study using multi-modal imaging on patients with a clinically suspicious oral lesion.  

1.2. Chapter Summaries 

This dissertation describes the development and evaluation of a multi-modal optical 

imaging system and automated image processing for the early detection of oral cancer. 

The dissertation is organized as follows. 

Chapter 1 lists the specific aims of this research and provides a brief overview of the 

topics to be discussed. 

Chapter 2 provides background information on the motivation for early oral cancer 

detection, describes alterations that occur because of neoplastic progression, and surveys 

current optical imaging techniques used to aid diagnosis and their limitations.  

Chapter 3 describes the design and development of a tablet interfaced high-resolution 

microendoscope with automated image analysis. The training of the image analysis 

algorithm on a previously published dataset of 177 patients is also described. 
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Chapter 4 describes the development of an automated image analysis method to 

analyze autofluorescence images. Training and characterization of the diagnostic 

performance of the automated method using a previously published dataset from a 30 

patient pilot study is also described. 

Chapter 5 describes the evaluation of a multi-modal optical imaging system using 

automated image analysis methods described in Chapter 3 and Chapter 4 to identify oral 

neoplasia. 

Chapter 6 discusses the major conclusions of this work and the potential impact of 

multi-modal optical imaging on early oral cancer detection. Chapter 6 also discusses 

future directions.  
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Chapter 2 

Background and Motivation 

2.1. Oral Cancer Overview 

Oral cancer remains a significant global health problem. The most common form 

of oral cancer is oral squamous cell carcinoma (OSCC), which arises from the epithelial 

lining of the oral cavity [1]. Approximately 300,000 new cases were reported worldwide 

in 2012 [2, 3]. In 2015, there were approximately 48,000 reported new cases in the US 

[3-5]. The prevalence of oral cancer is greatest in India and parts of Southeast Asia, 

where it has been documented as one of the three most common cancers [2, 6, 7]. 

Tobacco and alcohol consumption are the most cited risk factors [2, 8-11]. Heavy alcohol 

consumption in combination with heavy smoking has a synergistic effect, greatly 

increasing the risk of malignancy [2, 8, 12]. Although tobacco use has either declined or 

stabilized in several high-income countries, it has increased in low and middle income 

countries [2, 13].  
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Over the last decade, the overall five-year survival rate of OSCC has not 

significantly improved [3].The overall five-year survival rate for patients in the United 

States is approximately 64% [3, 5, 14]. There are projected to be approximately 9600 

deaths in the United States due to oral cancer in 2016 [3]. Figure 2.1 shows the five-year 

survival rate for oral cancer for each stage of diagnosis. When diagnosed early, the five-

year survival rate is approximately 83%, double the five-year survival rate for late-stage 

diagnosis, which is 37% [5, 8].  

 

Figure 2.1: Five- year survival rate for oral cancer, sorted by stage at 

diagnosis. Modified from ref [3] 

Standard treatment of an identified high-risk lesion is surgical resection; more 

advanced cases can also call for some combination of radiotherapy or chemotherapy [2]. 

Although cancer treatment has advanced significantly, late stage treatment is often more 

complicated, costly, and has a higher chance of treatment-associated morbidity. In 

addition, recurrence rates have been reported as high as 50% in cases of late stage 

detection and treatment [8]. Figure 2.2 shows the proportion of oral cancer cases that are 
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diagnosed by each stage. Unfortunately, only 30% of patients in the US are diagnosed at 

a localized stage [3, 5]. Early detection and treatment of oral lesions remains the ideal 

pathway to improved patient survival and quality of life. 

 

Figure 2.2: Percentage of oral cancer cases diagnosed, by stage. Modified 

from ref [3] 

The clinical standard of care for oral cancer detection is visual inspection and 

palpation of the oral cavity under white light illumination. However, this is highly 

dependent on the clinician’s skill and experience [14-16].  Published results describing 

the efficacy of a standard clinical oral examination (COE) have been mixed [14, 17-20]. 

The most cited drawbacks of COE are: 1) lack of training of health-care professionals for 

early detection of pre-malignant lesions, and 2) the difficulty of differentiating lesions 

with a high risk of progression to cancer from those with a low risk. The most common 

oral lesions appear as white or red patches on the surface, known as leukoplakia and 
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erythroplakia, respectively Prevalence of these lesions is reported to range from 1% - 5%  

[11]. Leukoplakia is the most common type of lesion to progress to oral cancer with a 

transformation rate of 1% - 2% per year [1]. Erythroplakia occurs less frequently than 

leukoplakia; however, erythroplakia has a higher risk of malignant progression [21]. 

Often, the lesion area can be subtle and asymptomatic which can lead to lesions 

remaining undetected until they have progressed further and become symptomatic. 

Further challenges arise when trying to differentiate potentially malignant lesions from 

those stemming from inflammation or other benign conditions [21]. A definitive 

diagnosis can only be made after a biopsy followed by histopathology which requires a 

trained health-care provider, is resource intensive, and cannot be done feasibly in real-

time. Additionally, the small sampling area of the biopsy itself may not fully represent 

the morphology of the whole lesion and may not provide a complete depiction of the 

surrounding tissue area, therefore the lesion boundary is also still prone to subjective 

interpretation [22]. With only conventional means, early detection is heavily dependent 

on clinician skill. There is a strong need for imaging tools that can rapidly and accurately 

identify pre-malignant lesions. 

2.2. Biological Changes Associated with Neoplastic Progression 

There are numerous changes that occur in squamous mucosa during the 

progression to neoplasia that alter tissue optical properties; such changes can be exploited 

to improve early detection of oral neoplasia using optical imaging on the tissue scale [23-

27]. Normal oral mucosa emits a blue-green fluorescence when excited with blue or 

ultraviolet light. The predominant source of this fluorescence is collagen cross-links in 
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the stroma [24, 27]. Other contributors to fluorescence emission in that band are the 

reduced form of nicotinamide adenine dinucleotide (NADH) as well as the oxidized form 

of flavin adenine dinucleotides (FAD) [24, 26]. Progression to neoplasia is associated 

with loss of fluorescence (LOF) which is caused by several factors, primarily the 

degradation of collagen cross-links in the stroma [27-29]. Secondary mechanisms that 

contribute to LOF include epithelial thickening and increased epithelial scattering which 

attenuate stromal fluorescence. Angiogenesis also increases hemoglobin absorption and 

attenuates stromal fluorescence [30]. Additionally, red fluorescence has been observed in 

malignant tumors due to endogenous porphyrins [23, 31].  

On a cellular scale, neoplastic progression is associated with an increase in 

nuclear area as well as increased cellular proliferation which results in nuclear crowding. 

Whereas nuclei in normal squamous epithelium are uniform and round, nuclei in 

neoplastic epithelium tend to exhibit pleomorphism. Figure 2.3 shows a series of 

histology slides of different diagnoses where the increase of nuclear area and 

proliferation can be observed for increasing neoplastic progression.  

 

Figure 2.3: Neoplastic progression as seen by histology. Modified from ref [8] 
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2.3. Optical Imaging Techniques 

2.3.1. Wide-Field Optical Imaging 

A number of wide-field optical imaging techniques have been developed in the 

past decade to identify neoplastic tissue in the oral cavity by increasing the contrast 

between neoplastic and non-neoplastic areas. These techniques can survey entire regions 

of tissue and provide more contrast between neoplastic and non-neoplastic areas 

compared to standard white light reflectance. Narrowband imaging (NBI) and orthogonal 

polarized reflectance imaging (OPR) examine tissue reflectance to observe changes in 

vasculature [23, 32, 33]. In NBI, tissue is illuminated with a narrow bandwidth of light 

and then reflected light is imaged. In the context of the oral cavity, the illumination 

bandwidth can be tuned to match the absorption peaks of hemoglobin in order to 

maximize the contrast between the microvasculature and the underlying tissue. Contrast 

in OPR is derived by placing a linear polarizer in front of the illumination source while 

placing a second linear polarizer in front of the detector oriented in such a way that only 

light with a polarization orthogonal to the illumination is collected. This has the effect of 

rejecting light from specular reflection from the tissue surface and enhancing contrast of 

the microvasculature due to hemoglobin absorption. Autofluorescence imaging (AFI) 

images tissue fluorescence primarily from the stromal layer [23, 34-36]. There are a 

number of commercial imaging devices available for AFI such as VELscope and Identafi 

[34, 37-40]. Roblyer et al. developed a multispectral digital microscope (MDM) to 

acquire multiple wide-field images using AFI, NBI, OPR, and white light reflectance 

imaging [23]. Figure 2.4 shows example images from the lateral tongue of a patient with 
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leukoplakia imaged with standard white light reflectance (Figure 2.4A), OPR (Figure 

2.4B), NBI (Figure 2.4C), and AFI at 405 nm excitation (Figure 2.4D). In the OPR and 

NBI images, there is a perceivable increase in visual contrast between the lesion area and 

the surrounding normal tissue. In the AFI image, there is a noticeable loss of fluorescence 

(LOF) at the lesion area. 

 

Figure 2.4: Example case of a patient with a clinically suspicious lesion at the 

left lateral tongue imaged using A) white light reflectance B) orthogonal 

polarized reflectance C) narrow-band imaging and D) autofluorescence 

imaging. White arrows denote areas of increased contrast between the lesion 

area and surrounding normal tissue. Scale bars represent 0.5 cm. Modified 

from ref [23] 

 

To improve the utility of wide-field imaging and reduce the need for training, 

image analysis can be used to discriminate between neoplastic and non-neoplastic regions 

of tissue objectively. Roblyer et al. investigated which image metric was optimal for 
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discriminating between non-neoplastic and neoplastic tissue and reported that features 

extracted from AFI images provided the best classification [23, 41]. Of the image 

features extracted from the AFI images, the normalized red to green intensity ratio (R:G) 

provided the best classification between neoplastic and non-neoplastic tissue with a 

sensitivity of 95.9% and specificity of 92.5% from a training set of 102 regions of interest 

(ROI) from 46 subjects [41]. A high R:G ratio is associated with neoplastic tissue as 

represented by a loss of blue-green fluorescence and an increase of red fluorescence due 

to endogenous porphyrins. Conversely, a low R:G ratio is associated with healthy mucosa 

due to a strong blue-green fluorescence and minimal red fluorescence. Normalized R:G 

ratio is calculated by dividing the R:G ratio of the ROI representing the lesion area by the 

R:G ratio of the ROI of a clinically normal region which is selected by visual evaluation. 

This is done to reduce the variability between different patients and enable comparison 

between different anatomic sites within the oral cavity.  

While AFI has a high sensitivity, it suffers from poor specificity because 

inflammation and benign lesions can also display LOF [27]. AFI can aid in the 

identification of a lesion area, but cannot differentiate between benign and malignant 

lesions.  As a result, making a treatment decision with AFI by itself would lead to 

overtreatment and require excessive biopsies which would be more resource intensive.  

2.3.2. High Resolution Optical Imaging 

Histopathology is the criterion standard for the diagnosis of oral cancer. 

Pathologists base their diagnosis on features such as nuclear area, nuclear crowding, and 

other architectural changes. However, a pathologic diagnosis can only be made following 
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a biopsy of the area of interest. However, this is an invasive process, cannot provide real-

time feedback for the clinician, and depends on clinician expertise to select an 

appropriate biopsy site. Visualization of cellular morphology in vivo is a valuable tool to 

distinguish between non-neoplastic and neoplastic tissue non-invasively. Fiber-based 

imaging modalities can facilitate this by providing a flexible means of imaging tissue in 

vivo while keeping any bulky optical components away from the patient. High-resolution 

imaging modalities such as confocal endomicroscopy have seen frequent use for 

endoscopy applications [42-44]. Confocal imaging approaches using a single fiber also 

require a scanning mechanism. An image can then be constructed by scanning the optical 

beam across the tissue surface. [45-47]. One barrier preventing these systems from wider 

use, especially in lower-resource settings, is the large size and cost of the systems. 

Reducing the cost of confocal platforms is limited by the need for a scanning mechanism 

which is typically expensive and has larger power requirements. There is a need for a 

system that can provide high-resolution optical imaging with a reduced size and cost. 

High-resolution microendoscopy (HRME) is a portable fiber-optic microscope 

capable of sub-cellular resolution in real-time and in vivo. It is an epi-fluorescence 

modality and can acquire images without a scanning mechanism by imaging through a 

coherent fiber bundle [48]. Each individual fiber core acts as a single pixel to form an 

entire image such that a coherent fiber optic bundle with 30,000 fiber cores can provide a 

720 μm field of view with a lateral resolution of 4.4 μm [49-51]. HRME has also been 

used in cancer imaging studies for other organ sites including but not limited to the 

esophagus, colon, and cervix [52-59]. While most confocal platforms are priced on the 

order of $100,000, the cost-of goods for the HRME is < $5000 [59]. 
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Cell nuclei can be visualized after the topical application of proflavine, an 

acriflavine derived fluorescent contrast agent [60, 61]. Images are collected by 

illuminating the tissue with a blue (λ = 455 nm) LED and collecting the fluorescence 

emission through the fiber probe. Images can be transmitted to a display screen which 

provides a real-time visualization of the surface epithelium for the clinician.  

Similar to the wide-field modalities, HRME also has some reliance on subjective 

image interpretation. Visual interpretation of HRME images is similar in process to what 

is done for histopathology. Key markers for progression to neoplasia are enlarged cell 

nuclei, increased nuclear crowding, and presence of pleomorphism [52, 57, 62, 63]. 

Figure 2.5 shows representative HRME images from tissue that was diagnosed as normal, 

inflammation, moderate dysplasia, severe dysplasia, and cancer.  

 

Figure 2.5: Example HRME images at different disease stages. Neoplasia is 

associated with enlarged nuclear area, nuclear crowding, and pleomorphism. 

Scale bar represents 100 μm. 

Neoplasia is associated with enlarged nuclei and increased nuclear crowding. Objective 

image analysis can segment the image and quantify metrics related to the cell 

morphology including but not limited to nuclear area, nuclear eccentricity, and the 
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nuclear to cytoplasmic (N/C) area ratio [52, 56, 62]. Shin et al. compared several of these 

metrics in neoplastic and non-neoplastic esophageal squamous tissue and reported a 

significant difference between certain image metrics such as nuclear area and eccentricity 

[62]. In addition, multiple studies have reported using metrics such as the mean nuclear 

area or N/C ratio to discriminate between neoplastic and non-neoplastic tissue in the oral 

cavity, esophagus, and cervix [52, 62-64]. 

While recently reported results have shown promise, a major limitation of HRME 

is the small field of view (< 1mm), which would require a large amount of time to scan 

the entire oral cavity [52]. In order to take full advantage of HRME, it needs to be paired 

with a wide-field imaging method to guide selection of the imaging site [59]. Another 

limitation of HRME is that it only images the first few layers of the surface epithelium 

and cannot interrogate deeper tissue [65]. Therefore, HRME cannot detect malignancies 

that are beneath the epithelial surface. For oral tissue specifically, keratinized tissue is 

particularly difficult to image with HRME because of the keratin layer obscuring the 

epithelial surface. 

2.3.3. Multi-Modal Optical Imaging 

There are distinct strengths and weakness associated with wide-field or high-

resolution imaging. One potential solution to overcome the respective weaknesses of each 

modality is to perform multi-modal imaging with both modalities. Generally, this can be 

done by using a wide-field modality to identify suspicious regions of tissue and then 

using a high-resolution modality to evaluate the cell morphology of those suspicious 

regions to determine if it is neoplastic or non-neoplastic. A similar methodology been 
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employed for the detection of other cancers using HRME in conjunction with other 

screening mechanisms with wide-field.  

In the oral cavity, multi-modal imaging has been performed by combining AFI 

and HRME. AFI can screen the entire tissue region to identify abnormal regions first and 

HRME can then investigate and evaluate suspicious areas identified by AFI. This multi-

modal imaging approach would allow clinicians to identify lesion areas and determine if 

it is benign or malignant in a rapid and accurate manner. Pierce et al. evaluated the 

performance of a multi-modal imaging system in vivo for identification of oral cancer 

[52]. Patients recruited in this study were first imaged with the wide-field imaging 

modality in order for the clinician to identify suspicious regions in the oral cavity. 

Following image acquisition with the wide-field modality, the clinician investigated some 

suspicious areas identified as well as a normal region for comparison with the HRME.  

 

Figure 2.6: Quantification of AFI and HRME images. Symbols represent 

histologic diagnosis. A) Normalized red to green intensity ratio calculated 

from AFI for 100 sites. B) nuclear to cytoplasmic area ratio calculated from 

HRME for the same 100 sites.  C) Combination of normalized R:G ratio and 

N/C ratio to classify the same 100 sites. Dashed lines represent linear 

threshold to discriminate normal sites from sites diagnosed as 

moderate/severe dysplasia or cancer. Modified from ref [52] 
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Figure 2.6 shows the results of the image analysis for AFI, HRME, and a 

combination of AFI and HRME. Figure 2.6A shows that the AFI using normalized R:G 

ratio could differentiate between normal sites and mild/moderate/severe dysplasia or 

cancer with 87% sensitivity and 76% specificity. Additionally, normalized R:G ratio 

could correctly classify 97% of sites with moderate/severe dysplasia or cancer and 76% 

of the normal sites. Similarly, Figure 2.6B shows HRME alone using nuclear to 

cytoplasmic (N/C) area ratio could classify the imaging sites with 84% sensitivity and 

71% specificity, correctly identifying 92% of sites with moderate/severe dysplasia or 

cancer and 71% of normal sites. Figure 2.6C shows using both normalized R:G ratio and 

N/C ratio could correctly classify 95% of  sites with moderate/severe dysplasia or cancer 

and 98 % of normal sites [52]. These results suggest that multi-modal imaging has the 

potential to be a valuable tool to aid in early detection of oral cancer.   

2.3.4. Limitations of Multi-Modal Optical Imaging 

While initial results suggest multi-modal imaging has the potential to be a valuable 

clinical aid for early detection of oral neoplasia, there are a number of ways to improve 

multi-modal imaging as a diagnostic adjunct as well as make it more accessible for 

lower-resource settings. An ideal system for a clinical setting would be low-cost, 

lightweight, and require minimal training to operate and interpret images. Addressing 

these needs would include reducing the size and weight of the system and integration of 

real-time image analysis.  

Currently, the AFI and HRME systems are cumbersome, require user alignment, and 

are difficult to maneuver in the clinic due to a combination of system size and the need to 

interface to a laptop computer. The large size, need for user alignment, and the lack of 
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maneuverability negatively affects the clinician’s ability to evaluate the wide-field and 

HRME images simultaneously. These conditions would make implementation in a 

practical clinic setting difficult.  

In addition, there is a learning curve associated with interpreting the images from 

both systems. Quantitative image analysis can help reduce the subjectivity of image 

interpretation by providing objective metrics to the clinician to evaluate. While this has 

been used to a degree with both modalities, prior analyses have been performed post-hoc 

and not in a fully automated manner. AFI image analysis is dependent on ROI selection 

which has traditionally been selected manually. However, without understanding the 

autofluorescence variability of normal oral mucosa, normal ROI selection could impact 

any image analysis performed. In addition, without consistent criteria on how to select 

the normal ROI, comparison of results between different sites is challenging. In order to 

make full use of the results seen in published image analyses, image processing must be 

done in a consistent, objective way. The limiting factor to implementing real-time image 

analysis has been the lack of automation which would significantly delay the clinical 

workflow if done on site. Ideally, any additional analysis would require minimal time 

such that it does not reduce the number of patients that can be evaluated by a clinician 

daily.  

2.4. Conclusions 

Over the last decade, the five-year survival rate of oral cancer has remained 

constant. Early detection and diagnosis is still the best avenue to ensure improved patient 

survival and quality of life. Standard detection methods are heavily dependent on having 
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a skilled, experienced healthcare provider and this is most challenging in the low-

resource areas where oral cancer is most prevalent. Optical imaging approaches can 

reduce this dependency but many have their own limitations as well. Any proposed 

solution must be able to identify lesions rapidly and accurately, require minimal training 

to interpret results, and be easily adaptable to any clinical setup. Addition of image 

processing can aid in reducing the level of training needed to interpret the results 

generated however image analysis up to this point has required some degree of user 

input. Initial studies with AFI and HRME in a multi-modal imaging approach have 

shown great promise in limited patient sample. The work in this thesis describes the 

development of instrumentation and image processing to translate multi-modal imaging 

into a clinical setting and the evaluation of its impact on early identification of oral 

cancer. The implementation of multi-modal imaging with integrated image processing 

has the potential to differentiate between non-neoplastic and neoplastic tissue quickly and 

accurately thereby improving early detection of oral cancer.  
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Chapter 3 

A Tablet Interfaced High-Resolution 

Microendoscope with Automated Image 

Interpretation for Real-Time Evaluation of 

Esophageal Squamous Cell Neoplasia 

In recent years, high-resolution microendoscopy (HRME) has shown potential to 

improve screening for esophageal squamous cell neoplasia (ESCN). Furthering its utility 

in a clinical setting, especially in lower-resource settings, could be accomplished by 

reducing the size and cost of the system as well as incorporating the ability of real-time, 

objective feedback. This paper describes a tablet-interfaced HRME with fully automated, 

real-time image analysis. 

The performance of the tablet-interfaced HRME was assessed by acquiring 

images from the oral mucosa in a normal volunteer.  An automated, real-time analysis 

algorithm was developed and evaluated using training, test, and validation images from a 

previous in vivo study of 177 patients referred for screening or surveillance endoscopy in 
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China. The algorithm was then implemented in a tablet HRME that was used to obtain 

and analyze images from esophageal tissue in three patients. Images were displayed 

alongside the probability that the imaged region was neoplastic. 

The tablet-interfaced HRME demonstrated comparable imaging performance at 

lower cost compared to first-generation laptop-interfaced HRME systems. In a post-hoc 

quantitative analysis, the algorithm identified neoplasia with a sensitivity and specificity 

of 95% and 91% in the validation set, compared to 84% and 95% achieved in the original 

study. 

The tablet-based HRME is a low-cost tool that provides quantitative diagnostic 

information to the endoscopist in real-time.  This could especially be beneficial in lower-

resource settings for operators with less experience interpreting HRME images. 

3.1. Introduction 

Esophageal cancer (EC) is the sixth leading cause of cancer death worldwide. 

Most EC deaths occur in developing countries, where nearly all cases are esophageal 

squamous cell carcinoma (ESCC) [66-68]. Only 20% of patients diagnosed with ESCC 

survive longer than three years, primarily due to late-stage diagnosis. Early diagnosis is 

associated with significantly improved outcomes
 
[69, 70]. Therefore, there is need for a 

low-cost and accurate means of diagnosing early stage ESCC and its precursor lesion, 

high-grade squamous dysplasia, which together are called early esophageal squamous 

cell neoplasia (ESCN), in resource-limited settings. 
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Lugol’s chromoendoscopy (LCE) is the current gold-standard for ESCN 

screening. While the sensitivity of LCE for ESCN is over 95%, LCE suffers from poor 

specificity (< 65%) due to false positive findings from inflammatory lesions which are 

visually indistinguishable from high grade dysplasia or cancer
 
[71, 72]. The low 

specificity of LCE leads to many unnecessary biopsies which increases the cost of 

screening [73]. Other imaging modalities such as confocal laser endomicroscopy (CLE) 

and narrow-band imaging (NBI) can discriminate between non-neoplastic and neoplastic 

tissue with higher specificity
 
[71, 74, 75]. However, the size and cost of CLE and the 

limited specificity of NBI are drawbacks in lower-resource settings
 
[74, 75]. Developing 

low-cost, rugged tools to evaluate suspicious regions with high specificity in real-time 

could lessen the time needed for a definitive diagnosis and treatment decision which 

would be invaluable in lower-resource settings.     

High resolution microendoscopy (HRME) uses a low-cost, fiber-optic 

fluorescence microscope to image cellular morphology of the surface epithelium
 
[48, 55]. 

The cost of goods to build an HRME system is < $5000
 
[52, 59]. The technique has been 

used in the oral cavity, cervix, and esophagus
 
[52, 59, 62, 63]. In an endoscopy setting, a 

fiber-optic probe is inserted through the endoscope biopsy channel, adding approximately 

4-6 minutes to the procedure
 
[59]. Post-hoc quantitative analysis of HRME images has 

reported the ability to discriminate between normal and neoplastic tissue with high 

sensitivity and specificity
 
[52, 62]. In conjunction with LCE, HRME was able to achieve 

a sensitivity of 91% and specificity of 88% in a per biopsy analysis
 
[59]. While 

promising, widespread use of the HRME is limited by the need for a bulky laptop to 

control the system and the need for training to interpret acquired images. Reducing the 
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cost and size of the system as well as minimizing the learning curve for image 

interpretation would make HRME more accessible. This paper describes an improved 

HRME system that is smaller and more economical than its predecessor while adding the 

functionality of real-time image interpretation.  

3.2. Methods 

3.2.1. Optical Design 

Figure 3.1A shows a schematic of the tablet-based HRME. The system is a more 

portable, less costly adaptation of a previous design
 
[48]; key changes include a smaller, 

less expensive camera sensor (Point Grey, CMLN-13S2M-CS) and a single achromatic 

lens in place of a microscope objective to couple light into the fiber optic bundle. The 

HRME system is connected to a tablet interface (Microsoft Surface Pro) through a USB 

connection (Figure 3.1B). The tablet displays images collected by the HRME at video 

rate while the user saves images from regions of interest using a foot pedal.  

A          B

 

Figure 3.1: Tablet based high-resolution microendoscopy (HRME) A) 

Optical schematic of HRME system, B) Photograph of system plugged into 

tablet interface  
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3.2.2. Algorithm Design 

We developed a new, fully-automated algorithm to identify regions of interest 

free from artifact, to segment nuclei within these regions, and to calculate morphometric 

image features (Figure 3.2). The algorithm initially segments and filters the raw image to 

calculate a region of interest (ROI) free of debris in the imaging field of view (FOV). 

Next, the algorithm adjusts the contrast of the image and converts the image into a binary 

image in order to separate the nuclei and cytoplasm. Each distinct object in the binary 

image is then sorted and separated into two images, a non-cluster image and a cluster 

image
 
[76]. In this case, non-clusters refer to well-segmented nuclei. Clusters refer to 

overlapping nuclei which require additional watershed segmentation. Both images are 

then filtered to remove very small objects and combined again to form a single binary 

image. The algorithm then computes morphological parameters derived from nuclear size 

and shape.  
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Figure 3.2: Diagram of image analysis algorithm steps 

 

3.2.3. Algorithm Development and Validation 

Three existing HRME image datasets of in vivo squamous esophageal mucosa 

obtained from 177 patients with the original HRME system were used to develop, 
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validate, and evaluate algorithm performance
 
[62]. In the original study, patients 

undergoing standard upper endoscopy for screening or surveillance of esophageal 

squamous neoplasia were imaged in vivo using high-resolution microendoscopy.  Imaged 

sites were biopsied and a consensus diagnosis provided by two expert gastrointestinal 

pathologists. A training set (104 biopsied sites from 54 patients) and a test set (104 

biopsied sites from 45 patients) were used to develop and validate candidate algorithms. 

Details of the selection criteria and composition of the three image sets are described in 

Shin et al
 
[62]. The algorithm was developed using the images from the training set only; 

data from the test and validation sets were used to independently evaluate performance of 

the algorithm. Candidate algorithms were ranked on the basis of their performance with 

the test set.  Finally, the best performing algorithm was evaluated using an independent 

validation set comprised of images from 167 biopsied sites from 78 patients.  

For each image, we calculated the nuclear-to-cytoplasmic area ratio and the mean 

and standard deviation of the following features:  nuclear area, nuclear eccentricity, and 

solidity. A two-class linear discriminant algorithm was developed to discriminate 

between neoplastic (high-grade dysplasia or ESCC) and non-neoplastic (normal, 

esophagitis, or low-grade dysplasia) images for each single feature in the training and test 

sets. Diagnostic performance for each metric was determined by generating a receiver 

operating characteristic (ROC) curve and then calculating the corresponding area under 

the curve (AUC) for the training and test sets using a custom MATLAB script 

(Mathworks, Natick, MA).  

We also evaluated algorithms based on the fraction of nuclei within a FOV that 

exceeded certain morphometric criteria. In this approach, individual nuclei were 
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classified as normal or abnormal based upon a threshold for nuclear area and eccentricity. 

Nuclear area and eccentricity were selected as the criteria due to their high performance 

in this analysis; previous studies have also shown that these parameters are useful to 

classify neoplasia
 
[62, 76]. The threshold was defined and evaluated in four separate 

ways such that a nucleus would be classified as abnormal if: 1) the area was greater than 

the cutoff, 2) the eccentricity was greater than the cutoff, 3) the area OR the eccentricity 

was greater than the respective cutoffs or, 4) the area AND eccentricity were greater than 

the respective cutoffs. The cutoff values for area and eccentricity were determined from 

the two-class linear discriminant algorithm for the mean nuclear area and nuclear 

eccentricity described above; the threshold was set at the value of the parameter at the 

point of the ROC curve where the sensitivity and specificity were maximized 

corresponding to the test set. Again, a two-class linear discriminant algorithm was 

developed to discriminate between neoplastic and non-neoplastic images for each of the 

four features described and applied to the training and test sets. The best performing 

algorithm was then applied to the validation set and the corresponding ROC curve and 

AUC were calculated. 

3.2.4. System Characterization and Clinical Performance 

The performance of the tablet-based HRME was characterized by using optical 

standards and by imaging oral mucosa in a healthy volunteer. The normal volunteer was 

consented in accordance with a protocol approved by the Rice University Institutional 

Review Board. Image features were compared to those obtained with the original HRME. 

To evaluate the performance of the tablet-based HRME and image analysis algorithm in a 

clinical setting, the system was used to measure images from endoscopically normal and 
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abnormal esophageal tissue in three patients who underwent endoscopy for suspicion of 

esophageal cancer.  These patients were consented in accordance with a protocol 

approved by the Institutional Review Boards at The First Hospital of Jilin University 

(Changchun, China), The Cancer Institute at the Chinese Academy of Medical Sciences 

(Beijing, China), and Ben Taub Hospital (Houston, TX). Results of the real-time 

algorithm were compared to visual interpretation of the HRME image and histologic 

diagnosis.    

3.3. Results 

3.3.1. Algorithm Evaluation 

Table 3.1 shows the AUC for data in the training and test sets for algorithms 

based on each of the features described above. Based on performance in the test set, 

algorithms based on the fraction of nuclei exceeding the eccentricity AND area 

thresholds demonstrated the highest performance with an AUC of 0.973 for the test set. 

The cutoff values for nuclear area and eccentricity used were 171 μm
2
 and 0.705 

respectively. Algorithms based on other combinations of two or three features did not 

show appreciable performance improvement (data not shown). 
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AUC (Training) AUC (Test) 

Nuclear to Cytoplasmic Area Ratio 0.934 0.811 

Mean Area 0.771 0.874 

Standard Deviation of Area 0.852 0.909 

Mean Eccentricity 0.924 0.967 

Standard Deviation of Eccentricity 0.795 0.776 

Mean Solidity 0.842 0.779 

Standard Deviation of Solidity 0.821 0.798 

% Nuclei in FOV above Area Threshold 0.744 0.887 

% Nuclei in FOV Above Eccentricity 

Threshold 
0.916 0.968 

% Nuclei in FOV Above Area OR 

Eccentricity Threshold 
0.903 0.964 

% Nuclei in FOV Above Area AND 

Eccentricity Threshold 
0.873 0.973 

Table 3.1:  Parameters evaluated for the training and test sets and 

corresponding areas under the curve (AUC) 

As the best performing metric, the fraction of nuclei exceeding the eccentricity 

AND area thresholds was evaluated with an independent validation set and resulted in an 

AUC of 0.937 with a sensitivity of 95% and a specificity of 91% using a cutoff of 27.5% 

(Figure 3.3). The average computation time for the algorithm was approximately 5 

seconds. 
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Figure 3.3: Receiver operating characteristic curves for linear discriminant 

analysis algorithm based on the percentage of nuclei above the mean area 

and eccentricity threshold for the A) training set, B) test set, and C) 

validation set. The Q points correspond a sensitivity and specificity of A) 

93% and 82%, B) 93% and 94%, and C) 95% and 91%. 

 

3.3.2. System Characterization and Clinical Performance 

Figure 3.4A-B shows images obtained with both the original and tablet-based 

HRME systems of a USAF resolution target; both systems resolve lines 4.4 μm in width. 

Figure 3.4C-D shows images of in vivo human oral mucosa of a normal volunteer; the 

ratio of the nuclear-to-cytoplasmic signal is similar for both systems (1.3 vs. 1.4).  



 30 

 

Figure 3.4: Comparison of system performance. Image of standard US Air 

Force resolution target using A) standard HRME system and B) tablet 

HRME system. Image of squamous epithelium in normal volunteer bottom 

lip using C) standard HRME system and D) tablet HRME system. Scale bar 

corresponds to 100 μm.  

 

Table 3.2 compares the technical specifications between the original and tablet-

based HRME systems. Despite being a fraction of the size, weight, and cost, the tablet-

based HRME performs comparably to the original HRME system. 
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 Standard HRME Tablet HRME 

Dimensions  (L x W x H) cm 20 x 25 x 6.4 23 x 13 x 6.4 

Weight (kg) 2.3 0.91 

Frame Rate (Hz) 10 15 

Output Power (mW) 1.0 1.0 

Cost ($) 5000 1500 

Table 3.2: Comparison of technical specifications  of original HRME and 

tablet-based HRME 

As a proof-of-concept, HRME images were then obtained from three patients 

using the tablet-based system; all imaging sites were taken from Lugol’s voiding regions 

identified from LCE. Real-time algorithm results were compared to visual interpretation 

of the HRME image and histology (Figure 3.5).  
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Figure 3.5: Screenshots of tablet user interface with integrated image 

processing for (A) site 1, (B) site 2, and C) site 3. Corresponding visual 

interpretation and pathology for each site is listed  on the right. Nuclei 

outlined in yellow are classified as normal while nuclei outlined in red are 

classified as abnormal based on its area and eccentricity. The slide bar 

changes color based on the algorithm’s evaluation of the image (green-

normal, red-neoplastic).   
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Nuclei below the threshold for size and eccentricity are outlined in yellow; those 

above the threshold are outlined in red in the processed image. The HRME image from 

site 1 was classified visually as non-neoplastic; this was consistent with both the result of 

the real-time algorithm (7% of nuclei exceeded threshold) and the histologic diagnosis of 

esophagitis.  The HRME image from site 2 was classified visually as neoplastic; 

however, the histologic diagnosis was also esophagitis. In this case, the real-time 

algorithm classified the site correctly as non-neoplastic (18.5% of nuclei exceeded 

threshold).  The HRME image from site 3 was classified visually as neoplastic; this was 

consistent with both the result of the real-time algorithm (34.5% of nuclei exceeded 

threshold) and the histologic diagnosis of high grade dysplasia.    

3.4. Discussion 

With ESCC primarily impacting developing countries, there is a need for a low-

cost technology that is operable by less experienced providers and can provide accurate 

results. While LCE can identify ESCC with high sensitivity, its low specificity leads to 

unnecessary biopsies which are especially burdensome in lower-resource settings. 

Previous work has shown that HRME used in conjunction with LCE can improve 

specificity
 
[59]. Here, we present a smaller, more economical, tablet-based HRME 

system that incorporates automated image interpretation at the point-of-care with the goal 

of making the HRME more accessible in lower-resource settings. The cost-of-goods for 

the tablet HRME itself is <$1500 compared to $5000 for the first generation HRME. The 

tablet-HRME has similar imaging performance to the original system; its smaller size, 

lower cost, and automated analysis help address many of the barriers to use in low-
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resource settings and by non-expert users. In addition, the shift to a tablet-based interface 

allows the HRME system to be easily integrated into the clinical workflow. The real-time 

analysis algorithm yielded a sensitivity of 95% and a specificity of 91% in an 

independent validation set; this compares favorably to a prior post-hoc quantitative 

analysis of HRME images using the same training, test, and validation sets which yielded 

a sensitivity of 84% and a specificity of 95% in the validation set
 
[62].  

In this preliminary evaluation, the high accuracy of the image analysis algorithm 

described suggests that it can (1) accurately distinguish between normal and neoplastic 

tissue, (2) provide objective feedback for the endoscopist during the imaging procedure, 

(3) potentially aid in reducing the number of biopsies taken during a procedure, and (4) 

reduce the learning curve needed for a clinician to read and interpret HRME images. 

While the next generation HRME system was originally tested for use in conjunction 

with endoscopy, it is not limited to this application. The system and image processing 

both can be translated for use in other tissue types. A training set of images will need to 

be compiled first to optimize the algorithm for a specific tissue type. Prospective in vivo 

evaluation of the real time algorithm is still needed. Currently, the software and system 

are being evaluated in a prospective esophageal imaging study in China to compare the 

accuracy of visual assessment to that of automated image analysis. Initial results 

discussed in this paper show that the tablet HRME with integrated image analysis could 

improve ESCN screening while still also being accessible for low-resource settings.  
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Chapter 4 

An Automated Method to Analyze Oral 

Autofluorescence Images and Identify 

Potentially Neoplastic Lesions 

Autofluorescence imaging (AFI) has the potential to improve early detection of 

oral neoplasia; neoplastic regions are associated with visible loss of fluorescence (LOF) 

as well as an increased ratio of red to green autofluorescence (R:G ratio). Automated 

analysis could standardize interpretation of autofluorescence images and reduce 

subjectivity. Here, we present a novel method to identify regions of tissue that display an 

increased R:G ratio; images are analyzed to automatically identify a clinically normal 

region of interest (ROI) and then to delineate potentially neoplastic areas in the image 

where the R:G ratio exceeds that of the normal ROI by a predetermined factor.  The 

method was developed using a pre-existing set of autofluorescence images of the oral 

mucosa in 41 patients with oral lesions; biopsies were available from 94 distinct sites 

within these images. To assess the accuracy of this approach, we compared results of the 
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autofluorescence image analysis to histopathology at the 94 biopsied sites. We compared 

performance of the automated algorithm to previous results in which the normal ROI was 

manually selected by a clinician. Area under the receiver operating characteristic curve 

(AUC) was comparable for both algorithms (0.862 automated vs. 0.877 manual). The 

automated analysis method provides a consistent, objective way to analyze wide-field 

autofluorescence images and could potentially improve the utility of wide-field 

fluorescence imaging by better guiding biopsy selection and margin assessment. 

4.1. Introduction 

Early identification of oral neoplasia reduces treatment morbidity and improves 

patient outcomes. Approximately 48,000 new cases of oral cancer are reported in the US 

each year [5-7, 77]. The overall five-year survival rate for patients in the United States is 

approximately 61%; poor survival reflects the fact that many patients are diagnosed at a 

late stage. Despite easy access to the oral cavity, only 36% of lesions are diagnosed in the 

early stages when the lesion is still localized [78].  The clinical standard of care to detect 

oral cancer is visual inspection and palpation under white light illumination with 

confirmatory biopsy. However, this is heavily reliant on the skill of the clinician to 

identify potentially neoplastic changes as well as to clearly define lesion boundaries [14]. 

Imaging tools that could reliably identify and delineate potentially neoplastic lesions 

could improve clinical outcomes. 

A number of fluorescence imaging modalities have been developed to improve 

contrast between neoplastic and non-neoplastic oral tissue [15, 16, 23, 34, 38, 39, 79]. 

Neoplasia is associated with a loss of autofluorescence signal due to changes in tissue 
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optical properties including the degradation of collagen cross-links, increased 

hemoglobin absorption, and thickening of the epithelial layer [23, 27, 31, 34, 80]. In 

practice, suspicious areas seen in autofluorescence imaging (AFI) are identified by a loss 

of fluorescence (LOF) which is determined subjectively by the clinician [79]. Objective 

image analysis could potentially improve AFI by providing a metric to quantify changes 

in fluorescence, thus reducing the need for user training. Roblyer et al. tested several AFI 

metrics and found that the normalized red to green (R:G) fluorescence intensity ratio was 

the best performing feature to discriminate between normal and neoplastic tissue. In a 

validation set of 73 regions of interest (ROI) taken from 26 subjects, the normalized R:G 

ratio was used to identify neoplasia with a sensitivity and specificity of 100% and 87.5% 

[41, 81]. This metric has  been used in follow up studies where the normalized R:G ratio 

was used to discriminate between normal tissue and mild/moderate/severe dysplasia or 

cancer with a sensitivity of 87% and a specificity of 76% in a sample group of 30 patients 

scheduled for resection of a known lesion [52, 81, 82].  

To account for inter-subject variations in AFI, the R:G ratio is normalized to that 

of a clinically normal region from the same patient. Thus, the calculation of the 

normalized R:G ratio depends on selection of a ROI representing a ‘normal’ control area 

[41, 81]. In previous studies, normal ROIs were selected visually during a post-hoc 

analysis of corresponding white light images. However, due to spatial heterogeneity in 

the autofluorescence of normal tissue, selection of different normal ROIs influences the 

normalized R:G ratio. Additionally, this subjective selection process is difficult to 

implement consistently in real-time. To optimize the use of AFI, an objective real-time 

method is needed to automatically identify a normal ROI, calculate the normalized R:G 
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ratio across an image, and delineate regions in the image where the R:G ratio exceeds a 

predetermined threshold for abnormality. In this paper, we describe a novel method to 

calculate the normalized R:G ratio at every pixel in an image by automating selection of 

the normal ROI. We evaluate the performance of this method to identify and delineate 

neoplastic lesions by comparing performance to previously reported image analysis 

methods that relied on manual selection of ROIs. 

4.2. Methods 

4.2.1. Automated Image Analysis Procedure 

The first step of the image analysis procedure is for the user to outline the 

anatomic area of interest in the image to eliminate extraneous image features such as 

teeth or the clinician’s hands or tools. This is the only step that requires user input. The 

R:G ratio is then calculated for every pixel in the image, dividing intensity in the red 

color channel by that of the green color channel. Pixels outside the outlined area or that 

are saturated are identified and excluded from analysis. The R:G image is then low pass 

filtered with an N x N pixel kernel such that each pixel in the resultant image represents 

the mean R:G ratio of that pixel and its neighboring pixels in a N x N pixel ROI. A kernel 

size of 65 pixels was initially selected to correspond with the physical size of a 4 mm 

punch biopsy. The pixel with the lowest R:G ratio is then located which represents the N 

x N ROI with the lowest R:G ratio. This step can be repeated to find the non-overlapping 

ROI with the second lowest R:G ratio and so forth. Image analysis was performed in 

MATLAB (Mathworks, Natick, MA). 
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After identifying the ROI with the lowest R:G ratio, the normalized R:G ratio is 

calculated for every pixel in the image. The normalized R:G ratio at each pixel in the 

outlined area is compared to a preset cutoff threshold value; pixels with a R:G ratio 

below the threshold are considered ‘non-neoplastic’ and pixels above the threshold are 

considered ‘neoplastic’. Pixels above the cutoff threshold are highlighted and these 

regions can then be overlaid onto a co-registered white light reflectance image. The value 

of the cutoff threshold value can be adjusted to maximize accuracy or to trade-off 

sensitivity for specificity; Pierce et al reported a cutoff threshold value of 1.38 using the 

normalized R:G ratio to discriminate normal oral tissue from neoplastic (moderate/severe 

dysplasia and cancer) tissue with manual ROI selection [52].  

4.2.2. Comparison of Results for Automated and Manual Selection of Normal 

ROI 

Performance of the fully automated image analysis method was compared to that 

of an approach requiring user selection of the normal ROI using a pre-existing dataset of 

wide-field fluorescence images. The dataset consisted of 41 white light and 

autofluorescence images in 30 patients scheduled for a surgical resection of an oral lesion 

outside the gingiva [52]. At each anatomic location imaged, the clinician obtained a 

biopsy from one to three unique sites; a total of 94 sites were biopsied. We computed the 

normalized R:G ratio at each of these 94 sites using the fully automated image analysis 

method and then with method requiring manual identification of a normal ROI as 

previously reported by Pierce et al [52]. For the manual image analysis, the normal ROI 

was selected subjectively by the clinician. For the fully automated selection method, three 

non-overlapping normal ROI’s with the lowest R:G ratios were selected. We then 



 40 

compared the normalized R:G ratio calculated from the two analysis methods for each 

biopsy site.     

In addition, we compared the accuracy to classify tissue as neoplastic (mild, 

moderate, severe dysplasia and cancer) or non-neoplastic based on the normalized R:G 

ratio using the automated image analysis method and the method requiring manual 

selection of a normal reference ROI. Classification was performed using linear 

discriminant analysis based on the normalized R:G ratio; the classifier was developed and 

evaluated using data from the 94 biopsied sites. A receiver operating characteristic 

(ROC) curve was generated for data generated using each method of image analysis. 

Area under the ROC curve (AUC) was then computed to compare the two methods. 

4.2.3. Sensitivity Analysis 

To assess the sensitivity of the automated image analysis method to the outlined 

anatomic area drawn by the user, five additional users were asked to outline the anatomic 

site of interest for all of the images in the pre-existing dataset. The automated image 

processing method was then applied to select a normal ROI and the normalized R:G ratio 

was calculated for each of the 94 biopsied sites. Three non-overlapping normal ROIs with 

the next lowest R:G ratio were selected as well. Linear discriminant analysis was used to 

classify each site as neoplastic or non-neoplastic and results were compared to histology.  

The AUC was compared for images processed using the anatomic outlines selected by 

each of the five users.  We also evaluated the effect of the kernel size on classification 

accuracy. The kernel size was varied from 3 to 300 pixels and the images were processed 

using each kernel size. Linear discriminant analysis was again used to classify each site 
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as neoplastic or non-neoplastic and results were compared to histology. The AUC was 

then calculated as a function of kernel size.   

4.3. Results 

4.3.1. Comparison of Automated and Manual Selection of Normal ROI 

All 41 images in the dataset were processed to calculate the normalized R:G ratio 

at each pixel using a normal ROI selected either automatically or manually.  Figure 4.1 

shows a representative autofluorescence image from the right lateral tongue in a patient 

with oral cancer. The normal ROIs selected manually (N1) and automatically (N2) are 

located adjacent one another in a region of the image with bright autofluorescence.   

A          B 

 

Figure 4.1: (A) Autofluorescence image from a patient with a clinically 

suspicious lesion on the right lateral tongue. Yellow line represents user 

drawn outline of anatomic area. White squares represent the clinical normal 

(1) and abnormal (2) ROIs that were biopsied and the manually (N1) and 

automatically (N2) ROIs selected. (B) The normalized R:G ratio of biopsy 

sites using the manual or automatic method to select the ROI for 

normalization. Scale bar represents 5 mm.  
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Biopsies were obtained from two sites in this patient; site 1 represents a clinically 

normal region with normal histology; site 2 was clinically abnormal and the biopsy from 

this location was diagnosed as moderately differentiated invasive cancer. The normalized 

R:G ratio was calculated at each site relative to the manually and automatically selected 

normal ROIs. The normalized R:G ratio calculated for sites 1 and 2 was approximately 

10% higher using the normal ROI selected automatically compared to that selected 

manually (Site 1: 1.49 vs 1.35, Site 2: 2.30 vs 2.10). For all 94 biopsied sites, the 

normalized R:G ratio calculated using automated selection of the normal ROI was larger 

on average by 8.6% ± 18% than that which was calculated using manual selection.  

Figure 4.2 shows the area under the ROC curves (AUC) for classifiers developed 

to discriminate neoplastic from non-neoplastic tissue based on the normalized R:G ratio 

calculated using the automatically and manually selected normal ROIs.  Histology was 

the criterion standard.  Both approaches demonstrated comparable performance; the AUC 

for the manually selected ROI was 0.877, while that for the automatically selected ROI 

was 0.862.  We compared performance of the automated selection of the discrete ROIs 

with the three lowest R:G ratios; performance decreased minimally from 0.877 to 0.866 

to 0.862, respectively.  
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Figure 4.2: Receiver operating characteristic (ROC) curves corresponding to 

a linear classifier developed to discriminate neoplastic from non-neoplastic 

tissue based on the normalized R:G ratio using manual and automated 

selection of normal ROIs.   

Automated processing of images required minimal processing time. Excluding the 

manual step to outline the anatomic region of interest, image analysis to automatically 

select the normal ROI and calculate the resulting the normalized R:G ratio at every pixel 

in the outlined area required on average 1.62 ± 0.13 seconds for each of the 41 images 

used in the dataset. 

4.3.2. Sensitivity Analysis 

Each of the 41 images in the dataset were then processed to calculate the 

normalized R:G ratio for every pixel in the image using an automatically selected ROI 
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using the outlines of the anatomic areas drawn by five additional users. AUCs were 

computed for each user from the classifier described in the previous section. Table 4.1 

summarizes the AUC for outlines delineated by each of the different users and the ROI 

selected. AUC using the normal ROI with the lowest R:G ratio ranged from 0.862 to 

0.872 for the six users. When using the second and third lowest ROI’s as the normal ROI, 

AUC ranged from 0.863 to 0.877 for the second lowest ROI and 0.859 to 0.877 for the 

third lowest ROI.  

 User A User B User C User D User E User F 

ROI with Lowest R:G 

Ratio 
0.862 0.869 0.872 0.865 0.865 0.871 

ROI with Second 

Lowest R:G Ratio 
0.866 0.872 0.871 0.872 0.863 0.877 

ROI with Third 

Lowest R:G Ratio 
0.862 0.873 0.869 0.863 0.859 0.877 

Table 4.1: AUCs for an algorithm to identify neoplastic tissue for the 

automated normal ROI selection method using  outlines drawn by six users. 

  

Next, each of the 41 images in the dataset were processed to calculate the 

normalized R:G ratio for every pixel in the image using an automatically selected ROI for 

kernel sizes ranging from 3 to 300 pixels. AUCs were computed from the classifier 

described in the previous section for each kernel size. Figure 4.3 shows the AUC as a 

function of the kernel size. AUC remained at approximately 0.86 for kernel sizes ranging 
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from 3 to 125 pixels. From 125 to 300 pixels, AUC steadily declined until it approaches 

0.50. 

 

Figure 4.3: AUC for an algorithm to identify neoplastic tissue as a function of 

kernel size of the automatically selected ROI for normalization. 

 

4.4. Discussion 

Previous analyses that have quantified LOF relied on subjective selection of a 

normal appearing ROI for normalization. Here, we describe and validate an image 

analysis procedure to calculate the normalized R:G ratio automatically for every pixel in 

an image, comparing diagnostic performance using the fully automated approach to that 

of manual selection in a pre-existing dataset of 30 patients [52]. Since the automated 

selection method was set to locate the ROI with the minimum R:G ratio in the anatomic 

site of interest, we observed that the normalized R:G ratio calculated using the automated 

method to be larger than that calculated with manual selection. While the automated 
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selection method did yield higher normalized R:G ratios, the classification performance 

was not affected nor did it depend strongly on the size of the normal ROI for kernels up 

to 125 pixels (~8 mm). The main benefit of the automated selection method is that it is 

fully automated and does not require the clinician to select ROIs for normalization.  

While the initial performance of the automated selection method is promising, it 

was done in a retrospective analysis in a relatively small dataset. The method should be 

assessed prospectively in a larger dataset. Once validated, this approach could be used for 

real-time visualization and identification of suspicious lesions [83-85]. Additionally, it 

could provide an objective view of the lesion boundaries based on quantitative changes in 

autofluorescence while allowing the clinician to view the standard white light image to 

which they are accustomed.  

Figure 4.4A and Figure 4.4B show a representative white light and 

autofluorescence image of the right ventral tongue of a patient with lesion identified as 

clinically abnormal. Figure 4.4C displays the white light image with the normalized R:G 

ratio overlaid. Highlighted pixels in Figure 4.4C have a normalized R:G ratio greater than 

the threshold cutoff as reported by Pierce et al [52]. The white square in Figure 4.4A 

represents a biopsy location. Histology classified the biopsy site as moderate dysplasia. 

The R:G overlay corresponds with the LOF seen in Figure 4.4B and provides an 

objective depiction of the lesion boundary that the clinician can view while observing the 

white light image. Incorporating this image overlay could provide clinicians with a real-

time, objective depiction of suspicious regions based on changes in autofluorescence. 

Additionally, it could also reduce the learning curve for clinicians with less experience 

interpreting autofluorescence images. 
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Figure 4.4: White light (A) and autofluorescence (B) images of a patient with 

a suspicious lesion on the right posterior tongue. The white dashed square 

represents where a biopsy was taken. (C) White light image with overlay of 

normalized R:G ratio calculated using the automated ROI selection method. 

Areas highlighted by overlay correspond to regions with LOF in the AFI 

image. Biopsy was pathologically diagnosed as moderate dysplasia. 

Automated selection of normal ROI’s has the potential to improve the consistency 

of AFI image analysis and optimize AFI as a diagnostic adjunct for early detection of oral 

cancer. Future work will include implementing the automated selection method in a clinic 

setting and prospectively evaluating its ability to distinguish between neoplastic and non-

neoplastic regions as well as guiding the selection of biopsy sites
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Chapter 5 

Prospective Evaluation of Multi-Modal 

Optical Imaging with Automated Image 

Analysis to Detect Oral Neoplasia 

The overall five-year survival rate of oral cancer patients remains low due to late-stage 

diagnosis. Early and accurate identification of oral cancer could improve long term 

patient outcomes. Multi-modal optical imaging in which autofluorescence imaging is 

used to identify suspicious regions of interest, followed by high resolution 

microendoscopy to confirm the presence of neoplasia could aid clinicians in 

identification of oral cancer. Multi-modal optical images were obtained from 206 

imaging sites from 100 patients. Histologic diagnosis from a punch biopsy was available 

from 142 imaging sites and from an excised surgical specimen in 64 imaging sites. 

Images from 92 sites in the first 30 patients were used as a training set to develop 

automated image analysis tools for detection of neoplasia; performance of the image 

analysis was evaluated prospectively using 114 images from the remaining 70 patients as 
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a test set. In the training set, multi-modal optical imaging with automated image analysis 

correctly classified 95% of sites graded as non-neoplastic and 94% of sites graded as 

neoplastic (moderate/severe dysplasia or cancer) compared to the gold standard of 

histopathology. In the test set, multi-modal optical imaging correctly classified 100% of 

sites graded as non-neoplastic and 85% of sites as neoplastic for the 56 sites which were 

biopsied. In contrast, multi-modal imaging correctly classified 100% of sites as non-

neoplastic and 61% of sites as neoplastic for the 58 sites where the gold standard 

diagnosis was obtained from a surgical specimen. Among sites that were additionally 

analyzed using immunohistochemistry, multi-modal imaging classified as neoplastic 48% 

of 21 sites diagnosed as mild dysplasia; of these, 60% overexpressed p63. In contrast, 

only 27% of mild dysplasia sites which were classified as non-neoplastic by multimodal 

imaging overexpressed p63. These findings support the potential of multi-modal imaging 

with automated image analysis as a valuable diagnostic adjunct to aid in the early 

detection of oral cancer and to correlate with biomarkers of disease progression.  

5.1. Introduction 

Although the oral cavity is readily accessible for clinical examination, the overall 

five-year survival rate for oral cancer has remained constant at approximately 64% over 

the last decade [3].  Early detection is associated with a higher five-year survival rate of 

80% [2, 3]. Unfortunately, only 30% of patients with oral cancer are diagnosed at a 

localized stage. The five-year survival rate for patients with advanced disease is only 

37%. Early diagnosis of oral cancer remains essential for improving treatment outcomes 

and survival rates. 
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The current standard of care for oral cancer detection, visual inspection and 

palpation under white light illumination, is strongly dependent on the experience and 

expertise of the clinician. Potentially malignant lesions can often appear similar to benign 

lesions or be missed because of poor visual contrast between the lesion and surrounding 

normal tissue [2]. A definitive diagnosis can be confirmed with a biopsy, but the process 

is resource-intensive, time-consuming and requires a trained health-care provider. 

Imaging tools that can rapidly and accurately identify potentially neoplastic oral lesions 

could improve patient outcomes.   

Wide-field autofluorescence imaging (AFI) is a promising method to improve the 

contrast between normal and neoplastic tissue [23, 34, 38, 39, 79, 81]. Tissue is 

illuminated with blue or ultraviolet light which excites blue-green fluorescence 

predominantly originating from collagen cross-links in the stroma [24, 27, 86]. Neoplasia 

is associated with loss of fluorescence (LOF) associated with degradation of collagen 

cross-links [24, 27]. Secondary contributors to the LOF include thickening of the 

epithelial layer, increase of epithelial scattering, and angiogenesis associated with 

dysplasia [27, 29, 30, 87]. AFI has been reported to identify neoplastic lesions with high 

sensitivity; however, it  has poor specificity because benign lesions such as inflammation 

can also show LOF [27, 38].  

High-resolution imaging modalities, such as confocal microscopy or 

microendoscopy, have the potential to improve the specificity of AFI [42, 46-48, 74, 88-

91]. Topical contrast agents including acetic acid and proflavine highlight cell nuclei and 

enable direct visualization of cellular morphology without removing tissue [52, 59, 63, 

64, 90, 92, 93]. Direct visualization of cell morphology enables real-time assessment of 
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nuclear features such as nuclear area, nuclear crowding, and nuclear to cytoplasmic area 

ratio [56, 62, 94]. One drawback of these high-resolution imaging techniques is their 

small field of view, which can potentially miss focal areas of neoplasia. 

Multi-modal imaging, where wide-field AFI is used to identify suspicious regions 

of tissue which are then further interrogated with high-resolution imaging, could enable 

identification of neoplastic oral lesions with high sensitivity and specificity. Pierce et al. 

performed a 30 patient pilot study to evaluate the accuracy of multi-modal imaging using 

AFI and high-resolution microendoscopy (HRME) to identify oral neoplasia [52]. 

Manual image analysis of the multi-modal images correctly classified 98% of non-

neoplastic imaging sites and 95% of imaging sites graded as moderate or severe dysplasia 

or cancer [52]. Moreover, multi-modal optical imaging with manual image analysis 

classified as neoplastic 35% of sites graded as mild dysplasia; of these, 80% 

overexpressed p63. In contrast, only 10% of mild dysplasia sites which were classified as 

non-neoplastic by multi-modal imaging overexpressed p63. While results of the initial 

pilot study were promising, the analysis was performed retrospectively in a relatively 

small dataset. Additionally, the image analysis procedure used in the study required 

several user input steps. Here, we report a prospective evaluation of a fully automated 

analysis of multi-modal optical imaging to identify oral neoplasia. We then compare 

performance of automated image analysis to previously published manual algorithms. 
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5.2. Methods 

5.2.1. Study Population 

One hundred patients over the age of 18 scheduled for surgical resection of 

clinically visible oral lesions were recruited for the study and provided written, informed 

consent prior to participation. This study was approved by the Institutional Review 

Boards of the University of Texas MD Anderson Cancer Center and Rice University. 

5.2.2. Imaging Systems 

Images of the oral mucosa were obtained using two imaging systems: a wide-field 

autofluorescence imaging system (AFI) and a high-resolution microendoscope (HRME). 

The technical specifications of both systems have  been previously described in detail 

[48, 52]. Briefly, the AFI system collects both a 405 nm excited autofluorescence image 

and a white light reflectance image from a 4.5 cm diameter field of view (FOV) with a 

100 μm lateral resolution to reveal suspicious regions with LOF. The HRME is a fiber-

optic, fluorescence microscope that collects a 455 nm excited fluorescence image from a 

720 µm FOV with a 4.4 µm lateral resolution; topical application of the fluorescence 

contrast agent proflavine (0.01% in PBS) enables visualization of nuclear morphology to 

confirm the presence of neoplasia [95].  
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5.2.3. Contrast Agents 

Proflavine has a long history of safe use as a topical antiseptic and has been used 

as a contrast agent for confocal endomicroscopy trials [45, 61]. Additionally, proflavine 

is a component of triple dye, a topical antiseptic used primarily for umbilical cord care 

[96]. We performed this study with proflavine under IND status with the FDA (IND 

#108932).  

5.2.4. Study Protocol 

 We followed the study protocol described in Pierce et al. [52]. Briefly, patients 

were imaged while under general anesthesia immediately before surgery. The oral 

surgeon first performed a standard white light examination to identify up to four 

clinically abnormal imaging sites and one clinically normal imaging site; multimodal 

images were then obtained from these imaging sites. Each imaging site was then 

described and classified by the surgeon as normal, abnormal low risk, abnormal high risk, 

or cancer. The surgeon was not blinded to the patient’s history. Next, autofluorescence 

images were acquired from each anatomic area containing an imaging site. After AFI 

imaging, up to 1 mL of proflavine solution (0.01% w/v) was topically applied with a 

cotton-tipped applicator to each region of interest. HRME images were then acquired; the 

surgeon placed the fiber optic probe in gentle contact at each imaging site. A digital 

photograph was taken at each location where the fiber probe was placed for later 

correlation of imaging and biopsy sites. Finally, either a 4 mm punch biopsy was taken at 

each imaging site or a surgical specimen was taken and the oral surgeon identified the 

location of the imaging site on the specimen after resection of the tissue. 
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5.2.5. Pathology Processing and Review 

Imaging sites corresponding to a 4 mm punch biopsy and imaging sites 

corresponding to a surgical specimen were evaluated separately. Biopsy and surgical 

specimens were routinely sectioned and stained with hematoxylin and eosin (H&E), then 

reviewed by the study pathologist who was blinded to the optical imaging results. Sites 

were graded as normal/hyperkeratosis, mild dysplasia, moderate dysplasia, severe 

dysplasia, or cancer according to the WHO grading system [97].  

5.2.6. Image Selection and Quality Control 

Autofluorescence images were reviewed for quality control using the following 

criteria: area of interest was in focus and no motion blur was present. For each 

autofluorescence image passing quality control, the surgeon selected a 31 x 31 pixel 

region of interest (ROI) that corresponded with the location of an imaging site. The white 

light image of the anatomic area and the digital photograph of the fiber probe location 

were used as a reference to identify the ROI location. 

Multiple HRME videos were taken for each imaging site. HRME videos were 

reviewed from each site to select a single, representative image for each imaging site. A 

single frame was first selected from every movie acquired using an automated frame 

selection algorithm described by Ishijima et al. [98]. Single frames were then reviewed 

together at each corresponding imaging site. Next, three reviewers blinded to the 

histologic diagnosis of each biopsy site selected the single image deemed to have the 

highest image quality by consensus agreement. The reviewers used the following 

selection criteria: greater than 50% of the imaging field of view was unobscured by 



 55 

debris or keratin, motion blur was not present, and nuclei could be distinguished by visual 

evaluation. In the case where multiple high quality images were available, reviewers 

selected the image that appeared to have the largest nuclei by visual evaluation. 

5.2.7. Quantification of AFI and HRME 

 To identify suspicious regions in autofluorescence images, the ratio of red to 

green autofluorescence intensity was calculated at each pixel in the image. To account for 

patient to patient variation, the normalized red to green (R:G) intensity ratio was then 

calculated by  normalizing the red to green intensity ratio by that from a corresponding, 

clinically normal ROI. Selection of a normal ROI was performed using the automated 

image analysis method described in Chapter 4. 

HRME images for each site were analyzed using an automated image analysis 

procedure [94]. Briefly, the algorithm first identifies regions in the HRME image that are 

free of areas that are too bright or too dim, adjusts the contrast of the image, and converts 

the image into a binary image to separate the nuclei from the cytoplasm. Morphologic 

filtering is then applied to the binary image to eliminate regions corresponding to small 

pieces of debris. After image segmentation, the following metrics were calculated for 

each HRME image:  mean, median, and standard deviation of nuclear area, eccentricity, 

solidity, and aspect ratio. Additional metrics included ratio of nuclear intensity to 

cytoplasmic intensity, Weber contrast, Michelson contrast, and nuclear to cytoplasmic 

area ratio. Additionally, each nucleus in the FOV was classified as normal or abnormal 

using criteria based on nuclear area and eccentricity reported in Quang el al [94]. In this 

case, a nucleus was defined as abnormal if its nuclear area was greater than or equal to 
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162.9 µm
2
 and nuclear eccentricity was greater than or equal to 0.686. Additionally, any 

nucleus with a nuclear area greater than or equal to 200 µm
2
 was classified as abnormal. 

The fraction of abnormal nuclei and the number of abnormal nuclei per mm
2
 were 

calculated for each FOV. Image analysis was performed using custom scripts written in 

MATLAB (Mathworks, Natick, MA). 

5.2.8. Classification of Imaging Sites 

 A two-class linear discriminant algorithm was developed to discriminate between 

neoplastic (histologically graded as moderate/severe dysplasia or cancer) and non-

neoplastic (histologically graded as normal) imaging sites. A training set for the 

algorithm was generated using data from the first 30 patients and a test set was generated 

using data from the remaining 70 patients. Imaging sites diagnosed as mild dysplasia 

were excluded from the initial classification. To select the optimal HRME image metric, 

receiver operating characteristic (ROC) curves were generated for each of the 21 image 

metrics calculated. Diagnostic performance was evaluated by calculating the area under 

the ROC curve (AUC). The HRME image metric with the largest AUC for the training 

set was selected as the optimal image metric. Next, the normalized R:G ratio and the best 

performing HRME feature were used together to develop a two-class linear discriminant 

analysis algorithm to classify the site as neoplastic or non-neoplastic. The algorithm was 

developed using images from the training set and evaluated using the test set. 

Performance was calculated separately for sites where the histologic diagnosis was 

obtained from a biopsy and where it was obtained from a surgical specimen. 
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5.2.9. Immunohistochemical Staining 

To explore correlation between optical and molecular markers of progression, 

immunohistochemical (IHC) staining of molecular markers Ki-67, p63, and PHH3 was 

performed on a subset of sites corresponding to a biopsy diagnosed as normal or 

dysplastic (any grade) by pathology to aid in delineation of mild dysplasia. These 

markers were previously selected by Pierce et al. because prior studies have shown they 

are overexpressed in oral neoplasia and associated with the risk of neoplastic progression 

[52]. Ki-67 is widely accepted as a marker of cellular proliferation. Increased Ki-67 

expression has been observed in oral tissue diagnosed from normal through cancer. 

Additionally Ki-67 has shown predictive potential when combined with other markers 

[99]. p63 is part of the p53 tumor suppressor family and has been assessed as a biomarker 

to predict oral cancer risk in patients with leukoplakia [100]. High expression levels were 

previously suggested to be well associated with positive optical classification using 

HRME and AFI [52]. Lastly, Phosphohistone-H3 (PHH3) is a core histone protein 

associated with mitotic figures [101]. Evaluation and expression scoring of tissue sections 

followed the criteria reported in Pierce et al [52]. Briefly, IHC staining was performed 

using standard techniques with the automated BOND MAX immunohistochemistry 

stainer by Leica Biosystems. After staining, the study pathologist designated a discrete 

IHC score for each marker for each site based on the following criteria. Ki-67 staining 

was reported staining confined in the basal layer only, lower one-third of the epithelium, 

mid one-third of the epithelium, or full thickness of the epithelium. p63 expression was 

reported as staining confined in the lower one-third, two-thirds, or full thickness of the 
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epithelium. PHH3 staining was reported by quantifying the number of positively stained 

nuclei within a single 20x microscope field of view in addition to the epithelial location.  

5.3. Results 

5.3.1. Image Selection 

One hundred patients were recruited for the study. Images were obtained 

successfully from 93 patients; seven were not imaged because of either instrument failure 

or excess of blood at the lesion area. Images were acquired from 296 sites. AFI and 

HRME images were both available and passed QC review at 206 sites. Ninety sites were 

excluded for the following reasons: missing image data from either AFI or HRME (44 

sites) or poor quality image from either AFI or HRME (46 sites). Sites excluded due to 

missing data occurred because the AFI image taken did not capture the area where the 

biopsy was taken. Sites excluded because of poor image quality most commonly occurred 

because nuclei could not be visualized in the HRME image because of the presence of 

surface keratin. Table 5.1 summarizes the histologic diagnosis for every site imaged. For 

the first 30 patients, images from 92 sites were used for the training set. For the next 70 

patients, 114 sites were used as a training set; a 4 mm punch biopsy was taken for 56 of 

the imaged sites and a surgical specimen was available for 58 of the imaged sites. Images 

corresponding to biopsies and to surgical specimens were evaluated separately. 
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Histologic Diagnosis 

Patients 1-30 Patients 31 - 100 

Biopsy 
Surgical 

Specimen 
Biopsy 

Surgical 

Specimen 

Normal 37 4 34 6 

Mild Dysplasia 14 1 9 8 

Moderate Dysplasia 13 0 3 9 

Severe Dysplasia 6 0 4 8 

Cancer 16 1 6 27 

Total 86 6 56 58 

Table 5.1: Summary of imaging sites by pathologic diagnosis 

 

5.3.2. Application of Image Analysis 

Figure 5.1 shows multi-modal images analyzed using the automated procedure 

from a patient with a clinically suspicious lesion on the right posterior tongue. Figure 

5.1A and Figure 5.1B show the white light reflectance and autofluorescence images 

respectively. The white squares in Figure 5.1B represent ROIs corresponding to biopsy 

site locations. Biopsies were taken at the lesion from an area displaying LOF and at a 

clinically normal region selected by the surgeon. Figure 5.1C shows the normalized R:G 
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ratio overlaid atop the white light image. The highlighted areas represent areas with a 

normalized R:G ratio above the threshold value reported by Pierce et al.[52] . Figure 

5.1D-1F and Figure 5.1G – 1I show the raw and processed HRME images and 

corresponding histology of site 1 and site 2 respectively. Site 1 was graded as non-

neoplastic and corresponding images showed a low normalized R:G ratio and number of 

abnormal nuclei (1.26, 99.8). Site 2 was graded as severe dysplasia and corresponding 

images showed a high normalized R:G ratio and number of abnormal nuclei per mm
2
 

(2.39, 371.1).  
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Figure 5.1: Multi-modal images from a patient with a clinically suspicious 

lesion at the right lateral tongue. Top row shows the white light reflectance 

image (A), autofluorescence image (B), and normalized R:G ratio overlay  

(C). White squares in (B) denote ROIs corresponding to biopsy site locations. 

Middle row shows the raw HRME (D), processed HRME image (E) and 

corresponding histology image (F) for biopsy site 1. Bottom row shows the 

raw HRME image (G), processed HRME image (H), and corresponding 

histology (I) for biopsy site 2. Histology images taken at 20x magnification. 

Scale bar denotes 100 μm 

 

Table 5.2 summarizes the area under the ROC curve calculated for the five best 

performing HRME image metrics for imaging sites from the training set. Number of 

abnormal nuclei per mm
2
 was the best performing HRME metric with an AUC of 0.896.  
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HRME Image Metric AUC 

# of Abnormal Nuclei (1/mm
2
) 0.896 

Standard Deviation of Nuclear Area 0.875 

Median Eccentricity 0.858 

Mean Aspect Ratio 0.857 

Mean Eccentricity 0.856 

Table 5.2: Area under the curve (AUC) of the five best performing HRME 

image metrics for training set. 

 

5.3.3. Diagnostic Performance of Training and Test Sets 

In the original analysis by Pierce et al., 100 imaging sites were originally acquired 

from 30 patients used in the training set. For the automated analysis, eight out of the 100 

imaging sites were excluded from analysis because of poor image quality. Figure 5.2A 

shows the original multi-modal image analysis reported by Pierce et al. using nuclear to 

cytoplasmic (N/C) area ratio and normalized R:G ratio; the linear threshold shown 

correctly classified 98% of imaging sites histologically graded as non-neoplastic and 95% 

of histologically graded neoplastic imaging sites [52]. Figure 5.2B shows multi-modal 

analysis for the training set generated from the same 30 patients using the automated 

image analysis. Number of abnormal nuclei per mm
2
 was used instead of N/C ratio. The 

linear threshold for this analysis correctly classified 95% of non-neoplastic sites and 94% 

of neoplastic sites. Figure 5.2C shows the multi-modal analysis for the 56 imaging sites 
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corresponding to biopsy from the test set. The same linear threshold used in Figure 5.2B 

correctly classified 100% of non-neoplastic sites and 85% of neoplastic sites. 

 

Figure 5.2: Diagnostic algorithm based on multi-modal imaging parameters 

for (A) training set using manual image analysis as reported by Pierce et al. 

(B) training set using automated image analysis, and (C) test set using 

automated analysis of biopsied sites. Dashed lines represent linear threshold 

values to discriminate neoplastic and non-neoplastic sites. Data from two 

correctly classified neoplastic sites were omitted from view due to scaling of 

the x-axis 

 

 

5.3.4. Stratification of Mild Dysplasia by Immunohistochemistry 

IHC staining for Ki-67, p63, and PHH3 was performed for sites corresponding to 

a biopsy and that were histologically graded as normal or dysplastic (any grade). 

Complete IHC results were available at 90 sites; of these, 44 were graded as normal, 22 

as mild dysplasia, 14 as moderate dysplasia, and 10 as severe dysplasia. Figure 5.3A 

shows mean IHC scores for each biomarker vs pathology diagnosis; in general, 

biomarker expression level increased with pathology grade for all three markers.  
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Complete IHC results and multimodal imaging data were available for 42 of the 

46 sites graded as dysplasia (any grade); of these, 21 were graded as mild dysplasia, 12 as 

moderate dysplasia, and 9 as severe dysplasia. Figure 5.3B shows the fraction of imaging 

sites with a positive IHC score for p63 and for the full panel of markers tested. For sites 

graded as mild dysplasia, p63 expression was elevated in 27% of sites classified as non-

neoplastic by optical assessment, but was elevated in 60% of sites classified as neoplastic 

by optical assessment. Figure 5.3C shows a scatter plot of the image metrics for the 21 

imaging sites graded as mild dysplasia stratified by p63 expression.  

 

Figure 5.3: Immunohistochemical analysis of pathologically normal and 

dysplastic tissue sites . A) Mean IHC score versus pathology grade for each 

biomarker. Errors bars = SEs. B) The fraction of tissue sites with positive 

IHC score for p63 or for the full panel of markers vs pathologic and optical 

diagnosis. C) Plot of number of abnormal nuclei per mm
2
 versus normalized 

red to green intensity ratio of twenty-one imaging sites diagnosed as mild 

dysplasia by H&E, stratified by p63 expression.  
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5.4. Discussion 

 Early detection of oral neoplasia remains the ideal path to improve long term 

patient outcomes. Improved diagnostic tools are needed to detect early-stage disease 

quickly and accurately. Multi-modal imaging using AFI to identify suspicious areas and 

HRME to investigate those areas further can be a valuable diagnostic adjunct to identify 

oral neoplasia. The addition of automated image analysis provides quantitative, real-time 

feedback. We developed a two-parameter classification algorithm using a training set 

generated from the first 30 patients enrolled in the study and evaluated its performance in 

an independent test set generated from the remaining 70 patients. In the training set, the 

automated image analysis achieved comparable classification accuracy to previously 

reported results while following consistent, objective criteria and minimizing reliance on 

user input. Furthermore, performance of the classification algorithm showed similar 

performance for sites corresponding to biopsies in the test set.  

Figure 5.4 shows the image analysis results from the 58 imaging sites 

corresponding with a surgical specimen from the test set with the same linear threshold 

used in Figure 5.2. The linear threshold correctly classified 100% of non-neoplastic sites 

and 61% of neoplastic sites.  
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Figure 5.4: Diagnostic algorithm based on multi-modal imaging parameters 

for test set using automated analysis of sites from surgical specimens. 

This apparently lower sensitivity in sites corresponding to surgical specimens 

(61% sensitivity at sites corresponding to surgical specimens compared to 85% 

sensitivity at sites corresponding to biopsies) relates to the way in which high-resolution 

images are correlated with histopathology in each case. The instantaneous FOV of the 

HRME is 720 μm in diameter; allowing for small movements in probe placement during 

the course of imaging a given site, the HRME interrogates an area that is slightly smaller 

than a punch biopsy, but more than an order of magnitude smaller than a typical surgical 

specimen. Histologic diagnosis is made by identifying the highest grade of disease 

observed in the entire tissue sample, even if that grade of disease is only seen in a small 

portion of the specimen. If the specimen is large and heterogeneous, it is possible that 

such an area could be missed in HRME imaging – a form of sampling error. This could 

reduce the apparent sensitivity of HRME in sites corresponding to surgical specimens, 
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which is what is observed in the data set. Additionally, because identification of the 

imaging site is performed after resection, there is a sizable gap in time between the 

imaging procedure and identification of the imaging site, which can adversely affect the 

site correlation with histopathology in surgical specimens. For these reasons, extra care 

must be taken when correlating imaging sites taken from surgical specimens to 

pathology. Computational solutions such as video mosaicking could be implemented to 

effectively increase the field of view of the HRME to address this issue [102]. However, 

the large proportion of surgical specimens is also uniquely characteristic of this patient 

population; in a general screening population, a biopsy would be the standard treatment 

and correlation of the imaging site and the histologic diagnosis is easier to achieve with 

high confidence. 

Malignant progression of mild dysplasia can be challenging for clinicians as it can 

occur temporarily because of inflammation or trauma or it can be the initial stage of 

transition to high-grade dysplasia. We observed high p63 expression in 60% of sites 

graded as mild dysplasia and classified as neoplastic by optical assessment. In contrast 

we observed high p63 expression in only 27% of sites graded as mild dysplasia and 

classified as non-neoplastic by optical assessment. These results provide evidence that 

there is some positive relationship between high biomarker expression and optical 

imaging, but that other candidate markers for progression should also be explored. 

Further analysis with a larger number of imaging sites graded as mild dysplasia is needed 

to investigate this result. 

Results of this study provide evidence that multi-modal optical imaging could be 

a valuable diagnostic aid for the identification of oral neoplasia. Future work will entail 
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implementing the automated image analysis in real-time in order to investigate how the 

availability of real-time diagnostic information will impact the clinician’s decision 

making process.  
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Chapter 6 

Conclusions 

6.1. Summary of Results 

Multi-modal optical imaging with high-resolution microendoscopy (HRME) and 

wide-field autofluorescence imaging (AFI) has the potential to be a valuable diagnostic 

adjunct for the early detection of oral neoplasia. This dissertation describes the design of 

optimized HRME instrumentation, development of automated image analysis methods 

for AFI and HRME, and characterization of the diagnostic performance of the HRME 

and AFI image analysis together in a prospective analysis of multi-modal images 

acquired from a population of one hundred patients with clinically suspicious oral 

lesions.  

First, a tablet-interfaced HRME with automated image analysis was developed for 

the detection of esophageal squamous cell carcinoma which has similar histologic 

patterns to oral squamous cell carcinoma. Characterization with optical calibration 



 70 

standards showed the tablet HRME can acquire images of comparable quality to the first 

generation HRME design at a fraction of the cost and size. Training and validation of the 

automated image analysis was performed using a previously published dataset from a 

study of 177 patients referred for screening or surveillance endoscopy in China. Results 

showed the automated image analysis can differentiate between neoplastic and non-

neoplastic images with a sensitivity of 95% and 91% in an independent validation set 

compared with 84% and 95% achieved in the original study. Development of a lower-

cost system with automated image processing can improve accessibility of HRME for 

low-resource settings as well as reducing the training necessary to interpret images for 

clinicians who are less experienced with HRME. 

Next, an automated analysis method was developed to analyze autofluorescence 

images to standardize interpretation and reduce subjectivity. Performance of the 

automated analysis method was characterized by applying the analysis to a pre-existing 

dataset from 30 patients scheduled for surgical resection of a clinically suspicious oral 

lesion. The automated analysis achieved a comparable area under the receiver operating 

characteristic curve (AUC) to what was previously achieved with manual image analysis 

(0.862 automated vs. 0.877 manual). Implementation of this automated image analysis 

provides a consistent, objective method to analyze autofluorescence images and could 

improve biopsy selection as well as aid in margin assessment.  

Finally, the automated image analysis developed for AFI and HRME was 

prospectively evaluated together with a multi-modal optical imaging system to identify 

oral neoplasia. Performance of the automated image analysis was characterized using a 

dataset taken from 100 patients scheduled for surgical resection of a clinically suspicious 
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oral lesion. The automated analysis achieved comparable results to previously published 

results in a training set of 92 imaging sites while following objective criteria and 

minimizing reliance on user input.  Further analysis in a test set of 56 imaging sites taken 

from 4 mm punch biopsies correctly classified 100% of sites pathologically diagnosed as 

normal and 85% of sites diagnosed as moderate/severe dysplasia or cancer. These results 

provide evidence that multi-modal imaging with automated image analysis could provide 

valuable diagnostic information that could aid clinicians. 

6.2. Future Research Directions 

The work described in this dissertation demonstrates the potential of multi-modal 

optical imaging as a diagnostic adjunct; multiple steps remain to validate both the 

optimized instrumentation and the automated image analysis in order to ultimately 

translate multi-modal optical imaging for clinical use. 

Integration of the AFI and HRME instrumentation into a single interface is one 

potential future direction to explore. Operation of the HRME and AFI together using a 

single screen interface would improve the clinician’s ability to corroborate the AFI and 

HRME data in real-time. Real-time visualization of suspicious areas using the AFI image 

analysis could guide selection of HRME imaging sites. Conversely, use of the HRME 

could aid in margin assessment of suspicious areas identified by AFI. Optimization of the 

HRME instrumentation described in Chapter 3 provides a foundation to move toward 

simultaneous use by simplifying the design. Future work would entail optimizing the AFI 

instrumentation and integrating the AFI and HRME systems together. 
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One facet of the HRME that can be improved is its small field of view. While 

correlation to pathology for imaging sites taken from a biopsy was relatively consistent, 

correlation was more challenging for imaging sites taken from surgical specimens 

because of the time gap needed for site correlation and because of the larger size of 

surgical specimens compared to a punch biopsy. Increasing the field of view of HRME 

could improve its capability to detect focal areas of neoplasia. Several computational 

methods can be implemented such as video mosaicking which would allow the clinician 

to scan the probe along the tissue surface. 

While the results of the automated image analysis are promising, the next step to 

broaden the utility of the automated image analysis is real-time implementation. All 

studies described in this dissertation were done in a post-hoc analysis. Validation of the 

multi-modal optical imaging system with the automated image analysis for AFI and 

HRME will require a prospective study that implements the automated image analysis in 

real-time to evaluate how well it can be integrated into the clinical workflow and how the 

provision of information from AFI and HRME will affect the clinician’s decision 

making. 

Finally, multi-modal imaging should also be evaluated in a low-prevalence 

setting. Much work done in this dissertation was collected a unique population of patients 

with a high probability of dysplasia or cancer, however, there are also a variety of benign 

conditions that need to be characterized with AFI and HRME. Evaluation in a low-

prevalence setting is necessary in order to evaluate the ability of multi-modal optical 

imaging to distinguish between early neoplastic lesions and benign inflammatory lesions.  
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The work presented in this dissertation describes development of a multi-modal 

optical imaging system to improve early detection of oral neoplasia. While there are 

several steps still needed to translate the system for clinical use including real-time 

implementation of the image analysis and validation in a prospective study, this work 

provides a foundation for translating multi-modal optical imaging into a useful diagnostic 

adjunct for early detection of oral neoplasia.  
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