


 
 

ABSTRACT 

Multimodal Optical Imaging for Improved Evaluation of Oral 

Premalignant Lesions 

 by 

Eric C. Yang 

Improved evaluation of oral premalignant lesions (OPLs) at risk of malignant 

transformation is critical to improving oral cancer outcomes. Towards this goal, a 

multimodal optical imaging system (MMIS) that integrates white-light, 

autofluorescence (AF), and high-resolution microendoscopy (HRME) imaging to 

non-invasively evaluate OPLs was developed. The MMIS uses an automated, real-

time image analysis algorithm to classify imaged sites as low- or high-risk for high-

grade dysplasia or cancer. To analyze HRME images containing regions without 

quality information, a novel algorithm utilizing deep learning and probabilistic 

methods was also developed. Finally, two clinical studies were conducted to 

evaluate the MMIS. In the first study, high-risk OPL patients under surveillance for 

malignant progression received biopsies if clinically indicated, or if indicated by the 

MMIS evaluation, at the clinician’s discretion. The results demonstrated that the 

addition of the MMIS improved identification of high-grade dysplasia, compared to 

clinical evaluation alone. The second study explored the potential of the MMIS in a 

community dental setting, where most lesions are benign confounders. The study 

found that AF+HRME had a higher diagnostic accuracy than the clinical impression 



 
 

of a group of dental residents, and that the addition of AF and HRME to the 

residents’ clinical impressions improved their diagnostic performance. Together, 

these studies indicate the potential of the MMIS to improve the clinical evaluation of 

OPLs in multiple settings.  
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Chapter 1 

Specific Aims 

With an annual incidence of over 300,000, oral cancer is a major global 

health problem. In the United States, 65% of patients are diagnosed after regional 

metastasis; these patients have a >50% five-year mortality rate, compared to only 

17% for patients with localized disease. Oral cancer is typically preceded by oral 

premalignant lesions (OPLs) such as leukoplakia, and OPLs containing dysplasia 

have the greatest risk of malignant progression. Therefore, early identification of 

cancer and dysplastic OPLs is critical to reducing the oral cancer burden. 

Clinicians cannot accurately distinguish dysplastic or cancerous lesions from 

benign lesions through visual inspection alone. Biopsies are the gold standard for 

diagnosis, but are limited by morbidity, significant resource requirements, and time 

delay to results. Biopsies also generally do not assess an entire lesion, leading to 

underdiagnosis when the most severe site is not selected. Therefore, there is a 
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critical need for a diagnostic adjunct that can noninvasively distinguish dysplastic or 

cancerous lesions from benign lesions and help the clinician select a biopsy site. 

Meeting this need could improve early diagnosis, and reduce unnecessary workup 

of benign lesions. 

Loss of autofluorescence is a highly sensitive marker of oral neoplasia and is 

the basis of commercial autofluorescence imaging (AFI) devices like the VELscope. 

Unfortunately, the clinical utility of AFI is limited by low specificity: AFI is unable to 

distinguish dysplastic or cancerous lesions from benign inflammatory lesions. To 

address this issue, our group previously developed the high-resolution 

microendoscope (HRME), a compact fluorescence microscope coupled to a 790 μm 

fiber bundle, that images nuclei after topical application of proflavine dye. Because 

dysplastic and cancerous tissue are characterized by enlarged, crowded nuclei, the 

addition of HRME to AFI can improve diagnostic specificity. However, the HRME is 

limited by its small field of view.  

The goal of this thesis was to develop a multimodal optical imaging system 

(MMIS) that combines the strengths of AFI and HRME to improve the early detection 

of oral cancer and dysplasia: First, AFI would identify high-risk sites within a lesion 

with high sensitivity. Then, the HRME would be used at those sites to improve 

specificity. This goal was accomplished by completing the following specific aims: 

1. Develop a MMIS combining white-light, AFI, and HRME imaging to classify oral 

lesions as low- or high-risk 
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2. Develop an algorithm to analyze HRME images containing regions without 

visible nuclei  

3. Perform a pilot study to evaluate the impact of the MMIS in a high-prevalence 

population 

4. Characterize the potential benefit of the MMIS in a low-prevalence, community 

dental setting 

 

 



 

1Text adapted from: Yang, E. C. et al. Noninvasive diagnostic adjuncts for the 
evaluation of potentially premalignant oral epithelial lesions: current limitations 
and future directions. Oral Surg. Oral Med. Oral Pathol. Oral Radiol. 125, 670–681 
(2018). 

Chapter 2 

Background1 

Oral premalignant lesions (OPLs) are a group of clinically suspicious 

conditions, of which a small percentage will undergo malignant transformation. 

OPLs are suboptimally diagnosed and managed under the current standard of care. 

Dysplasia is the most well-established marker to distinguish high-risk OPLs from 

low-risk OPLs, and performing a biopsy to establish dysplasia is the diagnostic gold 

standard. However, biopsies are limited by morbidity, resource requirements, and 

the potential for underdiagnosis. Diagnostic adjuncts may help clinicians better 

evaluate OPLs before a definitive biopsy, but existing adjuncts, such as toluidine 

blue, acetowhitening, and autofluorescence imaging, have poor accuracy and are not 

generally recommended. Recently, in vivo microscopy technologies, such as high-

resolution microendoscopy, optical coherence tomography, reflectance confocal 

microscopy, and multiphoton imaging, have shown promise for improving OPL 
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patient care. These technologies allow clinicians to visualize many of the same 

microscopic features used for histopathologic assessment at the point of care. 

2.1. Introduction 

Over 300,000 new cases of oral cancer are diagnosed annually worldwide, 

with particularly high incidence rates in South and Southeast Asia, Europe, Latin 

America, and the Caribbean and Pacific nations. Risk factors for oral cancer include 

tobacco use, excessive consumption of alcohol, and betel quid chewing. The 5-year 

survival rate for oral cancer is only about 50%, largely because oral cancer is most 

commonly diagnosed at an advanced stages.1,2 

Oral cancers are typically preceded by oral premalignant lesions (OPLs), a 

group of clinically suspicious conditions that includes leukoplakia, erythroplakia, 

submucous fibrosis, and lichen planus.3 Although the majority of OPLs do not 

progress to cancer, distinguishing high-risk OPLs from low-risk OPLs is difficult. As 

a result, OPLs are suboptimally diagnosed and managed under the current standard 

of care. In this chapter, we will discuss the limitations of the existing methods of OPL 

risk assessment, including biopsy and noninvasive diagnostic adjuncts. Then, we 

will introduce in vivo microscopy (IVM), a novel group of technologies that could 

help clinicians overcome these limitations by allowing them to visualize 

microscopic, histology-like features of OPLs at the point of care. 
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2.2. Dysplasia as a Marker for Malignant Progression 

The most widely accepted marker to assess the malignant transformation 

risk of an OPL is the presence and grade of dysplasia in the lesion. Dysplasia is 

defined as the presence of specific epithelial architectural and cytologic changes and 

is graded as mild, moderate, or severe based on the depth and severity of the 

changes. It is frequently assumed that oral carcinogenesis involves OPLs that 

undergo a gradual progression beginning with hyperplasia and evolving through 

stages of mild dysplasia, moderate dysplasia, severe dysplasia, carcinoma-in-situ 

(CIS), and finally carcinoma after cellular invasion through the basement membrane. 

In reality, it is likely that oral carcinogenesis does not always occur in such an 

orderly manner. Furthermore, OPLs with dysplasia are considered non-obligate 

precursors of oral squamous cell carcinoma (OSCC), indicating that not all dysplastic 

OPLs will progress to invasive cancer. 

OPLs containing dysplasia are more likely to undergo malignant 

transformation, and the risk increases with the grade of dysplasia. One recent meta-

analysis estimated the malignant transformation rate of all leukoplakia, regardless 

of dysplasia, at 3.4%, with results of individual studies ranging from 0.13% to 

34.0%.4 Lesions containing dysplasia have a higher transformation rate. Bouquot et 

al.5 estimated that less than 5% of mild dysplasia cases undergo eventual malignant 

transformation, compared to 3% to 15% for moderate dysplasia, and 16% (range 

7%-50%) for severe dysplasia or CIS. A 2009 meta-analysis estimated the 

transformation rate as 12.1% (confidence interval [CI] 8.1%-17.9%) for dysplastic 
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lesions, with a 10.3% rate (CI 6.1%-16.8%) for mild to moderate dysplasia and 

24.1% (CI 13.3%-39.5%) for severe dysplasia and CIS.6 Differences in patient 

population and interobserver variation in diagnosis, treatment, and follow-up likely 

account for the inconsistent estimates. 

Despite ubiquitous use, dysplasia is an imperfect risk marker because at its 

core, carcinogenesis is driven by the accumulation of somatic mutations and 

epigenetic changes. The relationship between these key drivers of carcinogenesis 

and the dysplasia phenotype is unclear.7 Reports of OSCC arising from nondysplastic 

mucosal areas, the presence of genetic alterations in histologically normal 

epithelium adjacent to carcinoma, and the high recurrence rates after retinoic acid-

induced regression of dysplasia provide evidence for the phenotype–genotype 

disparity.8–10 Thus, much effort has been devoted to the discovery of molecular 

biomarkers capable of distinguishing progressive OPLs from nonprogressive OPLs. 

Although genetic loss of heterozygosity is considered a better marker for predicting 

the malignant progression risk of a OPL, it has not been integrated into day-to-day 

clinical practice.11 A number of studies have attempted to identify biomarkers to 

predict which patients are likely to develop OSCC after the diagnosis of OPL with 

dysplasia, but so far, no such biomarkers have been validated and prospectively 

shown to predict malignant transformation risk. Therefore, the degree of dysplasia 

will remain the key determinant for assessing the malignancy risk of OPLs until 

emerging biomarkers are validated and integrated into clinical use. 
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2.3. Tissue Biopsy is Required to Diagnose Dysplasia 

The current clinical gold standard for predicting the cancer progression risk 

of a OPL requires biopsy and microscopic evaluation of the resulting hematoxylin-

and-eosin (H&E)–stained tissue section by a trained oral and maxillofacial or head 

and neck pathologist to determine the presence and grade of dysplasia or 

carcinoma. Conventional oral examination (COE) alone is insufficient for risk 

stratification. COE is generally effective for lesion identification, but not for the 

ensuing clinical workup for treatment planning. Once an oral lesion has been 

discovered, it must be classified as an OPL or a nonsuspicious lesion, a distinction 

that many general dental practitioners (GDPs) are not sufficiently trained to make.12 

Seoane et al.13 assessed 32 GDPs in Northwestern Spain by showing them 

photographs of 50 oral mucosal lesions, including 31 benign lesions, 12 OPLs, and 7 

cases of OSCC. The GDPs distinguished OSCC and OPLs from benign lesions with only 

57.8% sensitivity and 53% specificity, a result only marginally better than random 

guessing. Specialists are likely more capable of making this distinction.12 

Once a lesion has been classified as a OPL, classifying it as dysplastic or 

nondysplastic based on COE is extremely difficult regardless of training level. A 

2012 meta-analysis estimated that COE had 93% sensitivity but only 31% specificity 

for the identification of dysplasia or carcinoma.14 Most of the included studies were 

performed in specialty clinics, and their inclusion criteria ranged from only OPLs 

and OSCC to any oral mucosal lesion. More recently, a retrospective analysis of 1003 

oral lesions at a tertiary medical center found that oral and maxillofacial surgeons 
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distinguished dysplastic or cancerous lesions from benign lesions with a sensitivity 

of 48.6% and specificity of 98.1%.15 These studies demonstrate the ineffectiveness 

of COE for OPL risk stratification, although the specific balance of sensitivity and 

specificity may vary, in part, as a result of differences in the definition of a positive 

COE. 

2.4. Limitations of Biopsy 

Once the decision to biopsy an OPL has been made, the clinician must select a 

biopsy site, which should represent the area of the lesion most likely to contain 

dysplasia or carcinoma. The presence and grade of dysplasia and invasive 

carcinoma frequently vary throughout a lesion, and dysplasia may even be present 

in clinically normal mucosal areas outside its visible boundaries. Excisional biopsies 

could be performed on smaller lesions to prevent sampling bias, but risk incomplete 

excision of malignant lesions and may be excessively aggressive if the lesions end up 

being benign. For these reasons, incisional biopsy is typically preferred, but it does 

not assess an entire lesion. This sampling bias can lead to underdiagnosis or 

misdiagnosis, particularly in cases of multifocal, large, or nonhomogeneous OPLs. 

Goodson et al.16 analyzed 152 patients with a single leukoplakic lesion 

treated with laser excision, a mean of 4.43 months after a preoperative incisional 

biopsy, and found that 50% of the incisional biopsy diagnoses were upgraded on the 

basis of the excised specimen. Chen et al.17 assessed 80 oral mucosal lesions and 

found that incisional biopsy missed 6 OSCC cases. Underdiagnosis of dysplasia was 
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not specifically discussed. In the largest sampling bias study, Lee et al.18 

retrospectively found that incisional biopsy underdiagnosed 29.5% of leukoplakic 

lesions in 200 patients who underwent surgical resection within 30 days of the 

initial incisional biopsy. In 11 of the 24 patients with a diagnosis of carcinoma after 

surgery, the initial diagnosis based on incisional biopsy was no dysplasia or mild 

dysplasia. The 42 patients who underwent multiple incisional biopsy procedures 

had a lower rate of underdiagnosis (11.9%). Additionally, the authors found higher 

rates of underdiagnosis in nonhomogeneous lesions than in homogeneous lesions. 

The authors defined homogeneous leukoplakia as a white lesion with a uniform flat 

thin appearance or a white lesion with shallow cracks within a smooth, wrinkled, or 

corrugated surface of constant texture. Nonhomogeneous leukoplakia was defined 

as an irregularly flat, nodular, or exophytic white or white and red lesion. 

There are several other limitations of biopsies (Table 2.1). Multiple steps are 

required to prepare the tissue sample before it is suitable for microscopic diagnosis. 

A skilled specialist is required to perform the procedure properly, and a trained 

pathologist is required to interpret the histopathologic findings. These requirements 

make it necessary for care providers to follow up with patients several days after 

their initial visit, limiting the use of biopsies in resource-poor clinical sites. Grading 

dysplasia is subjective and involves high levels of interobserver and intraobserver 

variance, even among specialist oral and maxillofacial or head and neck 

pathologists.19,20 The 2017 World Health Organization criteria for dysplasia requires 

assessment of numerous subjective factors with no objective method to weigh 

them.21 Discrepancies are particularly common for mild dysplasia, because of the 
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difficulty in distinguishing true mild dysplasia from reactive and reparative atypia 

associated with inflammation and ulcerations, respectively. Finally, biopsies are 

associated with morbidity and cost. 

Table 2.1. Limitations of biopsy 

Sampling bias as a result of site selection 
Trained clinician required to perform 

biopsy correctly 
Trained pathologist and processing 

facilities required for diagnosis 
Lengthy time (days) to diagnosis 

Interobserver and intraobserver variance 
Patient morbidity and discomfort 

 

2.5. Existing Diagnostic Adjuncts 

The limitations discussed above have motivated ongoing attempts to develop 

diagnostic adjuncts to assist with OPL evaluation. In particular, there is a clinical 

need for diagnostic adjuncts that can augment COE to (1) help clinicians decide 

which lesions need a biopsy by distinguishing high-risk OPLs that harbor dysplasia 

or cancer from low-risk OPLs and other mucosal lesions; (2) identify the highest risk 

sites within an OPL for biopsy guidance; and (3) longitudinally monitor OPLs to 

decide if repeat biopsy procedures are necessary. At present, diagnostic adjuncts 

should not replace COE—biopsy of clinically suspicious OPLs is recommended 

regardless of results obtained from adjuncts, nor should they replace biopsy for 

definitive diagnosis. The ideal diagnostic adjunct would provide accurate 
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correlation with dysplasia and cancer, provide results immediately at the point of 

care, and evaluate a large area for biopsy guidance. Additionally, the diagnostic 

adjunct should be minimally-invasive, low cost, require few consumables, require 

minimal training to use, and allow objective interpretation. Common diagnostic 

adjuncts include toluidine blue, brush biopsy with cytology, acetowhitening with 

chemiluminescence, and autofluorescence imaging. Numerous authors have 

reviewed the evidence on these adjuncts,22–24 so we only briefly discuss them in the 

context of above criteria (Table 2.2). 

Table 2.2. Existing diagnostic adjuncts 

Technique Se Sp 
Time 

to 
result 

FOV Cost Training 
Invasive-

ness 

Objective 
Interpret-

ation 
Biopsy GS* GS Days Small High High High No 

Brush biopsy High High Days Small Medium Medium Moderate Partially 
Toluidine 

blue 
OSCC: High 

Dysplasia: Low 
Low 

Imme-
diate 

Large Low Medium Minimal No 

Chemi-
luminescence 

Low Low 
Imme-
diate 

Large Medium Medium Minimal No 

AFI High Low 
Imme-
diate 

Large Medium Medium None 
No, but 

potentially 
yes 

*GS = Gold standard 

Use of the vital dye toluidine blue consists of an initial rinse of the oral cavity 

with acetic acid followed by toluidine blue. It is thought that the dye has an affinity 

for DNA, so increased DNA levels seen in dysplasia and carcinoma lead to greater 

staining.25 Toluidine blue is low cost, provides immediate results, and can be used to 

assess the entire oral cavity but is limited by false positive results for inflammatory 

lesions or ulcers, low sensitivity for dysplasia, and subjective interpretation. An oral 
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biopsy brush can be used to remove transepithelial cells with minimal invasion, and 

the cells are transferred to a slide and evaluated cytologically. Cytologic smears can 

then be evaluated for cellular atypia. When performed properly, brush biopsy is 

potentially the most accurate adjunct, with one meta-analysis reporting a sensitivity 

and specificity of 91%.24 However, brush biopsies can only assess a small region of 

the oral mucosa, do not provide results for days, and are not reliable for evaluating 

OPLs with thick keratin layers. Acetowhitening entails rinsing the oral cavity with 

acetic acid and then using a chemiluminescent light to look for mucosal areas with a 

white appearance indicating an OPL. This approach can assess large regions at the 

point of care, but studies have demonstrated poor sensitivity and specificity.26,27 

ViziLite (Zila Pharmaceuticals Inc., Phoenix, AZ) is an example of an acetowhitening 

and chemiluminescence product. 

Autofluorescence imaging (AFI) is based on the concept that dysplasia and 

cancer cause measurable changes in tissue autofluorescence, defined as 

fluorescence intrinsic to tissue. Epithelial fluorophores, such as nicotinamide 

adenine dinucleotide (NADH) and flavin adenine dinucleotide (FAD), and stromal 

fluorophores, such as collagen and elastin, are the primary contributors to 

autofluorescence in the normal oral mucosa. Dysplasia and cancer are typically 

accompanied by a large loss of green autofluorescence, along with a small increase 

in red autofluorescence. Certain changes, such as increased metabolism, increased 

nuclear area and pleomorphism, increased epithelial thickness, increased 

vascularization, breakdown of collagen cross-links, and production of fluorophores 

by bacteria, contribute to this effect. 
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Several AFI devices have become commercially available in the past decade, 

including the VELscope (LED Dental, Atlanta, GA), Identafi (StarDental-DentalEZ, 

Englewood, CO), and OralID (Forward Science, Stafford, TX). Clinical use typically 

involves illumination of the tissue with blue or violet light in a darkened room, 

allowing the clinician to visualize tissue autofluorescence. Normal mucosal areas 

appear bright, whereas suspicious areas exhibit loss of fluorescence and appear 

dark. Interestingly, loss of fluorescence frequently extends beyond the visible 

borders of a lesion, and these extensions often harbor dysplasia and loss of 

heterozygosity.28 A randomized controlled trial is underway to investigate whether 

AFI can be used to delineate margins during surgical resection of OSCC to reduce 

recurrence rates.29 

The advantages of AFI include high sensitivity for dysplasia and cancer, 

capability to assess large areas of the oral mucosa at the point of care, 

nonrequirement of consumables, and noninvasiveness. Commercially available 

systems rely on subjective interpretation of autofluorescence, but AFI offers the 

potential for more objective interpretation. Unfortunately, AFI is limited by false 

positive results. Lesions of various etiologies have different autofluorescent 

properties (Table 2.3); most commonly, inflammatory benign lesions also often 

exhibit a loss of fluorescence. Keratin is autofluorescent,30 and in the authors' 

experience, hyperkeratinized high-risk OPLs such as proliferative verrucous 

leukoplakia may not show loss of fluorescence even in the presence of dysplasia or 

cancer. The VELscope is approved for use by the U.S. Food and Drug Administration 

as an adjunct to enhance the visualization of oral mucosal abnormalities but not as a 
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tool for risk stratification. AFI may have clinical utility for risk assessment during 

longitudinal monitoring of patients with known high-risk OPLs or previous history 

of cancer.31 

Table 2.3. Effect of tissue changes on autofluorescence1 

Histologic assessment Autofluorescence feature 
Epithelial hyperplasia No change 

Dysplasia Complete or partial loss 
Invasive carcinoma Complete loss 

Verruciform hyperkeratosis No change or increase 
Infectious Complete or partial loss 

Vascular lesions Complete or partial loss 
Submucous fibrosis Enhanced 

Amalgam pigmentation (tattoo) Complete loss 
Focal melanosis Complete loss 

Hairy leukoplakia / candidiasis Red to orange spectrum 
1Adapted from Vigneswaran et al32 

It is clear from the above discussion that no existing diagnostic adjunct meets 

all of the ideal criteria. The adjuncts that provide immediate results from large 

regions (toluidine blue, acetowhitening and chemiluminescence, and AFI) suffer 

from limited accuracy because they do not directly assess the microscopic features 

used to diagnose dysplasia and cancer. Brush biopsy allows for direct assessment of 

cellular atypia but provides delayed results from small regions. Accordingly, the 

most recent American Dental Association guidelines included a conditional 

recommendation against the use of cytologic adjuncts; autofluorescence imaging; 

tissue reflectance adjuncts, such as chemiluminescence; and vital staining adjuncts, 

such as toluidine blue, for the assessment of clinically evident lesions.22 
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2.6. In Vivo Microscopy 

In recent years, a class of optical imaging technologies known as IVM has 

emerged as a promising new class of diagnostic adjunct. IVM combines the strengths 

of existing adjuncts by enabling high-resolution, microscopic imaging of intact tissue 

for disease detection and diagnosis at the point of care. 

IVM produces images of microscopic tissue features by measuring tissue 

optical properties, such as reflectance, scattering, absorption, and fluorescence 

emission, which are frequently altered in disease states. IVM has been proposed for 

a range of clinical applications, including disease diagnosis, disease risk 

stratification, longitudinal monitoring of patients, and surgical margin delineation. 

IVM instrumentation has been integrated into many form factors, such as 

endoscopes, catheters, needles, and benchtop devices, allowing for their use in a 

variety of anatomic locations. Currently, an IVM technique called optical coherence 

tomography (OCT) is the standard of care in ophthalmology for retinal imaging.33 

IVM has also gained clinical use for coronary angiography, evaluation of Barrett's 

esophagus, and diagnosis of skin lesions.34–36 Each IVM technology measures 

different tissue optical properties and offers different capabilities in imaging 

parameters such as imaging depth, resolution, field of view (FOV), and acquisition 

time. Additional considerations include cost, size, and the need for exogenous 

contrast agents. The choice to use a specific IVM technology is determined by 

optimally balancing trade-offs in these parameters to meet the minimum 

performance requirements of the desired clinical application. 
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Development of IVM technologies for OPL evaluation is still at an early stage. 

Here, we discuss IVM approaches that have been reported so far (Table 2.4), 

including our own work. 

Table 2.4. IVM adjuncts under development 

Technique Se Sp 
Time to 
result 

FOV Cost 
Invasive

-ness 
Objective 

Interpretation 
Multimodal 

imaging 
Potentially 

high 
Potentially 

high 
Immediate Large Medium Minimal Potentially 

Optical 
coherence 

tomography 
TBD TBD Immediate Medium High Minimal Potentially 

FLIM+RCM TBD TBD Immediate Medium High Minimal Potentially 
Multiphoton 
microscopy 

TBD TBD Immediate Small High Minimal Potentially 

2.7. Optical coherence tomography 

OCT has been successfully utilized for clinical use in certain anatomic sites, 

such as the coronary arteries and the esophagus, and is being actively studied for 

many other sites. A few groups have used OCT to image OPLs and oral cancer. OCT 

produces 2-dimensional tissue cross-sections of light scattering, which are stitched 

together to produce a 3-dimensional volumetric map. The advantages of OCT 

include micron level resolution with large penetration depth (~2 mm, typically) and 

FOV (up to ~1 cm × 1 cm) compared with most other IVM techniques. The large 

penetration depth allows for visualization of the full epithelial thickness and 

superficial connective tissue to evaluate cellular invasion. 
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Recently, Lee et al.37 developed a handheld, side-looking fiber optic rotary 

pullback catheter placed within a sheath suitable for the oral epithelium. The device 

was designed to prioritize FOV and acquisition time while sacrificing resolution. It is 

capable of imaging an area of 90 mm × 2.5 mm with 20 to 40 µm lateral resolution in 

45 seconds, with longer acquisition times improving the depth resolution. The 

authors acquired 176 OCT volumes of the normal mucosa, scar tissue, OPLs with 

and without dysplasia, and OSCC from 51 patients. They were able to visualize 

architectural features, such as epithelial thickness and basement membrane 

continuity, and showed sample images from clinically normal tissue, leukoplakia, 

and submucous fibrosis. Further analysis of 31 volumes suggested that the gradient 

mean and gradient standard deviation of the epithelium could be used to distinguish 

dysplasia and OSCC from normal tissue38 and that this process could be 

automated.39 Although this approach is promising, prospective studies are needed 

to assess and validate its potential utility for biopsy site guidance. 

Wilder-Smith et al.40 used a fiber optic high-resolution 3-dimensional OCT 

probe (10-mm-long scans) and a commercially available OCT system (2-mm-long 

scans) for in vivo imaging of the epithelium, lamina propria, and basement 

membrane in 50 patients with leukoplakia or erythroplakia (Figure 2.1). OCT 

images were scored by two pretrained, blinded individuals on a scale of 0 (normal) 

to 6 (OSCC), based on changes in keratin, epithelial thickness, epithelial proliferation 

and invasion, rete peg broadening, epithelial stratification irregularities, and basal 

hyperplasia. Scorers were able to distinguish OSCC from noncancerous lesions with 

a sensitivity and specificity of 93.1% compared with biopsy. However, the authors 
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did not comment on the ability to distinguish dysplastic sites from nondysplastic 

sites. 

 

Figure 2.1. Optical coherence tomography (OCT) in the oral mucosa. A–C, 

Photograph (A), in vivo OCT image (B), and ×10 hematoxylin and eosin (H&E 

slide) (C) of dysplastic buccal mucosa. D, In vivo OCT image of normal buccal 

mucosa: (1) stratified squamous epithelium, (2) keratinized epithelial surface 

layer, (3) basement membrane, (4) submucosa. (Figure from Wilder-Smith et 

al.40). 

Tsai et al.41 used a swept-source OCT system with a scanning speed of 

10 cm/s and 1 cm scanning length to differentiate oral lesions at different stages of 

carcinogenesis. Lateral scan intensity profiles of the OCT images were used to 

differentiate between OSCC, mild and moderate dysplasia, and normal tissue. 

However, because of the small sample size, sensitivity and specificity were not 

estimated. 

Although OCT has demonstrated its potential to improve the evaluation of 

OPLs, further work is necessary to tailor the physical form factor and performance 

characteristics for defined clinical purposes. Additionally, studies with larger 
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samples sizes and prospective algorithm evaluation are required to validate 

diagnostic accuracy in vivo. 

2.8. Reflectance confocal microscopy 

In reflectance confocal microscopy (RCM), a pinhole is used to reject out-of-

focus light that has been reflected from the sample. The pinhole improves resolution 

and allows for obtaining images of various depths of tissue and for potential 

differentiation of different grades of dysplasia. Except for hypertrophic lesions, RCM 

systems may be configured to image the basement membrane and superficial 

connective tissue. 

Olsovsky et al.42 developed a handheld RCM endomicroscope with an 

electrically tunable lens and a double-clad fiber coupler to obtain 850 µm diameter 

in vivo images of oral lesions at depths of up to 250 µm with 1.7-µm lateral 

resolution and 6- to 12-µm depth resolution. The endomicroscope form factor 

allows for imaging of hard-to-reach areas of the mouth. The imaging procedure 

consists of first applying 5% acetic acid to the mucosa, followed by a 5-second 

acquisition time. Olsovsky et al. showed images of the normal oral mucosa (Figure 

2.2A–C), leukoplakia of the buccal mucosa containing mild to focally moderate 

dysplasia (Figure 2.2D–H), and ulcerated granulation tissue with chronic 

inflammation at various depths. They were able to visualize cellular and nuclear 

morphology associated with inflammation and dysplasia. Additionally, they have 
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developed an automated algorithm capable of nuclear segmentation of RCM 

images.43 

 

Figure 2.2. Reflectance confocal microscopy in the oral mucosa. A–C, In vivo 

reflectance confocal microscopy images of clinically normal buccal mucosa at 

depths of approximately (A) 10 µm (superficial epithelium), (B) 70 µm 

(spinous layer), and (C) 120 µm (approaching basement membrane). D–F, In 

vivo reflectance confocal microscopy images of a leukoplakia at depths of 

approximately (D) 10 µm (superficial epithelium), (E) 70 µm (spinous layer), 

and (F) 120 µm (approaching basement membrane). G, Photograph of the 

leukoplakia, including the imaged lesion (circle). H, Hematoxylin and eosin 

(H&E) slide of imaged leukoplakia diagnosed as mild to focally moderate 

dysplasia. Yellow arrow: Increased nuclear to cytoplasmic ratio. Green arrow: 

Loss of polarity of basal cells. White arrow: Hyperkeratosis. (Figure from 

Olsovsky et al42) 
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They have also developed a fluorescence lifetime imaging (FLIM) system 

capable of imaging a 1.6 × 1.6 cm area.44 FLIM measures tissue autofluorescence, 

similar to AFI, but also provides information about fluorescence decay as a function 

of time, potentially enabling estimates of the contribution of specific fluorophores 

such as NADH, FAD, and collagen. They hypothesized that the additional information 

may be helpful in distinguishing dysplastic lesions from benign inflammatory 

lesions and proposed a multiscale approach, consisting of FLIM imaging followed by 

RCM at high-risk sites identified by FLIM.45  

2.9. Multiphoton microscopy 

Like confocal imaging, multiphoton microscopy is a type of fluorescence 

imaging that can obtain image cross-sections at depths of up to 1 mm. The large 

penetration depth could potentially enable evaluation of cellular invasion past the 

basement membrane. In multiphoton microscopy, the excitation light source uses 

light with twice the desired fluorescence excitation wavelength so that fluorescence 

occurs only when two photons excite a fluorophore simultaneously. This process 

only occurs with significant frequency at a narrow point. The absence of out-of-

focus fluorescence absorption allows the excitation light source to penetrate deeper 

into tissue, and the longer wavelengths used for excitation decrease scattering 

effects. Autofluorescence-based multiphoton microscopy measures the same signals 

as existing AFI instrumentation, but with the added advantage of depth-sectioned 

visualization of microscopic features. However, multiphoton microscopy 
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instruments can typically only image FOVs a few hundred microns in diameter and 

require much stronger light intensity. 

Multiphoton microscopy approaches have been studied in a variety of cancer 

types, providing a basis for its potential use in oral dysplasia and cancer. Matsui et 

al.46 used multiphoton autofluorescence microscopy to image epithelial cells, 

immune cells, and basement membrane in human colorectal mucosa by using 

emission peaks from NADH, nicotinamide adenine dinucleotide phosphate, FAD, and 

collagen. The authors were able to classify 64 normal and 80 cancerous tissue 

specimens by using nuclear diameter and collagen intensity, with 96% sensitivity 

and 84% specificity. 

Pal et al.47 used multiphoton autofluorescence microscopy in a hamster 

model of oral neoplasia. They were able to visualize cytoplasm, nuclei, and keratin at 

a depth of 30 µm in the epithelium and identified emission peaks for the same 

epithelial fluorophores (NADH, FAD, and protoporphyrin IX) that contribute to AFI 

signal. However, sensitivity and specificity for neoplasia were not evaluated, and 

images at depths other than 30 µm were not obtained. Significant technical advances 

are necessary before in vivo use of multiphoton autofluorescence microscopy will 

be feasible, although its use on ex vivo human specimens or in animal models could 

certainly advance scientific understanding of autofluorescence of the oral mucosa. 
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2.10. High-resolution microendoscopy 

Our group has developed an IVM device called the high-resolution 

microendoscope (HRME).48,49 The HRME is an inexpensive fluorescence microscope 

contained in a small box with an attached flexible probe 0.79 mm in diameter 

(Figure 2.3A). The clinician uses a cotton-tipped applicator to apply proflavine, a 

fluorescent dye that stains cell nuclei, to the tissue of interest. The probe is then 

placed in gentle contact with the proflavine-stained mucosa to visualize the surface 

epithelial nuclei directly. The depth of analysis is estimated to be 20 to 50 µm,50,51 

although no conclusive studies have fully assessed this range. Once a good image is 

obtained, the clinician can depress a foot pedal to freeze the current frame and then 

save and process the image. Changes in nuclear morphology that are characteristic 

of oral dysplasia and cancer are evident in HRME images and are easily evaluated, 

with little training required to identify differences. Small, evenly spaced nuclei are 

seen in the HRME images of the normal mucosa and benign lesions (Figure 2.3B), 

whereas large, crowded, and irregularly shaped nuclei are seen in the HRME images 

of dysplastic or cancerous lesions (Figure 2.3C). To provide an objective result, we 

have developed an automated computer algorithm that identifies nuclei and 

calculates metrics that are correlated with dysplasia and cancer, such as the 

nuclear/cytoplasm ratio and the density of abnormal nuclei. 
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Figure 2.3. High-resolution microendoscopy. A, Photo of the high-resolution 

microendoscope (HRME) with attached probe. HRME images of 

histopathologically diagnosed (B) normal oral mucosa showing small, evenly 

spaced nuclei and (C) severe dysplasia showing enlarged, crowded nuclei. 

Field of view is 0.79 mm in diameter. 

A limitation of the HRME is its small, 0.79-mm FOV. Because it is too time 

consuming to assess an entire lesion 0.79 mm at a time, the clinician must choose 

the most suspicious sites within a lesion to image. We propose the use of AFI for this 

initial localization. As previously discussed, the two major weaknesses of 

commercially available AFI systems are low specificity and subjective image 

interpretation. The low specificity could be overcome by using the HRME to image 

the nuclei at the high-risk sites identified by AFI. For objective image interpretation, 

we have developed a quantitative risk metric called the normalized red/green (RG) 

ratio, which can be automatically calculated from AFI images through a computer 

algorithm.52 The normalized RG ratio of a pixel is equal to its red intensity divided 
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by its green intensity, normalized by the value of the same ratio at a region of the 

normal mucosa. The purpose of normalization is to account for interpatient 

variation in the autofluorescence of the normal mucosa. Dysplasia and cancer 

decrease green autofluorescence and increase red autofluorescence, so an elevated 

normalized RG ratio is a marker of increased risk for malignancy. A study using this 

multimodal imaging approach combining AFI with the HRME was conducted on 100 

sites in 30 patients at the MD Anderson Cancer Center (Houston, TX) immediately 

before surgical resection of an oral lesion. It was found that the combination of 

nuclear/cytoplasm ratio and the normalized RG ratio correctly diagnosed 95% of 

patients with moderate dysplasia to cancer and 98% of normal sites (Figure 2.4), 

using histopathology as the gold standard.53 A follow-up study using automated 

algorithms to prospectively calculate the image features found similar results.54 

 

Figure 2.4. Classification of imaged sites based on autofluorescence imaging 

and high-resolution microendoscope (HRME). The dashed line represents a 

linear threshold to distinguish normal sites from moderate dysplasia to 

cancer sites based on imaging metrics. (Figure from Pierce et al53) 
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The potential benefit of multimodal imaging can be illustrated by the case of 

a patient evaluated at the University of Texas School of Dentistry (Houston, TX) as 

part of an institutional review board–approved protocol. The patient was a 75-year-

old female with a chief complaint of tongue pain and soreness. She had previously 

been diagnosed with squamous cell carcinoma of the right lateral tongue 11 years 

before presentation and had been treated with partial glossectomy. A large, 

heterogeneous red-and-white ulcerated lesion (Figure 2.5A) involving the right 

ventral tongue and the floor of mouth was evident under visual examination. Biopsy 

of this ulcerated lesion had been performed at least four times at various clinics, all 

showing negative results for dysplasia or carcinoma, within three years of 

presentation. The lesion was first imaged with AFI (Figure 2.5B), which 

demonstrated loss of fluorescence subjectively and elevated normalized RG ratio 

objectively. The patient was then imaged with the HRME (Figure 2.5C), and 

abnormal nuclei (Figure 2.5D) were quickly found at a site with elevated normalized 

RG ratio. Biopsy of the imaging site revealed invasive OSCC, and the patient was 

referred to a head and neck surgical oncologist for further treatment. This patient 

had not been accurately diagnosed under the existing standard of care; it is likely 

that her previous biopsy specimens were not taken from the optimal location. 

Although it is possible that OSCC had not yet developed at the time of her previous 

biopsy procedures, this is less likely considering the heterogeneity of the lesion and 

that her previous biopsy results were negative for dysplasia. In contrast, multimodal 

imaging, at the point of care, was able to localize high-risk regions and 
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noninvasively detect abnormal cells, which were confirmed to be malignant on 

biopsy. 

 

Figure 2.5. Multimodal imaging example. White light (A) and autofluorescence 

image (B) of red and white ulcerated lesion on the right lateral tongue in a 75-

year-old female presenting at the University of Texas School of Dentistry. Site 

imaged with HRME (red arrow) showed loss of fluorescence with elevated 

normalized red-green ratio. (C) HRME probe on imaged site. (D) HRME image 

at site showed enlarged, crowded nuclei. Biopsy of the site was performed, 

and pathologic diagnosis was invasive OSCC. 

As discussed, we have shown that combining the quantitative parameters 

from AFI and HRME images can help accurately diagnose high-grade dysplasia and 

cancer at imaged sites in a population with a high prevalence. However, we have not 

yet assessed the two-step procedure of AFI for site localization followed by the 

HRME in a prospective, systematic way. A risk heat map based on AFI is one 

approach to this procedure; the heat map could quickly alert the clinician to the 
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most suspicious regions requiring further exploration with the HRME. Figure 2.6 

illustrates this approach in a patient with a floor-of-mouth lesion (Figure 2.6A) 

imaged using AFI (Figure 2.6B). A heat map overlay based on the RG ratio is shown 

in Figure 2.6C along with pathologic diagnoses at 6 sites. Each of the 4 sites (a, d, e, f) 

diagnosed as CIS was clearly highlighted by the heat map. In contrast, the sites 

diagnosed as mild dysplasia (c) and normal (b) were highlighted only sparsely, if at 

all. The correlation between the heat map and pathologic severity in this patient 

provides evidence for the potential usefulness of AFI for site localization. A tool 

capable of automatically generating AFI heat maps at the point of care and 

integrating the results with images obtained from the HRME could streamline risk 

evaluation and biopsy guidance. 
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Figure 2.6. Risk heat map based on autofluorescence imaging. White light (A) 

and autofluorescence image (B) of floor of mouth lesion containing 

histopathologically confirmed dysplasia and carcinoma in situ. C, Risk heat 

map based on red-green ratio overlaid on white light image, with pathologic 

diagnoses at 6 sites denoted by lowercase letters (a–f). Histology slides of the 

six sites are shown below (scale bar = 1 mm). (Figure from Roblyer et al52) 

Markedly hyperkeratinized lesions present perhaps the biggest limitation to 

multimodal imaging. As previously mentioned, clinicians using AFI must be aware 

that keratin itself is autofluorescent, so it is possible that dysplasia can be present in 

thickly keratinized lesions, even if there is no loss of fluorescence. More importantly, 

a superficial keratin layer can impede the ability of the HRME to image nuclei. HRME 

images of keratinized sites often show keratin with no visible nuclei or sparsely 

distributed nuclei, and it is challenging to extract diagnostic information from these 

images. We hypothesize that this effect is caused by increased light scattering that 

limits signal from nuclei beneath the keratin layer and/or keratin acting as a 

physical barrier to limit proflavine penetration into the cellular layers of the 

epithelium. We are exploring the possibility of using a brush-like tool to manually 

remove a thin keratin layer at specific sites to allow for HRME imaging. 

Although further work remains to be done before multimodal imaging can be 

recommended for widespread clinical usage, we believe that it has the potential to 

meet all the diagnostic adjunct criteria presented here. Initial results suggest that 

multimodal imaging may have high sensitivity and specificity for high-grade 

dysplasia and cancer.53 Incorporating AFI allows for assessment of a large region, 

and the equipment is affordable and the procedure minimally invasive with few 
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consumables required. Automated algorithms allow for obtaining immediate, 

objective results and reduce the need for clinical training to perform the procedure 

and interpret the results. 

2.11. Conclusions 

Improved methods to diagnose and risk-stratify OPLs could decrease the 

global burden of oral cancers. Biopsy is the gold standard for diagnosing dysplasia 

and cancer, but it is limited by morbidity, time and resource requirements, and the 

risk of sampling bias. The existing diagnostic adjuncts that provide immediate 

feedback are limited by poor diagnostic accuracy. In vivo microscopy technologies 

are a promising avenue to help clinicians identify high-risk OPLs and select a biopsy 

site, which could result in improved patient care. However, additional technology 

development and clinical studies are required to establish and validate their 

diagnostic accuracy and use. 

 



 

1Text adapted from: Yang, E. C. et al. Development of an integrated 
multimodal optical imaging system with real-time image analysis for evaluation of 
oral premalignant lesions. J. Biomed. Opt. 24, 1 (2019). 

Chapter 3 

Development of an integrated 

multimodal optical imaging system 

with real-time image analysis for the 

evaluation of oral premalignant 

lesions1 

Oral premalignant lesions (OPLs), such as leukoplakia, are at risk of 

malignant transformation to oral cancer. Clinicians can elect to biopsy OPLs and 

assess them for dysplasia, a marker of increased risk. However, it is challenging to 

decide which OPLs need a biopsy and to select a biopsy site. We developed a 

multimodal optical imaging system (MMIS) that fully integrates the acquisition, 

display, and analysis of macroscopic white-light (WL), autofluorescence (AF), and 

high-resolution microendoscopy (HRME) images to noninvasively evaluate OPLs. 

WL and AF images identify suspicious regions with high sensitivity, which are 
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explored at higher resolution with the HRME to improve specificity. Key features 

include a heat map that delineates suspicious regions according to AF images, and 

real-time image analysis algorithms that predict pathologic diagnosis at imaged 

sites. Representative examples from ongoing studies of the MMIS demonstrate its 

ability to identify high-grade dysplasia in OPLs that are not clinically suspicious, and 

to avoid unnecessary biopsies of benign OPLs that are clinically suspicious. The 

MMIS successfully integrates optical imaging approaches (WL, AF, and HRME) at 

multiple scales for the noninvasive evaluation of OPLs. 

3.1. Introduction 

With over 300,000 new cases per year and a mortality rate of ∼50%, oral 

cancer is a major global health issue.55 The stage at diagnosis is the most important 

predictor of survival, and unfortunately, most patients are diagnosed at a late stage. 

Therefore, earlier diagnosis of oral cancer and its precursor lesions is critical to 

improved outcomes. Most oral cancers originate as oral premalignant lesions 

(OPLs), defined as oral mucosal lesions with an elevated risk of malignant 

transformation including leukoplakia and erythroplakia. OPLs affect millions 

worldwide and are challenging for clinicians to identify and manage, contributing to 

late-stage diagnoses. Some guidelines recommend that all suspicious lesions receive 

an initial biopsy22 to assess for dysplasia, the most well-established risk marker of 

malignant transformation. Dysplasia can be graded as mild, moderate, or severe, 

and the risk of malignant transformation increases with grade.56 
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This management protocol is not optimal. Clinicians must distinguish OPLs 

from benign confounder lesions with a similar appearance, a challenging task for 

general practitioners, who are most likely to initially evaluate patients with OPLs. 

Then, the clinician must select a biopsy site within the lesion and perform the biopsy 

with proper technique. Only a small percentage of OPLs contain dysplasia, leading to 

unnecessary biopsies. Biopsies are highly invasive, resource intensive, and require 

days to process and interpret. For these reasons, many OPLs are not biopsied, 

particularly in low-resource settings with the highest prevalence of OPLs, such as 

South Asia. Additionally, the presence and severity of dysplasia often vary within an 

OPL. Clinicians try to biopsy the tissue with the highest grade of pathology, but are 

unsuccessful up to 30% of the time.18 Finally, there are no clear guidelines on when 

to obtain additional biopsies in patients with lesions under surveillance for potential 

progression or with a history of oral cancer being monitored for recurrence. 

A noninvasive, point of care diagnostic adjunct capable of distinguishing 

dysplastic or cancerous lesions from benign lesions and guiding clinicians to the 

optimal biopsy site could decrease unnecessary biopsies and reduce 

underdiagnosis. Existing adjuncts, including brush biopsy, toluidine blue, 

acetowhitening, and autofluorescence imaging (AF) do not have sufficient accuracy 

or, in the case of brush biopsy, do not provide results at the point of care.22,24 



 35 
 

 

AF is based on the premise that dysplastic progression leads to alterations in 

the concentration of native tissue fluorophores, including NADH, FAD, collagen, 

elastin, and protoporphyrin IX, and altered light scattering due to changes in 

epithelial thickness and nuclear morphology. Empirically, dysplastic tissue exhibits 

a large loss in green autofluorescence (driven primarily by reduction of collagen 

fluorescence) and a small increase in red autofluorescence (driven by endogenous 

porphyrins).30,52,57 Perceptually, the fluorescence of nonsuspicious tissue appears 

bright and suspicious tissue appears dark (known as “loss of fluorescence”). AF 

quickly assesses large fields of mucosa and detects dysplasia and cancer with high 

sensitivity, but its clinical utility is hampered by low specificity for benign 

inflammatory lesions, which comprise the majority of oral mucosal lesions 

presenting to general dental practitioners.58–60 

We developed a device called the high-resolution microendoscope (HRME) 

that has higher specificity than AF but only assesses 0.5 mm2 of mucosa at a 

time.48,49 The HRME is a fluorescence microscope coupled to a 0.79-mm-diameter 

optical fiber bundle. The distal tip of the fiber is placed in contact with the mucosa 

after topical application of the fluorescent dye proflavine. Proflavine stains nuclei, 

enabling the HRME to visualize nuclear morphology in the superficial epithelium, 

which is altered in high-grade dysplasia and cancer but not in benign inflammatory 

lesions. Previously, we imaged patients with oral lesions in both high- and low-risk 

populations using separate AF and HRME imaging systems and developed 

automated algorithms to calculate image features (normalized red to green (RG) 
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ratio from AF and number of abnormal nuclei/mm2 from HRME) that 

retrospectively distinguished high-grade dysplasia and cancerous sites from benign 

sites with high accuracy.53,54,61 

Based on these results, we propose a two-step imaging procedure to evaluate 

OPLs that combine the individual strengths of AF and HRME. First, AF is used to 

identify high-risk regions within the lesions with high sensitivity. Then, those 

regions are explored with the HRME to reduce false positives. This procedure could 

identify dysplastic or cancerous lesions and guide the clinician to the optimal biopsy 

site. To implement this procedure, methods must be developed to quickly identify 

high-risk regions by AF, alert clinicians to those regions, find those regions in the 

patient’s mouth, and precisely locate HRME image sites on AF images so that 

diagnostic information from both modalities can be combined. 

In this chapter, we develop a multimodal optical imaging system (MMIS) that 

fully integrates AF and HRME together with real-time image analysis. Key features 

include a heat map that delineates suspicious regions according to AF, an image 

registration algorithm that aligns AF and white-light images, and an efficient 

procedure to mark the location of HRME images. We then present representative 

results from ongoing clinical studies of the MMIS that demonstrate its potential to 

improve care for patients with oral lesions. 
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3.1. Materials and Methods 

3.1.1. Instrumentation 

The MMIS acquires widefield white-light reflectance (WL), widefield 

autofluorescence (AF), and HRME images. The instrument is connected by universal 

serial bus (USB) to a consumer touchscreen laptop that runs the multimodal 

imaging software. Arduino Nano microcontrollers are used for electronic control, 

and power is supplied through rechargeable lithium batteries and USB. The MMIS 

can be built with parts costing ∼$3000. 

Widefield WL and AF images are acquired as shown in Figure 3.1a with the 

optical setup shown in Figure 3.1b. AF images are acquired using 405-nm LED 

excitation light that passes through a 400-/40-nm bandpass filter, is reflected across 

a 425-nm dichroic mirror, and is focused on a beamsplitter before tissue excitation. 

Fluorescence emission passes through a 435-nm longpass filter and is focused onto 

a color CCD (Point Gray CMLN-13S2C-CS), which saves eight-bit RGB images. WL 

images are acquired with a white illumination LED. The resulting images have a 4.5-

cm-diameter field of view and 100-μm lateral resolution. Three manual controls are 

available on the instrument: a switch to toggle illumination on or off, a switch to 

alternate between WL and AF illumination, and a button to initiate an image-

acquisition sequence. 

HRME images are acquired as shown in Figure 3.1c using the optical setup 

shown in Figure 3.1d. Briefly, excitation light from a 460-nm LED passes through a 
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475-nm shortpass filter, is reflected across a 485-nm dichroic mirror, and is focused 

onto a 790-μm-diameter multimodal optical fiber bundle with 4.4-μm core-to-core 

spacing. Fluorescence emission travels through the fiber bundle, dichroic, 500-nm 

longpass filter, and is focused onto a monochrome CCD (Point Gray CMLN-13S2M-

CS). To acquire HRME images, the user places the tip of the fiber in gentle contact 

with the oral mucosa after topical application of sterile proflavine (0.01% w/v in 

PBS), a fluorescent dye that stains cell nuclei, with a cotton-tipped applicator. A foot 

pedal can freeze and unfreeze the image feed, and a switch on the instrument 

toggles the illumination on or off. 

 

Figure 3.1. Multimodal imaging system. (a) Acquisition of widefield WL and AF 

images of a patient’s OPL. Widefield acquisition occurs with the room lights 
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off; for visualization purposes, the lights were left on. The other MMIS 

components (touchscreen laptop and HRME instrumentation) are visible in 

the background. (b) Schematic diagram of widefield WL and AF optical 

instrumentation. (c) Acquisition of HRME images of a patient’s OPL. The tip of 

the fiber probe is placed in gentle contact with the OPL after topical 

application of proflavine dye. (d) Schematic diagram of HRME optical 

instrumentation. 

3.1.2. Multimodal Imaging Procedure and Software 

The MMIS software provides a user interface that fully integrates the 

acquisition, display, and real-time image analysis of WL, AF, and HRME images. 

Specifically, the MMIS software directs the clinician through the following steps: 

1. Acquire widefield WL and AF images of the lesion(s). 

2. Outline suspicious regions on touchscreen based on clinical impression and 

the processed AF image. 

3. Explore suspicious regions with HRME, saving images at desired locations. 

4. Identify locations of saved HRME images on touchscreen. 

5. Review full multimodal imaging results. 

Imaging is typically completed in 10 minutes. 
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3.1.2.1. Acquire widefield white-light and autofluorescence images of the 

lesion(s) 

The first step is to acquire widefield WL and AF images of the lesion(s). 

Lesions are imaged using the handheld instrumentation with room lights off, with 

another participant manually exposing the lesion (Figure 3.1a). When a satisfactory 

image frame is achieved, the user presses the acquisition button to save one WL 

image and two AF images with different preset exposure and gain settings. A single 

acquisition sequence lasts 0.94 seconds. A live focus bar helps the user acquire in-

focus images (see “Focus metric” paragraph of Section 3.1.3.1); in the case of motion 

blur due to movement from the user or the patient, the acquisition can be repeated. 

Multiple acquisitions can be performed if the patient has multiple lesions. The 

software displays the three images, and one of the two AF images is chosen by the 

user based on good FOV (lesion centered and adjacent normal mucosa visible), lack 

of motion blur, signal intensity within dynamic range, and good focus (Figure 3.2a). 

Background images without LED illumination are also acquired with the same 

exposure and gain settings as the AF images as part of the acquisition sequence and 

are automatically subtracted to eliminate the contribution of remaining ambient 

light. The clinician is then prompted to outline the mucosa on the WL image using 

the touchscreen to exclude nonmucosal objects such as teeth or retractors. 
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3.1.2.2. Outline regions based on clinical suspicion and autofluorescence 

heatmap on touchscreen 

In step two, the clinician outlines the most clinically suspicious regions 

within the lesion(s) on the WL image using the touchscreen laptop. Meanwhile, the 

WL image and selected AF image are processed. First, an image registration 

algorithm aligns the WL and AF images. The results are used to convert the outline 

of the mucosa (step 1) from WL to AF coordinates, which is used to calculate the 

normalized RG ratio at each pixel in the mucosa. The normalized RG ratio values are 

used to generate a heat map, which is converted from AF to WL coordinates and 

overlaid on the WL image displayed by the software. See Section 3.1.3.1 

(“Automated normalized RG ratio calculation, Heat map generation, and Widefield 

image registration algorithm” subsections) for technical details of these image 

processing algorithms. 

The clinician then outlines suspicious regions based on the heat map (Figure 

3.2b). To facilitate this, the software has three controls to adjust the display. The 

first control (“view” button) alternates the heat map overlay between the WL and 

AF images. The second control is a meter that adjusts the minimum normalized RG 

ratio of pixels highlighted by the heat map, allowing the clinician to adjust the AF 

threshold in real time. The third control (“heatmap” button) toggles the heat map on 

or off. 



 42 
 

 

The software then moves to the summary screen, an interactive display 

summarizing the multimodal imaging results. At this point, the summary screen 

shows the acquired images, outlined regions, and image analysis results. A widefield 

image (WL or AF) is displayed in the main image display on the left along with the 

outlined regions. A “view” button alternates between WL and AF in the image 

display. The bottom right of the summary screen contains dropdown menus and 

image analysis results. If multiple widefield acquisitions were performed in step 

one, a dropdown menu allows the clinician to select the particular acquisition to 

view results. A second dropdown menu allows the clinician to select an outlined 

region and view its normalized RG ratio, indication (WL or AF), and location. 

3.1.2.3. Explore outlined regions with high-resolution microendoscopy 

Step three is to explore the suspicious regions outlined in step two with the 

HRME probe. The user presses the “HRME mode” button on the summary screen 

and applies proflavine to the mucosa. The left image display shows the live HRME 

image feed, and the right image shows a widefield image—the “view” button 

alternates between WL and AF—with the outlined regions overlaid for easy 

reference. The clinician explores each outlined region with the HRME probe and 

presses the foot pedal to pause the feed at sites of interest. If the paused frame has 

motion artifact, the clinician can use arrow buttons to scroll through the 37 most 

recent frames, then press the button with the save symbol to select the image. The 

image analysis algorithm calculates the number of abnormal nuclei/mm2 in the 

selected image (see Section 3.1.3.2) and displays the result (Figure 3.2c). If the 
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clinician decides to save an image from a site, they then make an ink dot with a 

marking pen on the patient’s mucosa at the HRME site and can designate the 

indication for the image. After HRME images have been acquired to the clinician’s 

satisfaction, the “back” button is pressed to return to the summary screen. 

3.1.2.4. Locate high-resolution microendoscopy sites on touchscreen 

The goal of step four is to locate the HRME sites on the original AF images 

using the ink dots. From the summary screen, the clinician presses the “locate HRME 

sites” button and acquires another WL image, of similar orientation to the initial WL 

image, which includes the ink dots. The initial WL image is shown in the right image 

display for reference, and the focus bar helps ensure an in-focus image. After 

acquisition, the “ink dot” WL image is displayed on the right, and the initial WL 

image is displayed on the left. The clinician marks the HRME sites on the initial WL 

image, using the ink dot image as a reference, with the touchscreen. The HRME sites 

are converted from WL to AF coordinates to calculate their normalized RG ratio, 

based on a 17-pixel diameter circle. The normalized RG ratio at each HRME site is 

combined with its number of abnormal nuclei/mm2 for classification as benign or 

moderate dysplasia-cancer, using (47.1×normalized RG ratio)+(number of abnormal 

nuclei/mm2)=273.7 as a linear decision boundary (see Section 3.1.3.3). 

3.1.2.5. Review full multimodal imaging results 

The full multimodal imaging results are then interactively displayed in the 

summary screen (Figure 3.2d). In addition to the outlined regions, the widefield 
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image in the main image display is overlaid with circles representing sites where 

HRME images were obtained. Individual HRME sites can be selected from a 

dropdown menu to view the image (top right), its location, indication, normalized 

RG ratio, number of abnormal nuclei/mm2, and predicted diagnosis. 

The “exit” button closes the software and automatically saves a text file 

summarizing the MMIS session. The text file lists the imaged lesions, the selected AF 

image, the indication and normalized RG ratio of outlined regions, and finally the 

location, imaging features, and predicted diagnosis of HRME sites. All acquired 

images are also saved, along with versions including overlays of the heat map, 

outlined regions, and HRME site locations, and binary masks of the outlined regions. 

This record keeping makes the MMIS results fully reproducible. 

 

Figure 3.2. MMIS software during multimodal imaging of an OPL patient. For 

improved visualization, the brightness of panels (a), (b), and (d) has been 
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increased. (a) WL image (left) and two AF images (right) acquired during a 

single acquisition sequence. Dialog box allows the user to image additional 

lesions. (b) AF-based heat map overlaid on the WL image (left); suspicious 

regions based on the heat map (yellow outline) and clinical suspicion (green 

outline) are visible. The AF image is displayed for reference (top right). The 

heatmap meter (bottom right) can be adjusted so that the heat map highlights 

fewer pixels. (c) The HRME image (left) after image analysis (right). The meter 

(bottom right) displays the number of abnormal nuclei/mm2. (d) Summary 

screen following imaging procedure. The WL image is displayed (left) with 

suspicious regions and HRME site locations overlaid. Two dropdown menus 

are available to select a suspicion region or a probe site and view its 

normalized RG ratio, HRME risk score, and predicted diagnosis (bottom right). 

The HRME image corresponding to the selected probe site is displayed in the 

top right. 

3.1.3. Multimodal Imaging Algorithms 

3.1.3.1. Widefield image processing 

Focus metric. The focus metric displayed during widefield imaging equals the 

sum of the image gradients in a circular ROI concentric to and with half the radius of 

full FOV. The image gradient is determined by Sobel filtering the luminance plane 

from HSL color space in the x and y directions and calculating the magnitude at each 

pixel. The center of the ROI is determined by thresholding the luminance at 15 

(measured on a 0 to 255 scale) to isolate the FOV, then locating the centroid of the 

resulting binary image. 

The focus metric only considers a portion of the full FOV because the depth of 

the oral cavity may be greater than the instrument’s depth of field. Widefield images 
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are typically acquired with the lesion centered, so if the circular ROI is in focus, the 

lesion likely is also. 

Automated normalized red to green ratio calculation. The normalized RG ratio 

was calculated as previously described.54,61 Briefly, the normalized RG ratio of a 

group of pixels is equal to their mean RG ratio divided by the mean RG ratio of a 

region of normal mucosa. The RG ratio of a pixel equals its red intensity divided by 

its green intensity. Normalization accounts for variation in illumination conditions 

and interpatient variability in the autofluorescence of normal tissue. 

The region of normal mucosa was defined as the 65×65 pixel square of 

mucosa with the lowest RG ratio. To identify this square, the RG ratio is calculated at 

each pixel within the mucosa, as outlined by the user. The resulting RG ratio image 

is filtered with a 65 × 65 averaging kernel. The pixel with the lowest value after 

filtering is the center of the square, and its value is the RG ratio of the normal region. 

Heat map generation. To generate the AF heat map, the normalized RG ratio 

of each pixel within the mucosa is calculated and blurred with a 9×9 Gaussian filter 

with SD=3. Pixels in the resultant image with a value >1.40 (“neoplastic threshold”) 

are assigned one of 64 colors from a colormap that transitions from black to red to 

yellow to white. The color white is assigned to all pixels with a value >2.20 

(“saturation threshold”). The other colors are assigned to pixels at 63 equally spaced 

intervals between 1.40 and 2.20. Pixels with a value <1.40 are not assigned a color 
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and are not overlaid by the heat map. These thresholds were selected based on data 

acquired in previous studies.53,54 

Widefield image registration algorithm. A multiscale algorithm that aligns 

pairs of widefield images—each consisting of one WL image and one AF image—

was developed with a training set of 40 image pairs and assessed with a test set of 

28 image pairs. The image pairs were previously acquired from patients with oral 

lesions at MD Anderson Cancer Center (MDACC) and The University of Texas School 

of Dentistry (UTSD), both in Houston, Texas, as part of Institutional Review Board 

(IRB)-approved protocols. 

The algorithm is based on mutual information (MI), a metric often used for 

multimodality medical image registration.62,63 The MI is equal to ℎ𝐴𝐹 + ℎ𝑊𝐿 − ℎ𝐴𝐹,𝑊𝐿 

where ℎ𝐼  is the entropy of image 𝐼 and ℎ𝐼,𝐽 is the joint entropy of images 𝐼 and 𝐽. For 

an eight-bit image 𝐼, ℎ𝐼 = − ∑ 𝑝𝐼(𝑖) log 𝑝𝐼(𝑖)255
𝑖=0 , where 𝑝𝐼(𝑖) is the probability that a 

pixel in 𝐼 has intensity 𝑖. For two equally sized eight-bit images 𝐼 and 𝐽, ℎ𝐼,𝐽 =

− ∑ ∑ 𝑝𝐼,𝐽(𝑖, 𝑗) log 𝑝𝐼,𝐽(𝑖, 𝑗)255
𝑗=0

255
𝑖=0 , where 𝑝𝐼,𝐽(𝑖, 𝑗) is the probability that the intensity 

at a randomly selected pixel in image 𝐼 is 𝑖 and the intensity at the same pixel in 

image 𝐽 is 𝑗. Conceptually, better aligned images have higher 𝑝𝐼,𝐽(𝑖, 𝑗) and thus 

higher MI. 

First, the widefield images are preprocessed, consisting of conversion to 

grayscale, cropping to the square inscribed in the circular FOV, and blurring with a 

5×5 Gaussian lowpass filter with SD=2. Next, a 3-D plot of MI for x and y translations 
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ranging from −100 to +100 pixels with a step size of four pixels is calculated. A 

preliminary, low-resolution translation is determined by selecting one of the local 

maxima of the MI plot based on its MI value and the gradient of its neighboring 

pixels. Specifically, the Sobel gradient magnitude of the MI plot is blurred with a disk 

filter modified to have a center value of zero. The modification is necessary so that 

only neighboring pixels contribute. The local maximum with the highest blurred 

gradient is identified, and all local maxima with a blurred gradient at least 95% of 

the maximal blurred gradient are retained. The retained local maximum with the 

highest MI is selected as the preliminary translation. 

To improve precision, a 3-D plot of MI for x and y translations ranging 

from−4 to +4 pixels with a step size of 1 centered at the preliminary translation is 

calculated. The translation with the maximal MI is chosen as the final, high-

resolution translation. The algorithm was written in Python 3.6 and compiled as an 

executable. The runtime is ∼10 seconds; parallel processing is used during MI 

calculations to improve efficiency. 

To test the algorithm, six pairs of control points were manually selected for 

each pair of images in the 28 image pair test set. Then, the root mean square 

distance (RMSD) between the location of the control points in the WL image and the 

AF image was calculated for each image pair before and after registration. 
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3.1.3.2. High-resolution microendoscopy image processing 

HRME images were processed with a previously described algorithm.49,54 

Briefly, the algorithm segments individual nuclei and classifies them as abnormal or 

normal based on their area and eccentricity. Segmentation is performed by first 

removing large areas of debris, enhancing image contrast and converting the result 

to a binary image, separating clustered nuclei with watershed segmentation, and 

finally removing smaller debris. The remaining objects are considered nuclei, and 

are classified as abnormal if their area is above 200 μm2, or if their area is above 

170.8 μm2 and their eccentricity is above 0.705. Otherwise, they are classified as 

normal. This classification is then used to calculate the number of abnormal 

nuclei/mm2. 

3.1.3.3. Multimodal imaging classification algorithm 

In a previous study, sites in patients with oral lesions were imaged with AF 

and HRME.54 The normalized RG ratio and number of abnormal nuclei/mm2 were 

calculated retrospectively, and a linear classifier was trained using linear 

discriminant analysis. Since that study was published, newer versions of the AF 

instrumentation (introduced here) and the HRME instrumentation49 were 

developed. We conducted a similar study using the updated instrumentation 

(unpublished) and updated the linear threshold. This updated threshold was used 

prospectively in the MMIS, which classifies sites as “dysplasia or cancer” if 
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(47.1 × normalized RG ratio) + (number of abnormal nuclei/mm2) ≥ 273.7, and as 

“benign” otherwise. 

3.1.4. Patient Imaging 

Imaging of human subjects with the MMIS was performed in accordance with 

IRB-approved protocols at MDACC and the UTSD, both in Houston, Texas. Written 

informed consent was obtained from all subjects prior to imaging. 

Patients with at least one oral lesion were identified and assessed by an 

experienced head and neck surgeon at MDACC or an experienced oral pathologist at 

UTSD. The clinician then decided on their clinical management (surgery, biopsy, or 

no biopsy) per standard of care. Next, the patients were evaluated with the MMIS, as 

described in the previous section. Finally, the clinicians performed biopsies or 

surgery per standard of care, and also had the option to biopsy patients based on 

MMIS results. Biopsies were 4 mm in diameter and were processed with standard 

MDACC or UTSD procedures with subsequent review by a study pathologist. 

3.2. Results 

3.2.1. Multimodal Imaging Algorithms 

Figure 3.3 illustrates a successfully registered widefield image pair (Figure 

3.3a and b) from the test set. The red circles are centered at the locations of the six 

control points. The images were preprocessed (Figure 3.3c and d), and MI versus xy 
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translation was plotted (Figure 3.3e). The local maximum (arrow) was selected as 

the preliminary translation. In this example, the gradient information did not affect 

the preliminary translation because the local maxima with the highest MI also had 

the highest gradient. The translation was refined at a higher resolution (Figure 3.3f, 

arrow). Figure 3.3g shows the distance between the locations of the control points 

in the WL and AF images before registration (open circles, RMSD 2.54 mm) and after 

registration (filled circles, RMSD 0.18 mm). Boxplots of the control point RMSD for 

all 28 test set image pairs before and after registration are shown in Figure 3.3h. 

Registration decreased the median RMSD from 1.44 to 0.17 mm. 

 

Figure 3.3. Image registration algorithm that aligns pairs of widefield WL and 

AF images. (a) and (b) Example of a WL and AF image pair. The centers of the 

red circles represent control points. (c) and (d) WL and AF images after 

preprocessing. (e) MI versus x and y translation at a low resolution. The 

preliminary translation is indicated by the arrow. Units have been converted 

from pixels to millimeters. (f) MI versus x and y translation at a high 

resolution, centered at the preliminary translation. The final translation is 

indicated by the arrow. Units have been converted from pixels to millimeters. 

(g) Distance between corresponding control points before (open circles) and 
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after (filled circles) registration, indicating successful registration. (h) 

Boxplots of the RMSD between corresponding control points for the 28 test set 

image pairs before and after registration. 

Figure 3.4 shows an image pair (Figure 3.4a and b) for which the gradient 

information was necessary for successful registration. After preprocessing (Figure 

3.4c and d), the local maxima (Figure 3.4e, filled arrow) was selected as the initial 

translation and was refined to a final translation (Figure 3.4f, arrow) at a high 

resolution. Registration decreased the control point RMSD from 0.96 (Figure 3.4g, 

open circles) to 0.20 mm (Figure 3.4g, filled circles). Unlike the first example, the 

local maximum with the highest MI (Figure 3.4e, open arrow) was not selected as 

the initial translation. The gradient information was needed to select the correct 

local maxima. 

 

Figure 3.4. Example of image registration where the gradient information was 

necessary for successful registration. (a) and (b) WL and AF image pair. The 

centers of the red circles represent control points. (c) and (d) WL and AF 
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images after preprocessing. (e) Mutual information versus x and y translation 

at a low resolution. The preliminary translation is indicated by the filled 

arrow. Note that this translation was not the local maxima with the highest MI 

(unfilled arrow). It was selected based on its large gradient. Units have been 

converted from pixels to millimeters. (f) Mutual information versus x and y 

translation at a high resolution, centered at the preliminary translation. The 

final translation is indicated by the arrow. Units have been converted from 

pixels to millimeters. (g) Distance between corresponding control points 

before (open circles) and after (filled circles) registration, indicating 

successful registration. 

3.2.2. Patient Imaging 

Selected, representative patients from ongoing studies of the MMIS are 

presented to illustrate its potential clinical benefit. 

Figure 3.5 shows the use of the MMIS on an MDACC patient with a right 

ventral tongue lesion. The head and neck surgeon suspected cancer, and the patient 

was evaluated with the MMIS immediately prior to a scheduled surgical resection. 

The widefield images shown in Figure 3.5a (WL) and Figure 3.5b (AF) were 

acquired, and the surgeon outlined a clinically suspicious region (green outline). An 

additional suspicious region based on the heat map (Figure 3.5c and Figure 3.5d, red 

outline) was also identified. The regions overlapped almost exactly. Three HRME 

images were saved; sites 1 and 2 were within both regions, and site 3 was along the 

border (Figure 3.5e and Figure 3.5f). Sites 1 and 2 had abnormal appearing nuclei 

and were diagnosed by the MMIS as “dysplasia or cancer” (site 1: normalized RG 

ratio of 2.18 and number of abnormal nuclei/mm2 of 277; site 2: normalized RG 

ratio of 2.52 and number of abnormal nuclei/mm2 of 223). Site 3, with a normalized 
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RG ratio of 1.33 and number of abnormal nuclei/mm2 of 206, was identified by the 

MMIS as “benign,” although it was very close to the decision boundary. All three 

sites were within the surgically resected specimen. Sites 1 and 2 were pathologically 

diagnosed as squamous cell carcinoma, and site 3 was pathologically diagnosed as 

mild dysplasia. Therefore, in this patient, the MMIS results, surgeon’s clinical 

impression, and pathologic diagnoses were all in close accord. 

 

Figure 3.5. Use of MMIS on a patient immediately prior to surgical resection. 

(a) and (b) WL and AF image of lesion suspicious for cancer and scheduled for 

surgical resection. A clinical region, identified by a head and neck surgeon, 

was outlined (green). (c) and (d) WL and AF image including heat map overlay. 

An additional suspicious region based on the heat map was outlined (red). (e) 
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and (f) WL and AF images, with HRME sites indicated by white dots. (g), (h), 

and (i) HRME images acquired from the sites indicated in panels (e) and (f), 

with corresponding pathologic diagnosis. 

Figure 3.6 shows the use of the MMIS on a patient with a history of oral 

squamous cell carcinoma presenting to the MDACC clinic with leukoplakias on the 

right and left ventral tongue. Clinically, the lesions were not of sufficient concern to 

warrant a biopsy based on standard of care. The MMIS evaluated both the right 

ventral tongue (results not shown) and the left ventral tongue. The widefield images 

of the left ventral tongue are shown in Figure 3.6a (WL) and Figure 3.6b (AF). The 

surgeon outlined two regions based on clinical appearance (green outlines) and a 

third region based on the heat map (Figure 3.6c and Figure 3.6d, red outline). The 

HRME probe revealed abnormal appearing nuclei throughout the regions. Two 

HRME images were saved (Figure 3.6g and Figure 3.6h) and located (Figure 3.6e 

and Figure 3.6f). Analysis revealed an elevated number of abnormal nuclei/mm2 of 

255 and 319 at sites 1 and 2, respectively, both of which were diagnosed by the 

MMIS as “dysplasia or cancer.” Based on the MMIS results, the surgeon biopsied the 

mucosa at site 2, which revealed moderate to focal severe dysplasia. Therefore, in 

this patient, the MMIS identified focal severe dysplasia that would not have been 

detected by standard of care. 
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Figure 3.6. Example of MMIS identifying focal severe dysplasia that would not 

otherwise have been identified. (a) and (b) WL and AF images of lesion. Two 

clinical regions were outlined (green). A biopsy was not clinically indicated. 

(c) and (d) WL and AF images including heat map overlay. An additional 

suspicious region based on the heat map was outlined (red). (e) and (f) WL 

and AF images, with HRME sites indicated (white dots). (g) and (h) HRME 

images acquired from the sites indicated in panels (e) and (f). A biopsy was 

acquired at site 2 based on the MMIS results and revealed moderate-to-focal 

severe dysplasia. 

Figure 3.7 shows the use of the MMIS on a patient presenting to UTSD clinic 

with a left ventral tongue leukoplakia. The oral pathologist felt the lesion was of 

sufficient concern to warrant a biopsy based on standard of care. The MMIS 

acquired the widefield images shown in Figure 3.7a (WL) and Figure 3.7b (AF) (no 
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clinically suspicious regions were outlined). A heat map was generated and adjusted 

to display fewer pixels (Figure 3.7c and Figure 3.7d). A heat map region was 

outlined (Figure 3.7c and Figure 3.7d, red outline). Four HRME images within the 

region (Figure 3.7g–j), all with normal appearing nuclei, were saved and located 

(Figure 3.7e and Figure 3.7f, white circles). Although the normalized RG ratios at all 

four sites were elevated (range: 1.90 to 2.08), their low number of abnormal 

nuclei/mm2 (range: 62 to 92) downgraded their MMIS diagnoses to “benign.” The 

biopsy included all four sites and revealed benign chronic lichenoid mucositis with 

reactive atypia. Therefore, in this patient, the MMIS could have prevented an 

unnecessary biopsy. 
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Figure 3.7. Example where MMIS could potentially have prevented an 

unnecessary biopsy. (a) and (b) WL and AF images of lesion. A biopsy was 

clinically indicated, although no clinically suspicious regions were outlined. 

(c) and (d) WL and AF images including heat map overlay. An additional 

suspicious region based on the heat map was outlined (red). (e) and (f) WL 

and AF images, with four HRME sites indicated (white dots). (g), (h), (i), and (j) 

HRME images acquired from the four sites indicated in panels (e) and (f). The 

biopsy included all four sites and was diagnosed as benign. 

3.3. Discussion 

In this paper, we developed the MMIS to evaluate oral lesions. WL and AF 

images are used to macroscopically identify suspicious regions, which are explored 

at higher resolution with the HRME. The MMIS integrates image acquisition, display, 

and real-time image analysis from all three modalities to predict pathologic 

diagnosis at imaged sites. We then present representative examples from ongoing 

clinical studies that illustrate the potential clinical role of the MMIS. In the first 

example, the MMIS, expert clinical impression, and pathology were all in close 

accord. In the second example, the MMIS resulted in a biopsy that would not have 

been performed otherwise, that revealed focal severe dysplasia. Although the biopsy 

was acquired at site 2, which was selected based on both the MMIS results and the 

clinical impression, a biopsy at site 1, which was identified based on the heat map, 

could also have revealed dysplasia. In the third example, the MMIS diagnosed a 

lesion as benign; it was biopsied based on clinical suspicion for dysplasia and 

confirmed as benign. Together, these examples demonstrate how the MMIS could 

improve patient care. The MMIS can provide automated image interpretation that 
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may be helpful for less-experienced clinicians; it can improve the ability to 

recognize areas of dysplasia, and it can help avoid unnecessary biopsies. 

The automated, integrated image analysis of the MMIS overcomes a number 

of challenges associated with optical imaging. It is challenging to correlate the 

appearance of the mucosa under AF imaging with its appearance to the naked eye. 

To address this, we developed a registration algorithm that aligns the WL and AF 

images with a simple translation. With registration, the clinician can use the WL 

image instead of the AF image to outline the mucosa, outline clinically suspicious 

regions, outline suspicious regions with the heat map, and locate HRME sites. 

Registration accuracy could be improved by assuming a more complex 

transformation, but the median misalignment after registration corresponds to only 

a few hundred microns (Figure 3.3h), a smaller distance than the precision with 

which HRME probes are manually placed. 

The ideal diagnostic adjunct requires minimal training to use and interpret. 

This criterion is particularly important if the adjunct is to be used by nonspecialists. 

Toward this goal, the MMIS uses validated, automated algorithms to classify imaged 

sites as benign or moderate dysplasia-cancer. However, clinical judgment does still 

play a role. The clinician identifies the lesions that are to be evaluated by the MMIS. 

Clinical judgment is also used to outline the clinically suspicious regions and the 

heat map regions. Previous studies have shown that normal gingival and buccal 

mucosa can have increased red fluorescence.52–54,61 These regions can be falsely 

highlighted by a heat map with a single threshold. Imaging artifacts such as light 
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reflected off the metal instruments used to expose the lesion and shadows can also 

alter the heat map. Trained users can recognize these artifacts and outline regions 

accordingly. For patients with larger lesions, the mucosa initially highlighted by the 

heat map may be too large to fully explore with the HRME probe. The user can 

decrease the size of the heat map until it is feasible, but this could introduce 

interoperator variability. 

In summary, the MMIS is a minimally invasive, point-of-care diagnostic 

adjunct with the potential to help clinicians decide whether an oral lesion should be 

biopsied and to select a biopsy site. These improvements could decrease the global 

oral cancer burden. Future work will focus on continuing to image OPL patients so 

that the MMIS’s ability to evaluate oral lesions can be assessed systematically. The 

additional data could also be used to compare the ability of clinical impression to 

autofluorescence in identifying sites with altered nuclear morphology and improve 

the diagnostic algorithms. Improvements to the instrumentation, such as utilizing 

ring light AF illumination to decrease shadows, and additional software features, 

can also be made. 



 

 

Chapter 4 

A novel algorithm to quantify nuclear 

features and confidence intervals for 

classification of oral neoplasia from 

high-resolution optical images 

In vivo optical imaging technologies like confocal microscopy and high-

resolution microendoscopy (HRME) can image nuclei of the oral epithelium. In 

principle, automated algorithms can then calculate nuclear features to distinguish 

neoplastic from benign tissue. However, optical images frequently contain regions 

without visible nuclei, due to biological and technical factors, decreasing the data 

available to and accuracy of image analysis algorithms. We developed the Nuclear 

Density-Confidence Interval (ND-CI) algorithm to automatically classify high-

resolution images of the oral epithelium, including those containing regions without 

visible nuclei, as neoplastic or benign. The algorithm uses a convolutional neural 

network to exclude image regions without visible nuclei. Then, remaining regions 
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are used to estimate a confidence interval (CI) for the density of abnormal nuclei, a 

feature determined by segmenting nuclei and calculating their area and eccentricity. 

The magnitude of the CI determines whether an image can be classified with high 

confidence, and if so, the predicted classification. The ND-CI algorithm was 

prospectively evaluated on 184 HRME images from patients with oral lesions, and 

results were compared to gold-standard histopathology. Results demonstrate that 

excluding regions without visible nuclei and estimating the CI for the density of 

abnormal nuclei improves the classification performance of this feature. 

4.1. Introduction 

In recent years, in vivo optical microscopy devices that visualize subcellular 

tissue features have been utilized to distinguish cancerous and pre-cancerous tissue 

from benign tissue at a diverse range of anatomic sites.36,64–66 Compared to 

traditional tissue biopsies and histopathologic analysis, these devices are 

noninvasive and provide real-time results. Their potential applications span the 

spectrum of cancer care, from the diagnosis and surveillance of premalignant 

lesions, to margin delineation during surgical resections, and monitoring patients 

following treatment for recurrence. 

Reflectance confocal microscopy, confocal laser microendoscopy, and high-

resolution microendoscopy (HRME) are examples of optical microscopy 

technologies that have been shown to visualize the morphology of the nuclei in the 

oral epithelium.48,67–69 Because abnormal nuclear morphology is a key hallmark of 
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oral neoplasia, numerous clinical studies have demonstrated their potential to 

diagnose oral neoplasia.42,45,53,54,61,70–72  

To reduce subjectivity in image interpretation, automated algorithms have 

been developed to calculate statistical features of nuclei that correlate with 

neoplasia, like nuclear density, mean nuclear size and variance, nuclear eccentricity, 

and the nuclear-to-cytoplasm ratio.43,49,73 These features can then be used as inputs 

to machine learning algorithms that distinguish neoplastic tissue from benign tissue. 

For example, studies have shown that a feature called the number of abnormal 

nuclei per mm2, calculated from HRME images, can distinguish oral cancer and high-

grade dysplasia from benign tissue with high accuracy (the ND algorithm).49,74 

One limitation of in vivo microscopy in the oral mucosa is that images 

frequently contain regions without reliable information about nuclei. For example, 

leukoplakias, which are the most common oral premalignant lesion, contain a highly 

scattering keratin layer that overlies the epithelium and can prevent visualization of 

the sub-surface nuclei with good contrast.67–69 Leukoplakias may also contain non-

keratinized regions that are more amenable to analysis.18 Regions without visible 

nuclei can also occur due to technical imaging challenges. It can be difficult to 

maintain steady contact between confocal imaging probes, which are often rigid and 

bulky, and the oral mucosa, particularly in deeper areas of the mouth and in clinical 

settings where patients are not sedated.67,68 This can lead to motion blur or poor 

focus in all or a portion of an image. HRME, which utilizes a thin, flexible fiber-optic 

probe, is less prone but not immune to these issues. Other causes of poor image 
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contrast include uneven tissue surfaces, which can result in saturation of the image 

sensor or low signal intensity, and air bubbles in saliva.  

Due to the variety of possible causes, image analysis algorithms like the ND 

algorithm do not effectively exclude regions without visible nuclei, leading to 

feature values that do not accurately represent the tissue. Moreover, even if such 

regions could be excluded, analyzing an image with only a small region of reliable 

information may not yield sufficient information to make a diagnostic prediction 

with high confidence. It is not clear how to quantify the impact of the uncertainty in 

feature extraction on prediction accuracy. 

In this paper, we develop the Nuclear Density–Confidence Interval (ND-CI) 

algorithm to classify high-resolution images of the oral epithelium, including those 

containing regions without visible nuclei, as neoplastic or benign. The algorithm 

extracts information only from regions in which nuclei are adequately visualized, 

and makes diagnostic predictions only if accurate prediction is likely. The diagnostic 

performance of the ND-CI algorithm is then compared to the ND algorithm using a 

set of 184 HRME images acquired from patients with oral lesions, using 

histopathology as the gold standard. 
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4.2. Methods 

4.2.1. High-Resolution Microendoscopy 

The HRME uses a fluorescence microscope and a 790 µm diameter fiber-optic 

probe to acquire high-resolution images of the nuclei in the superficial oral 

epithelium.49 Neoplasia, which is diagnosed histopathologically, is associated with 

crowded, large, eccentric, and pleomorphic nuclei.75 Figure 4.1 shows four examples 

of HRME images acquired from oral lesions. The circular fields of view (FOVs) 

correspond to the areas imaged with the fiber-optic probe; superficial epithelial 

nuclei are visible as white round/oval structures. The image shown in Figure 4.1A 

was acquired from tissue that was histopathologically diagnosed as benign; the 

nuclei are small, round, and evenly spaced. In contrast, the image shown in Figure 

4.1B was acquired from histopathologically confirmed neoplasia; the nuclei are 

crowded, large, eccentric, and more variable in size and shape.  
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Figure 4.1. Comparison of the original ND and new ND-CI algorithms on 

example HRME images from the test set. A-D) Representative HRME images 

and corresponding histopathological diagnoses. E-H) Results of the original 

ND algorithm, which does not exclude regions without visible nuclei. Yellow 

outlines represent nuclei classified as normal, and red outlines represent 

nuclei classified as abnormal. The number of abnormal nuclei per mm2 

(#Abn/mm2) and classification result are also shown. I-L) Hand segmentation 

delineating regions with visible nuclei (black) and without visible nuclei 

(white). Background areas are gray. M-P) The predictions of the CNN, using 

the same color scheme as panels I-L. Q-T) Results of  the new ND-CI algorithm, 

which uses the CNN predictions (panels M-P) to exclude regions without 

visible nuclei (dimmed for ease of visualization). The color scheme is the same 

as panels E-H. The #Abn/mm2 in the visible nuclei regions, the 90% CIs for the 

#Abn/mm2, and classification results are also shown. 
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4.2.2. ND Algorithm 

The ND algorithm calculates a feature called the number of abnormal nuclei 

per mm2 from HRME images.49 The algorithm identifies individual nuclei within an 

image and classifies each as normal or abnormal based on its size and eccentricity. 

The number of abnormal nuclei per mm2 is simply the density of these abnormal 

nuclei, and a decision boundary of 189 abnormal nuclei per mm2 is used to 

distinguish neoplastic from benign tissue. The results of the ND algorithm on the 

four examples are shown in the second column of Figure 4.1 (Figure 4.1E-H); nuclei 

classified as normal are outlined in yellow, and nuclei classified as abnormal are 

outlined in red. The number of abnormal nuclei per mm2 in the first two images was 

121 and 259 (Figure 4.1E-F), respectively, indicating that the algorithm result 

agreed with the histopathological diagnosis in both cases. 

Unfortunately, HRME images often contain regions without visible nuclei, as 

illustrated in the third column of Figure 4.1 (Figure 4.1I-L). White represents 

regions without visible nuclei, black represents regions where nuclei are clearly 

visible, and gray represents background outside the active area of the probe. The 

first image has several regions where the image intensity exceeded the camera 

dynamic range and the image is saturated; these regions likely correspond to areas 

of tissue with overlying debris that is highly scattering (Figure 4.1I). The second 

image has a saturated region at the top right and a dim region, possibly due to poor 

contact between the probe and tissue surfaces, near the center (Figure 4.1J). The 

third image (Figure 4.1C) has low contrast in much of the image, except for a region 
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extending from its center to 5’oclock (Figure 4.1K). The final image (Figure 4.1D) 

was obtained from a highly keratinized region and it is difficult to visualize any 

nuclei. 

The ND algorithm attempted to segment all regions of the images, including 

dim, saturated, and keratinized regions; information from these regions resulted in 

misclassification of the images shown in Figure 4.1C and D. The image in Figure 4.1C 

was histopathologically diagnosed as neoplasia but was misclassified as benign 

(Figure 4.1G) because the density of abnormal nuclei in the low contrast regions 

was lower than in regions of the image with high contrast. The image in Figure 4.1D 

was histopathologically benign but was misclassified as neoplastic (Figure 4.1H), 

because a large number of abnormal nuclei were falsely identified in the keratinized 

region. 

4.2.3. ND-CI Algorithm 

The ND-CI algorithm (Figure 4.2) addresses these limitations of the ND 

algorithm. The first step is to identify the image regions containing visible nuclei. 

Probabilistic methods are then used to calculate a 90% confidence interval (CI) for 

the true value of the number of abnormal nuclei per mm2 using only these regions. 

The CI is then compared to the decision boundary of 189: if the full range is above 

the decision boundary (𝐶𝐼high > 𝐶𝐼low > 189), then the image is classified as 

neoplastic; if the full range is below the decision boundary (𝐶𝐼low < 𝐶𝐼high < 189), 

then the image is classified as benign. However, if the CI includes the decision 
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boundary (𝐶𝐼low < 189 < 𝐶𝐼high), then the image cannot be classified with 

confidence because the CI spans more than one diagnostic category.  

 

Figure 4.2. Flowchart of the ND-CI algorithm 

4.2.3.1. HRME Image Acquisition 

To develop the ND-CI algorithm, a databank of HRME images was acquired 

from the oral mucosa of 169 patients with oral lesions as part of protocols approved 

by the Institutional Review Boards at Rice University, MD Anderson Cancer Center, 

and the UTHealth School of Dentistry, all in Houston, Texas. Written informed 

consent was acquired before imaging. A head and neck surgeon (A.G.) or an oral 

pathologist (N.V.) examined the patients, who were presenting for regularly 

scheduled clinic visits or for surgical resection of their oral lesion(s), then saved 

HRME images at sites of interest. After imaging, clinically indicated biopsies or 

surgical resections were performed, and the resulting tissue specimens were 
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processed and diagnosed histopathologically in accord with standard clinical 

procedures and diagnostic criteria. Images with a histopathological diagnosis of 

high-grade dysplasia or cancer were considered neoplastic; otherwise, they were 

considered benign. 

4.2.3.2. Identification of Regions with Visible Nuclei 

The first step in the ND-CI algorithm (Figure 4.2) is to identify regions with 

visible nuclei. To accomplish this, we trained, validated, and tested a convolutional 

neural network (CNN) that classifies each pixel within an HRME image as “visible 

nuclei”, “no visible nuclei”, or “background.” 

Images in the databank were partitioned into training, validation, and test 

sets with a 50/20/30 split. A ground truth classification of “visible nuclei”, “no 

visible nuclei”, or “background” was assigned to each pixel of each image. Pixels 

outside the circular FOV were considered “background.” Pixels within the FOV were 

classified as “visible nuclei” or “no visible nuclei” based on hand segmentation by 

one of the authors (E.Y.). 

The CNN architecture was based on the U-Net, a fully convolutional neural 

network architecture popular for semantic segmentation.76,77 The U-Net consists of 

an encoder path, which captures image context information, and a decoder path, 

which provides localization information.78 To develop the CNN, multiple 

hyperparameters were explored, including the optimization algorithm, the learning 

rate, L2 regularization, and data augmentation with horizontal and vertical 
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reflections. Various architectures, including the number of layers, the channel depth 

of the layers, and use of batch normalization layers,79 were also explored. Each 

network was trained to minimize the cross-entropy loss, averaged across pixels in 

the FOVs, using mini-batches of one image. The contribution of “no visible nuclei” 

and “visible nuclei” pixels to the loss were weighted in proportion to their 

prevalence in the training set. “Background” pixels were already known and 

therefore did not contribute to the loss. The validation set cross-entropy loss was 

calculated at each epoch as the networks were trained, which continued at least 

until the validation loss reached a minimum. Networks were trained in Python 3.6 

using the Pytorch 0.4.0 framework on a Linux desktop with two Nvidia GeForce GTX 

1080 Ti GPUs. 

The network with the minimal validation set loss was selected as the final 

network (Figure 4.3A). This network first preprocessed the input HRME image by 

transforming its pixel intensities from a range of [0,1] to [−1,1] using the formula 

𝑖new = 2(𝑖old − 0.5), where 𝑖 was the pixel intensity (thick, unfilled right arrow). The 

preprocessed array was fed into the encoder path (Figure 4.3A, left half), which 

consisted of five repetitions of a six-layer group (thick, filled right arrows), with 2x2 

maxpool layers (thick, filled down arrows) between each repetition. The six-layer 

group consisted of two repetitions of a 3x3 convolution layer with zero padding, a 

batch normalization layer, and a ReLU layer. The first convolution layer in each six-

layer group modified the channel depth; the first convolution layer in the first six-
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layer group increased the channel depth from 1 to 32, and the remaining four each 

doubled the channel depth. 

 

Figure 4.3. CNN architecture and training. A) CNN architecture based on the U-

Net. The arrows represent the layers of the CNN, and the rectangles represent 

the arrays outputted by the layers. The length of each rectangle corresponds 

to the height and width of the array, and the width of each rectangle 

represents the channel depth of the array. The channel depth is also displayed 

numerically above each rectangle. The HRME image (top left rectangle) is 

preprocessed, then fed into the encoder path (left half) and the decoder path 

(right half). The output (top right rectangle) is a mask of the predicted 

classifications for each pixel. B) The cross-entropy loss of the selected CNN for 

the training and validation sets during training. The validation set loss was 

minimal at epoch 38 (arrow). 

The output of the encoder path was fed into the decoder path (Figure 4.3A, 

right half), which consisted of a 2x2 deconvolution layer (thick, filled up arrow), 

followed by four repetitions of the six-layer group, with additional deconvolution 

layers between repetitions. The deconvolution layers halved the channel depth, and 

their outputs were concatenated to the encoder path array with the same channel 

depth (dotted arrows) before the next six-layer group. Unlike the encoder path, the 
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first convolution in the six-layer groups halved rather than doubled the channel 

depth. 

Next, a 1x1 convolution layer (thin, right arrow) decreased the channel depth 

from 32 to 3, such that each of the remaining channels represented one of the three 

classes (“visible nuclei”, “no visible nuclei”, “background”). This 3-channel array was 

postprocessed (thick, gray right arrow) to generate the final classification mask. 

Because its height and width were smaller than those of the input image due to the 

border pixels lost in the convolutions, bilinear interpolation was used to upsample 

the array to the height and width of the original input image. The softmax function 

was then applied to the “visible nuclei” and “no visible nuclei” channels to predict 

the probability that each pixel was “visible nuclei” or “no visible nuclei.” The 

probabilities were binarized at 0.5, and background pixels were set as 

“background”. CNN parameters were optimized with the Adam algorithm80 with 𝛼 =

104, 𝛽1 = 0.9, and 𝛽2 = 0.999. No data augmentation or L2 regularization was used. 

The final, trained CNN was used to classify pixel types in every image in the 

databank. Because the test set was not used to train or validate the final CNN, the 

test set predictions were fully prospective. To evaluate CNN performance, three 

metrics were calculated: the sensitivity, the specificity, and the intersection over 

union (IoU). The sensitivity was defined as the fraction of “no visible nuclei” pixels 

that were correctly classified, and the specificity was defined as the fraction of 

“visible nuclei” pixels that were correctly classified. The IoU is a summary metric 

that equals the average of the IoU of the two classes (“visible nuclei” and “no visible 
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nuclei”). The IoU of each class is equal to the number of pixels of that class that are 

correctly classified, divided by the number of pixels that are, or are predicted to be, 

of that class. “Background” pixels were not considered in performance evaluation. 

4.2.3.3. Confidence Interval Estimation Formula 

The second step in the ND-CI algorithm (Figure 4.2) is to use the regions of 

the image with visible nuclei to calculate the CI for the “true” number of abnormal 

nuclei per mm2, had nuclei been visible in the entire FOV. To accomplish this, we 

developed a formula to estimate the CI, then performed an experiment to validate 

the formula. 

The number of abnormal nuclei per mm2 within the regions with visible 

nuclei is �̂�(�̂� �̂�⁄ ), where �̂� is the proportion of the nuclei in the regions that are 

abnormal, �̂� is the total number of nuclei within the regions, and �̂� is the area of the 

regions in mm2. Note that �̂� and �̂� are calculated using the methods of the ND 

algorithm. Using these definitions, the density of nuclei within the regions equals 

(�̂� �̂�)⁄ . Similarly, the true number of abnormal nuclei per mm2 equals 𝑝(𝑛 𝐴⁄ ), where 

𝑝, 𝑛, and 𝐴 represent the same quantities in the full FOV. Then, the uncertainty in the 

true number of abnormal nuclei per mm2 is due to uncertainty in the proportion of 

nuclei that are abnormal (if 𝑝 ≠ �̂�) and uncertainty in the density of nuclei (if 𝑛 𝐴⁄ ≠

�̂� �̂�⁄ ). To derive the formula for the CI, we assume that 𝑛 𝐴⁄ = �̂� �̂�⁄ , and estimate the 

uncertainty in 𝑝 by modeling abnormal nuclei as a binomial distribution and 

utilizing the Clopper-Pearson exact method for binomial proportion CIs,81 which 
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calculates a CI for 𝑝 at an arbitrary confidence level using �̂� and �̂�. Then the desired 

CI (𝐶𝐼low to 𝐶𝐼high) for the true number of abnormal nuclei per mm2 is 𝑝low(�̂� �̂�⁄ ) to 

𝑝high(�̂� �̂�)⁄ . 

To validate this formula, we selected 48 HRME images that had visible nuclei 

throughout the entire FOV and therefore had a known true number of abnormal 

nuclei per mm2. These images were selected to have a diverse range of nuclear 

morphologies; the original ND algorithm classified 24 as benign, and 24 as 

neoplastic. 240,000 circular ROIs were randomly generated within these 48 HRME 

images. The 240,000 circular ROIs consisted of 200 ROIs at random locations for 

each of 25 possible radii, for each of the 48 images (200*25*48=240,000). The 

possible radii ranged from 41 pixels to the radius of the full FOV, and the center of 

each ROI was located such that the ROI was fully within the FOV of the image. To 

accomplish this, the center of each ROI was randomly located from the circle 

concentric to the FOV with radius (𝑅FOV − 𝑅ROI), where 𝑅FOV and 𝑅ROI were the 

radius of the FOV and the ROI, respectively. An ROI with a center outside this circle 

would not be fully contained within the FOV. 

The nuclei within each ROI were used to estimate CIs for the true number of 

abnormal nuclei per mm2 for the whole FOV using the formula at several confidence 

levels (50%, 60%, 70%, 80%, 90%). The percentage of the CIs that included the true 

number of abnormal nuclei per mm2, also called the coverage probability, was then 

calculated for each confidence level. The CI formula is valid if the coverage 

probability is equal to the intended confidence level. 
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4.2.3.4. Testing the ND-CI Algorithm 

With both components developed, the full ND-CI algorithm was assessed by 

comparing its diagnostic accuracy on the validation and test sets to that of the ND 

algorithm. Histopathology, where available, was used as the gold standard. 

4.3. Results 

4.3.1. Identification of Regions with Visible Nuclei 

The image databank consisted of 811 HRME images. 405 images were 

assigned to the training set, 162 images to the validation set, and 244 images to the 

test set (Table 4.1). Eighty one percent of the FOVs were found to contain visible 

nuclei based on hand segmentation, distributed roughly evenly among the three 

sets. 

Table 4.1. Image Databank 

 
Number of 

Images 
Percentage of the FOVs of the 

Images with Visible Nuclei 
Training Set 405 83% 

Validation Set 162 77% 

Test Set 244 81% 
Total 811 81% 

 

Figure 4.3B shows the cross-entropy loss of the selected CNN for the training 

set (solid line) and validation set (dotted line) during training. The training set loss 
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decreased throughout training. The validation set loss reached a minimum at epoch 

38 (arrow), after which overfitting occurred and the loss increased. The 

performance of the CNN was highest for the training set and slightly lower for the 

validation and test sets, indicating a slight overfit (Figure 4.4). The sensitivities for 

the training/validation/test sets, respectively, were 0.84/0.74/0.78, the specificities 

were 0.92/0.89/0.84, and the IoUs were 0.75/0.69/0.63. 

 

Figure 4.4. CNN Performance. The sensitivity, specificity, and intersection over 

union of the CNN in distinguishing pixels from regions with visible nuclei and 

regions with no visible nuclei. Regions with no visible nuclei were considered 

the positive class to calculate the sensitivity and specificity. 

4.3.2. Confidence Interval Estimation Formula 

Figure 4.5A shows one of the 48 HRME images selected to validate the CI 

formula. Note that nuclei are visible in the entire FOV. Three of the 240,000 
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randomly positioned circular ROIs generated for this image, each with a different 

radius, are shown (white circles). 

The coverage probabilities are plotted as a function of ROI area in Figure 

4.5B for each of the intended confidence levels, which are indicated by the 

horizontal dotted lines. Except for ROIs with areas <0.07 or >0.75, the coverage 

probabilities were close to the intended confidence levels, indicating that the CI 

formula is valid. ROIs with areas <0.07 or >0.75 had coverage probabilities greater 

than the intended confidence level, indicating that the CIs are overestimated. 

 

Figure 4.5. Experimental validation of confidence interval estimation. A) 

Example of an HRME image selected to validate the CI formula. The white 

circles are examples of the circular ROIs randomly generated within this 

image. B) The coverage probability, plotted as a function of ROI area 

(expressed as a fraction of the area of the full FOV), for each of the intended 

confidence levels (horizontal dotted lines). 
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4.3.3. Testing the ND-CI Algorithm 

4.3.3.1. Results on Example Images 

The final two columns of Figure 4.1 show the results of the ND-CI algorithm 

applied to the example images, all of which were in the test set. Results of the CNN 

are shown in the fourth column of Figure 4.1 (Figure 4.1M-P). Most of the saturated 

regions in the first image were correctly identified by the CNN, although the 

saturated region at the bottom was slightly larger than necessary (Figure 4.1M). The 

saturated and dim regions in the second image were also correctly excluded, 

although the dim region identified by the CNN was larger than that identified by 

hand (Figure 4.1N). The CNN also correctly identified the low contrast region in the 

third image (Figure 4.1O), although the exact borders differed slightly. Finally, the 

CNN correctly determined that the vast majority of the fourth image did not have 

visible nuclei. 

The final column of Figure 4.1 (Figure 4.1Q-T) shows nuclei identified in 

regions with visible nuclei. The number of abnormal nuclei per mm2 and 90% CIs 

for the images were 111 (86 to 139), 258 (216 to 303), 204 (158 to 256), and 60 (3 

to 248). Therefore, two of the images were classified correctly, as benign (Figure 

4.1Q) and neoplasia (Figure 4.1R), while the other two images could not be 

classified with confidence. 

Like the original ND algorithm, the ND-CI algorithm correctly classified the 

first two images. However, the ND-CI algorithm addressed issues that caused the 
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original ND algorithm to misclassify the third and fourth images. By excluding the 

low contrast region of the third image, the ND-CI algorithm determined that the 

number of abnormal nuclei per mm2 was actually above the decision threshold, 

although the image ultimately could not be classified because the CI included the 

threshold. The CI for the fourth image was very broad after excluding almost the 

entire image, which also resulted in a “cannot classify with confidence” result. 

4.3.3.2. Comparison of ND Algorithm with ND-CI Algorithm 

Of the 406 images in the validation and test sets, 184 had a corresponding 

histopathological diagnosis. Of these, the ND algorithm classified 106 images as 

benign and 78 images as neoplastic. 75% (80/106) of the images classified as 

benign were histopathologically benign, and 54% (42/78) of the images classified as 

neoplastic were histopathologically neoplastic (Figure 4.6). The ND-CI algorithm 

classified 83 of the images as benign, 40 images as neoplastic, and could not classify 

with confidence 61 images. Seventy eight percent (65/83) of the images classified as 

benign were histopathologically benign, and 65% (26/40) of the images classified as 

neoplastic were histopathologically neoplastic, a higher accuracy than the original 

ND algorithm (Figure 4.6). Of the 61 images that could not be classified with the ND-

CI algorithm, 24 were histopathologically neoplastic, representing 35% of all 

histopathologically neoplastic images. If the results of the ND-CI algorithm had been 

available in real time, it could signal the provider to acquire additional images from 

the same area with the goal of achieving a sufficiently small CI to predict tissue type 

with the desired level of confidence. 
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Figure 4.6. Positive and negative predictive values of the ND algorithm and 

ND-CI algorithm 

4.4. Discussion 

In this paper, we developed the ND-CI algorithm to classify high-resolution 

optical images of the oral epithelium, including those containing regions without 

visible nuclei, as benign or neoplastic. 

The first step of the algorithm was to train a CNN to exclude regions without 

visible nuclei with good performance on a prospective test set. The example images 

(Figure 4.1) demonstrated that the CNN learned to exclude several types of regions, 

including saturated, dim, keratinized, and low contrast regions. Motion blur, optical 

distortion, and air bubble regions were successfully excluded in other images not 

shown. Despite these successes, room for improvement remains. Some of the 

prediction masks had sharp edges and small, noisy regions, which could be 

addressed with postprocessing steps like removing regions below a size threshold 
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or smoothing region borders. Performance could also potentially be improved by 

exploring the use of transfer learning or more state-of-the-art network 

architectures.78,82–84 

We then developed and validated a formula that used the visible nuclei to 

estimate the CI for the density of abnormal nuclei. For ROIs with an area between 

7% and 75% of the full FOV, the coverage probabilities of the CIs approximately 

equaled the desired confidence levels, confirming the formula’s validity. However, 

for small and large ROIs, the coverage probabilities were greater than the 

confidence levels.  

These deviations can be contextualized by examining the two assumptions 

used to derive the formula: 1) 𝑛 𝐴⁄ = �̂� �̂�⁄   (ie., the nuclear density in the full FOV 

equals the nuclear density in the regions with visible nuclei), and 2) that abnormal 

nuclei can be accurately modelled with a binomial distribution. When the regions 

containing visible nuclei are small, nuclear density could differ due to chance.  The 

second assumption, that abnormal nuclei follow a binomial distribution, was used to 

estimate a CI for 𝑝, the proportion of nuclei in the full FOV that are abnormal. The 

binomial distribution describes successes in samples drawn from an infinite 

population. For finite populations, the binomial distribution is still accurate if the 

sample size is small relative to the population size. For high-resolution images, the 

population is the nuclei in the FOV, samples are composed of visible nuclei, and a 

success is an abnormal nucleus. Because the number of nuclei in an image (ie., the 

population) is finite, the binomial assumption loses accuracy for images with visible 
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nuclei regions that are large relative to the area of the full FOV, resulting in 

excessively broad CI estimates for 𝑝. This could explain why the coverage 

probabilities in the validation experiment were larger than desired for large ROIs. 

The hypergeometric distribution, which describes successes in samples drawn from 

a finite population, would be a better model of abnormal nuclei. However, 

techniques to calculate hypergeometric proportion CIs are poorly established, 

complicated to implement, and computationally expensive.85 Alternatively, 

correction factors applied to the binomial distribution for finite populations meant 

to approximate the hypergeometric distribution86,87 could improve the coverage 

probabilities. 

Images with a CI that included the decision boundary were excluded from 

classification by the ND-CI algorithm. This concept of classification with a reject 

option has been explored in other literature88–90; however, the rejection criteria 

used by other authors differs from the CI approach used here. In those works, 

observations with feature(s) of interest (or a posterior probability calculated from 

the features) within some intermediate range of values (or probabilities) are 

rejected because they cannot be classified with certainty. While useful, these 

approaches do not account for the uncertainty in the value of the feature itself, 

which the CI approach is based on. 

Overall, the ND-CI algorithm had better performance than the original ND 

algorithm, when evaluated on 184 HRME images with a known histopathologic 

diagnosis. As shown in Figure 4.1 and Figure 4.6, the improved performance was 
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due to the region exclusion leading to a more accurate number of abnormal nuclei 

per mm2, and the 90% CI estimates enabling the exclusion of images for which 

classification with confidence was not possible. However, the ND-CI algorithm could 

not classify one-third of the images. This tradeoff between classification 

performance and the number of excluded images can be tuned by adjusting the CNN 

binarization probability and/or the CI confidence level. If the results of the ND-CI 

algorithm were available in real time, the provider could acquire additional images 

at regions that cannot be classified with confidence in an attempt to image a greater 

number of visible nuclei. 

The ND-CI algorithm represents an important step towards translating in 

vivo optical microscopy of oral lesions into clinical practice. The algorithm enables 

images with keratinized tissue and other commonly-encountered defects to be 

automatically analyzed, which will reduce the time that clinicians need to acquire 

images, and decrease the likelihood of a false negative result. Although this paper 

was focused on images acquired by HRME, the same types of challenges are 

encountered in reflectance confocal imaging and confocal laser microendoscopy. 

More broadly, the general framework of the algorithm, in which region exclusion is 

combined with CI calculation, is applicable to in vivo microscopy technologies at 

other anatomic sites, if the features of interest are statistical properties of the 

imaged biological structures.



 

1Text adapted from: Yang, E. C. et al. Prospective evaluation of oral 
premalignant lesions using a multimodal imaging system: a pilot study. Head & Neck. 
42, 171-179 (2020). 

Chapter 5 

Prospective Evaluation of Oral 

Premalignant Lesions using a 

Multimodal Imaging System: A Pilot 

Study1 

Background: Multimodal optical imaging, incorporating reflectance and 

fluorescence modalities, is a promising tool to detect oral premalignant lesions in 

real-time. Methods: Images were acquired from 171 sites in 66 patient visits for 

clinical evaluation of oral lesions.  An automated algorithm was used to classify 

lesions as high- or low-risk for neoplasia. Biopsies were acquired at clinically 

indicated sites and those classified as high-risk by imaging, at the surgeon’s 

discretion. Results: Twenty sites were biopsied based on clinical examination or 

imaging.  Of these, twelve were indicated clinically and by imaging; 58% were 

moderate dysplasia or worse. Four biopsies were indicated by imaging evaluation 
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only; 75% were moderate dysplasia or worse. Finally, four biopsies were indicated 

by clinical evaluation only; 75% were moderate dysplasia or worse. Conclusion: 

Multimodal imaging identified more cases of high-grade dysplasia than clinical 

evaluation, and can improve detection of high grade precancer in patients with oral 

lesions. 

5.1. Introduction 

There are over 300,000 new cases of oral cancer each year55, and the stage at 

diagnosis is the best predictor of survival. In the United States, the 5-year mortality 

for localized oral cancer is 83%, compared to only 39% after distant metastasis.91 

Unfortunately, most patients are diagnosed at a late stage, leading to an overall 

mortality rate of approximately 50%.  

Oral premalignant lesions (OPLs), most commonly leukoplakia and 

erythroplakia, are oral mucosal lesions with the potential to undergo malignant 

transformation to oral cancer, making them a promising target to reduce oral cancer 

mortality. OPLs exhibit widespread variability in their malignant transformation 

rates.92 Clinicians acquire tissue biopsies to identify OPLs with high-grade dysplasia, 

which are at greatest risk for progression and may be managed with surgical 

excision or aggressive surveillance.93 However, it is challenging to optimally select 

which OPLs to biopsy and to select a biopsy location, particularly for patients with 

large, multifocal, or heterogeneous lesions.18,94 Several diagnostic adjuncts have 

been investigated to aid in OPL evaluation, including vital stains such as toluidine 



 87 
 

 

blue95,96, brush biopsies97,98, salivary tests99,100, light-based adjuncts such as 

macroscopic autofluorescence imaging (AF)52,101,102, and in recent years, in-vivo 

microscopy techniques.40,42,69,103 Unfortunately, no adjunct has been shown to have 

sufficient diagnostic accuracy for high-grade dysplasia and cancer to warrant 

routine use.22,23,69 

Recently, we developed a multimodal imaging system (MMIS) which 

integrates traditional white-light (WL) evaluation with AF and high-resolution 

microendoscopy.74 AF measures the native tissue autofluorescence of the patient’s 

mucosa using blue excitation light. Dysplastic changes are associated with altered 

stromal collagen structure, increased epithelial scattering, and angiogenesis that 

lead to a large loss of blue-green autofluorescence with occasional gains in red 

autofluorescence.30,104 AF can be used to quickly assess large fields of mucosa with 

high sensitivity for high-grade dysplasia and cancer.52 Unfortunately, inflammation 

leads to a similar loss of AF, reducing specificity.30,61 To improve specificity, we 

developed the high resolution microendoscope (HRME) to image changes in nuclear 

morphology.48,49 The HRME is a fiber optic fluorescence microscope which images 

epithelial nuclear morphology following topical application of the fluorescent dye 

proflavine. Because altered nuclear morphology is a key hallmark of dysplasia, the 

HRME can be used to detect high-grade dysplasia and cancer with high sensitivity 

and specificity.53,54,61  

The MMIS acquires and processes WL and AF images to identify the most 

suspicious regions within a lesion with high sensitivity. HRME images from the 
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suspicious regions are then acquired and processed to improve specificity. An 

integrated user interface controls image acquisition and display, and performs 

automated image analysis in real-time to classify sites as high risk or low risk for 

neoplasia. The algorithms were developed in previous studies, in which features 

from separate AF and HRME imaging systems were retrospectively calculated and 

combined with linear thresholds to accurately distinguish high-grade dysplasia and 

cancer from benign tissue.53,54,61  

In this pilot study, we used the integrated MMIS to prospectively evaluate 

OPL patients under surveillance for malignant transformation at M.D. Anderson 

Cancer Center in Houston, Texas. Patients were first clinically evaluated per 

standard of care by an experienced head and neck surgeon, then were evaluated 

with the MMIS. Biopsies were performed if clinically indicated or based on the MMIS 

evaluation, at the surgeon’s discretion. We compare the results of clinical evaluation, 

MMIS evaluation, and histopathology (where available) at imaged sites. 

5.2. Materials and Methods 

5.2.1. Human Subjects 

The clinical study was performed at MD Anderson Cancer Center (MDACC) in 

Houston, TX, in accord with recognized ethical guidelines using protocols approved 

by the Institutional Review Boards at both MDACC and Rice University (Houston, 

TX). Patients 18 years or older presenting with at least one oral lesion, either as new 
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patients or as part of regularly scheduled surveillance visits, were recruited. Written 

informed consent was obtained from all subjects prior to imaging. 

5.2.2. Study Procedure 

The study procedure is summarized in Figure 5.1A.  

 

Figure 5.1. Study Procedure. A) Flowchart of study procedure. A head and neck 

surgeon assessed patients with oral lesion(s) per standard of care, and 

determined the appropriate clinical management plan. The lesion(s) were 

then evaluated using the MMIS. Finally, interventions were performed if 

indicated by the clinical management plan. Additional biopsies were acquired 

based on MMIS evaluation, at the clinician’s discretion. B) Schematic of MMIS 

evaluation. Clinically suspicious regions (green outline) and AF heat map 

suspicious regions (red outline) were identified. These regions were explored 

with the HRME, and images were saved at representative sites (white dots). 

5.2.2.1. Clinical Evaluation per Standard of Care 

A head and neck surgeon with expertise in oral lesions performed a standard 

of care clinical evaluation, including visual examination and palpation of the oral 

cavity to identify and assess oral lesions.  
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5.2.2.2. Determination of Clinical Management Plan 

Following clinical evaluation, the surgeon decided on the clinical 

management plan. Management was categorized into three groups: 1) biopsy; 2) 

surgical resection; or 3) no biopsy or surgical resection. If a biopsy was indicated, 

the biopsy site was also determined. Patients whose management was “surgical 

resection” had lesions that were so suspicious that a negative biopsy would be 

interpreted as selection bias due to nonoptimal site selection.  

5.2.2.3. MMIS Evaluation 

Next, patients were evaluated with the MMIS, which acquires, displays, and 

performs automated real-time analysis of macroscopic white-light reflectance (WL), 

macroscopic autofluorescence (AF) images, and high-resolution microendoscope 

(HRME) images. The imaging hardware is connected by USB to a touchscreen laptop, 

which runs the MMIS software. The MMIS has been previously described in detail49; 

selected details are also provided in the “MMIS Hardware and Automated Analysis” 

section. 

Figure 5.1B schematizes the MMIS evaluation procedure, which typically 

required <10 minutes. The first step was to acquire macroscopic WL and AF image 

pairs of the oral lesion(s), and to use the results to identify the most suspicious 

region(s) within the lesion(s). Multiple image pairs could be acquired for patients 

with multiple lesions. For each image pair, the WL image was displayed on the MMIS 

laptop, then the surgeon outlined the most suspicious region(s) based on clinical 
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evaluation using the touchscreen (Figure 5.1B, green outline). Next, the MMIS 

processed the AF image to generate an interactive risk heat map, based on a feature 

called the normalized Red:Green (RG) ratio, that was overlaid on the WL image. 

Generating the heat map overlay required the surgeon to outline the mucosal area of 

the WL image while the software used an automated image registration algorithm to 

align the WL and AF images with a geometric translation. In some cases, user error 

in outlining the mucosa or failure of the registration algorithm resulted in an 

incorrect heat map; these images were excluded from the subsequent analysis. The 

surgeon used the heat map overlay to outline suspicious region(s) based on AF 

(Figure 5.1B, red outline). AF signal from the dorsal tongue was not used in 

outlining regions because the normal dorsal tongue frequently emits bright red 

autofluorescence.  

The surgeon explored the outlined suspicious regions (based on clinical 

evaluation and the heat map) with the HRME, saving representative images (Figure 

5.1B, white dots) at HRME measurement sites. An HRME image was always saved at 

any biopsy sites that were part of the clinical management plan. For reference, in 

some cases the surgeon also saved HRME images at clinically normal sites adjacent 

to the lesion. After each HRME image was saved, the Number of Abnormal 

Nuclei/mm2, an HRME feature elevated in high-grade dysplasia and cancer, was 

automatically calculated and displayed. During the calculation, the surgeon provided 

a clinical impression of the HRME site in one of three categories: 1) normal mucosa, 

2) abnormal mucosa, low risk, or 3) abnormal mucosa, high risk. At some sites, the 
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HRME was unable to visualize nuclei due to the presence of a superficial keratin 

layer or granulation tissue; if saved, these images were excluded from subsequent 

analysis. 

After HRME image acquisition, the surgeon located the HRME sites on the WL 

image using the touchscreen. The MMIS used a linear classifier combining the 

normalized RG ratio and Number of Abnormal Nuclei/mm2 to classify each site as 

“high risk” or “low risk”. If more than one HRME image was acquired at the same 

site, the worst classification amongst the images was used to evaluate the site.  

5.2.2.4. Perform Possible Interventions 

Sites with a clinical management plan of “biopsy” received four millimeter 

diameter punch biopsies immediately following MMIS evaluation. The surgeon also 

had the option to acquire punch biopsies at sites with a clinical management plan of 

“no biopsy or surgery” but an MMIS classification of “high risk”. Biopsies were 

processed and interpreted by MDACC pathologists per standard procedure. Patients 

whose clinical management was “surgical resection” were scheduled for surgery at a 

later date.  

5.2.3. MMIS Hardware and Automated Analysis  

5.2.3.1. Hardware 

Macroscopic WL and AF images were acquired as shown in Figure 5.2A, with 

room lights off. The user initiated image acquisition by pressing a button on the 
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instrument. AF images were acquired using blue 405 nm LED excitation light; 

fluorescence emission travelled through a 435 nm longpass filter and was focused 

onto a color CCD camera. WL images were acquired using a white light LED for 

illumination. The focal length was set to achieve a 4.5 cm diameter field of view with 

100 µm lateral resolution.  

HRME images were acquired as shown in Figure 5.2B. The user topically 

applied proflavine (0.01% w/v in PBS), a fluorescent dye that stains cell nuclei, to 

the mucosa with a cotton-tipped applicator. Then, the tip of a multimodal optical 

fiber bundle with 790 µm diameter and 4.4 µm core-to-core spacing was gently 

placed in contact with the oral mucosa. Excitation light from a 460 nm LED was 

focused onto the proximal end of the fiber. The fiber coupled the excitation light 

through the fiber to the oral mucosa, and the resulting fluorescence emission from 

the mucosa back through the fiber, where it was filtered and focused onto a 

monochrome CCD. A foot pedal paused and un-paused the live HRME image feed. 
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Figure 5.2. Multimodal Imaging System. A.) Macroscopic WL and AF image 

acquisition. Image acquisition occurs with the room lights off; for visualization 

purposes the lights were left on. The laptop and HRME are visible in the 

background. B.) HRME image acquisition. The probe is gently touched to the 

mucosa after topical application of proflavine dye. The laptop and 

macroscopic imaging instrumentation are visible in the background. 

5.2.3.2. Heat Map 

The MMIS generated a heat map to identify suspicious regions based on AF74. 

The normalized RG ratio, defined as the ratio between the red and green intensity 

within the mucosa of interest divided by the same quantity within a normal region 

of mucosa, was calculated at each pixel and blurred with a Gaussian filter. Pixels 

with a normalized RG ratio ≥1.40 were assigned to a color from a colormap that 

transitioned from black to red to yellow to white. All pixels with a normalized RG 

ratio greater than 2.20 were assigned white. Pixels with a normalized RG ratio <1.40 

were not assigned a color, and therefore not highlighted by the heat map.  

5.2.3.3. Number of Abnormal Nuclei/mm2 Algorithm 

The Number of Abnormal Nuclei/mm2 algorithm identified individual nuclei 

within the image and was used to classify each nucleus as normal or abnormal 

based on its area and eccentricity.74 Nuclei with an area > 200 µm2, or with an area > 

170.8 µm2 and eccentricity > 0.705, were considered abnormal. The Number of 

Abnormal Nuclei/mm2 was defined as the density of abnormal nuclei. 
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5.2.3.4. Risk Classification 

The MMIS classified sites for which 47*(normalized RG ratio) + (Number of 

Abnormal Nuclei/mm2) > 273 as “high risk”.74 Sites that did not meet this criteria 

were “low risk”. 

5.3. Results 

5.3.1. Patient Population 

Table 5.1 summarizes the study population. 38 patients, of which 28 were 

male, were evaluated at 66 individual clinic visits. Patient age ranged from 35 to 80 

with a median of 59. 21 patients had a history of tobacco use, 20 had a history of 

oral cancer, and 8 had a history of radiation treatment. 

Table 5.1. Patient Population 

Number of Patients 38 

Total Visits 66 

Median Age 
59 

(Range: 35-80) 

Sex  

Male 28 

Female 10 

Smoking or Tobacco History  

Yes 21 

No 17 
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History of Oral Cancer  

Yes 20 

No 18 

History of Radiation Treatment  

Yes 8 

No 30 

 

5.3.2. Images Acquired 

90 macroscopic WL and AF image pairs were acquired at 65 visits, with 1 to 3 

image pairs acquired per visit. (Macroscopic images were not acquired at one visit 

due to a hardware issue.) For two image pairs, proflavine was mistakenly applied to 

the mucosa before image acquisition, interfering with the autofluorescence signal. 

Eight image pairs did not have an accurate real-time heat map overlay, due to user 

error in outlining the mucosa (2) and failure of the image registration algorithm (6). 

These image pairs were excluded, leaving 80 image pairs from 61 visits. 

188 HRME measurement sites were acquired from sites within these 80 

image pairs. At three sites, the AF signal was invalid due to location on the dorsal 

tongue (1) and visualization of the site using a mirror (2). Seven HRME images did 

not contain nuclei, because they were of keratin (6) or granulation tissue (1). These 

sites were excluded, leaving 178 HRME measurement sites associated with 80 

macroscopic image pairs from 61 visits.  

Three visits, in which four macroscopic image pairs and seven HRME 

measurement sites were acquired, had a clinical management plan of “surgical 
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resection”. These images were also excluded because the surgical resection 

boundaries were not determined until the surgery, so it was not possible to 

determine the clinical management plan at individual HRME measurement sites. 

Therefore, the final analysis included 171 sites from 76 macroscopic image pairs 

from 58 visits.  

5.3.3. Patient Visit Example 

Figure 5.3 is an example of a visit in which the MMIS evaluation led to a 

biopsy that would not have been acquired under the standard of care. The patient 

presented with a right ventral tongue lesion, and the clinical management was “no 

biopsy or surgical resection”. The MMIS acquired macroscopic WL and AF images of 

the lesion (Figure 5.3A-B). The surgeon outlined two suspicious regions based on 

clinical evaluation (posterior and anterior green outlines). The heat map was 

overlaid on the images (Figure 5.3C-D), based on which three suspicious regions 

(posterior, middle, and anterior red outlines) were outlined. The posterior heat map 

region overlapped with the posterior clinical region, and the middle heat map 

region partially overlapped with the anterior clinical region. The anterior heat map 

region did not overlap with any of the clinical regions.  

The regions were explored with the HRME, and HRME images (Figure 5.3G-I) 

were saved at three sites (Figure 5.3E-F, white circles), all of which had a clinical 

impression of “abnormal mucosa, high risk”. Sites 1 and 2 were classified as “low 

risk” by the MMIS (normalized RG ratio and Number of Abnormal Nuclei/mm2 of 
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1.53/16 and 1.38/147, respectively). Site 3, which was located within the anterior 

heat map region but neither of the clinical regions, was classified as “high risk” 

(normalized RG ratio and Number of Abnormal Nuclei/mm2 of 1.61/265). Based on 

the MMIS classification, the surgeon biopsied Site 3, which was diagnosed 

histopathologically as moderate dysplasia.  

 

Figure 5.3. Patient Visit Example. A-B) WL and AF image of a right ventral 

tongue lesion for which the clinical management plan was “no biopsy or 

surgical resection”. Two clinically suspicious regions (anterior and posterior 

green outlines) were outlined. Note: The brightness of both images was 

doubled to improve visualization. C-D) WL and AF image including heat map 

overlay. Three additional suspicious regions based on the heat map (anterior, 
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middle, and posterior red outlines) were outlined. E-F) WL and AF image, with 

location of HRME sites indicated (white dots). G-H) HRME images acquired 

from Sites 1, 2, and 3, which had a clinical impression of “abnormal, high risk”. 

Their MMIS classifications were low risk, low risk, and high risk, respectively. 

A biopsy was acquired at Site 3 due to the MMIS evaluation, and revealed 

moderate dysplasia. 

5.3.4. Results of Clinical Evaluation, MMIS Evaluation, and Histopathology 

The clinical impressions, clinical management plans, MMIS classifications, 

and available histopathological diagnoses for the 171 sites included in the analysis 

are summarized in Table 5.2.  

Table 5.2. Summary of Imaged Sites 

Clinical 
Impression 

Clinical 
Management 

Plan 

MMIS 
Classification 

# of 
Biopsied 

Sites 

Biopsy 
Yield* 

Normal Mucosa 
(49 sites) 

No Biopsy or 
Surgery 

(49 sites) 

Low Risk 
(49 sites) 

0 sites N/A 

Abnormal 
Mucosa, Low 

Risk 
(73 sites) 

No Biopsy or 
Surgery 

(72 sites) 

Low Risk 
(56 sites) 

0 sites N/A 

High Risk 
(16 sites) 

2 sites 
50% 
(1/2) 

Biopsy 
(1 sites) 

Low Risk 
(1 site) 

1 sites 
100% 
(1/1) 

Abnormal 
Mucosa, High 

Risk 
(49 sites) 

No Biopsy or 
Surgery 

(34 sites) 

Low Risk 
(18 sites) 

0 sites N/A 

High Risk 
(16 sites) 

2 sites 
100% 
(2/2) 
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Biopsy 
(15 sites) 

Low Risk 
(3 sites) 

3 sites 
67% 
(2/3) 

High Risk 
(12 sites) 

12 sites 
58% 

(7/12) 

 
*To calculate the biopsy yield, moderate dysplasia or worse was considered 

positive. 

The clinical impression was “normal mucosa” at 49 sites. At all these sites, 

the clinical management plan and MMIS classification were “no biopsy or surgery” 

and “low risk”, respectively. No biopsies were acquired. 

The clinical impression was “abnormal mucosa, low risk” at 73 sites. 72 of 

the 73 had a clinical management plan of “no biopsy or surgery”, and the MMIS 

classified 56 of the 72 as “low risk”. None of these sites were biopsied. The other 16 

sites were classified by the MMIS as “high risk”, and the surgeon chose to biopsy two 

of these sites based on the MMIS results. One site was moderate to focal severe 

dysplasia, and the other was mild dysplasia. There was one site with a clinical 

impression of “abnormal mucosa, low risk” but a clinical management plan of 

“biopsy”. The MMIS classified this site as “low risk”, but the biopsy revealed severe 

dysplasia. 

The clinical impression was “abnormal mucosa, high risk” at 49 sites. At 34 of 

these sites, the clinical management plan was “no biopsy or surgery”. The MMIS 

classified 18 of the 34 as “low risk”; these sites were not biopsied. The MMIS 

classified the remaining 16 sites as “high risk”. The surgeon chose to biopsy two of 
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these sites, both of which were diagnosed histopathologically as moderate 

dysplasia. 15 sites had a clinical impression of “abnormal mucosa, high risk”, and a 

clinical management plan of “biopsy”. The MMIS classified three of these sites as 

“low risk”, but the biopsies revealed squamous cell carcinoma, moderate dysplasia, 

and mild dysplasia. The MMIS classified the remaining 12 sites as “high risk”, and 

the biopsies revealed squamous cell carcinoma at one site, severe dysplasia or 

carcinoma-in-situ at five sites, moderate dysplasia at one site, mild dysplasia at four 

sites, and benign tissue at one site.  

Overall, 20 biopsies were acquired. Twelve were acquired from sites with a 

clinical management plan of “biopsy” and an MMIS classification of “high risk”, of 

which seven were moderate dysplasia or worse. Four biopsies were acquired from 

sites with a clinical management plan of “no biopsy or surgery” but an MMIS 

classification of “high risk”. Three were moderate dysplasia or worse, indicating that 

the MMIS identified high-grade dysplasia that would not have been identified by the 

standard of care alone. Four biopsies were acquired from sites with a clinical 

management plan of “biopsy” but an MMIS classification of “low risk”. Three were 

moderate dysplasia or worse, representing false negatives by the MMIS. Further 

examination of the severe dysplasia false negative revealed a tissue section with 3 

mm of normal mucosa and only 1 mm of severe dysplasia at the edge (Figure 5.4). 
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Figure 5.4. H&E slide of false negative site. The 4 mm punch biopsy (left panel) 

contained approximately 3 mm of histopathologically normal mucosa, and 

approximately 1 mm of severe dysplasia at the edge. The tissue in the black 

rectangle contains the severe dysplasia, which can be appreciated when 

viewed at a higher resolution (right panel). 

5.4. Discussion 

In this pilot study of the MMIS, a head and neck surgeon evaluated patients 

with OPLs per standard of care, and determined a clinical management plan. 

Patients were then evaluated by the MMIS, which classified imaged sites as “high 

risk” or “low risk”, and biopsies were acquired per the clinical management plan. 

Additional biopsies at sites classified as “high risk” by the MMIS were also acquired, 

at the surgeon’s discretion. 

 For most of the imaged sites, the clinical evaluation and MMIS evaluation 

were in accord. All 49 sites with a clinical impression of “normal mucosa” were 

classified by the MMIS as “low risk”. 57 of the 73 sites with a clinical impression of 

“abnormal mucosa, low risk” were classified by the MMIS as “low risk”. 28 of the 49 
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sites with a clinical impression of “abnormal mucosa, high risk” were classified by 

the MMIS as “high risk”, including 12 of the 15 “abnormal mucosa, high risk” sites 

that the surgeon biopsied as part of the standard of care.  

However, at sites where there was disagreement, the clinical management 

plan and MMIS evaluation each identified cases of high-grade dysplasia or cancer 

that the other did not. For example, the MMIS classified 32 sites with a clinical 

management plan of “no biopsy or surgery” as “high risk”. The surgeon chose to 

biopsy four of these sites, and three were moderate dysplasia or worse. An example 

was shown in Figure 2, where the MMIS identified abnormal nuclei within a region 

highlighted by the heat map, which led to a moderate dysplasia diagnosis. The 

pathology at the other 28 sites (ie., those classified by the MMIS as “high risk” but 

not biopsied) is unknown. The reasons the surgeon did not biopsy these sites varied. 

Some patients were biopsied at another site, and the surgeon did not want to 

acquire multiple biopsies in a single visit. Some patients’ lesions were not easily 

amenable to surgical resection, so knowledge of high-grade dysplasia would not 

alter management. Other factors included patient preference and time since a 

patient’s last biopsy. 

The opposite scenario, in which the clinical management plan called for a 

biopsy but the MMIS classification was “low risk”, occurred at four sites. Three were 

moderate dysplasia or worse, representing false negatives by the MMIS. The biopsy 

at one of these false negatives, a severe dysplasia site, had 3 mm of normal tissue 

and 1 mm of severe dysplasia. The diameter of the HRME probe is <1 mm, so the 
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false negative may have occurred because the probe was placed on the normal part 

of the biopsy site. The other two false negatives may have occurred due to the 

difficulty of accurately correlating imaging sites with biopsy sites. 

Overall, these results demonstrate that the MMIS can improve the clinical 

evaluation of OPLs by identifying high-grade dysplasia that would not have been 

identified by the standard of care. However, they also indicate that a negative MMIS 

result in a high-risk population may not be sufficient justification to avoid a 

clinically indicated biopsy. 

This study highlights the promise of the MMIS, but also reflects its status as 

an emerging technology that requires additional fine-tuning, further elucidation of 

its role in patient care, and randomized studies with larger sample sizes. The 

classification algorithm could also be improved as additional data are acquired. 

More broadly, the optimal role of the MMIS has yet to be determined. The false 

negatives in this study, which may have been the result of the HRME’s small field of 

view, suggest that a greater emphasis on mapping the lesion may be beneficial. 

Towards this goal, we have developed a “roller-ball” HRME which uses a ball lens to 

smoothly mosaic across the mucosa, increasing the field of view.105 Additionally, we 

recently demonstrated that AF has the potential to help clinicians surveil lesions 

over time31; with the additional microscopic information provided by the HRME, the 

MMIS could be even better suited for such an application. 

 



 

1Text adapted from:  Yang, E. C. et al. In Vivo Multimodal Optical Imaging: 
Improved Detection of Oral Dysplasia in Low-Risk Oral Mucosal Lesions. Cancer 
Prev. Res. (Phila). (2018). doi:10.1158/1940-6207.CAPR-18-0032 

Chapter 6 

In Vivo Multimodal Optical Imaging: 

Improved Detection of Oral Dysplasia 

in Low-Risk Oral Mucosal Lesions1 

Early detection of oral cancer and oral premalignant lesions (OPL) containing 

dysplasia could improve oral cancer outcomes. However, general dental 

practitioners have difficulty distinguishing dysplastic OPLs from confounder oral 

mucosal lesions in low-risk populations. We evaluated the ability of two optical 

imaging technologies, autofluorescence imaging (AFI) and high-resolution 

microendoscopy (HRME), to diagnose moderate dysplasia or worse (ModDys+) in 

56 oral mucosal lesions in a low-risk patient population, using histopathology as the 

gold standard, and in 46 clinically normal sites. AFI correctly diagnosed 91% of 

ModDys+ lesions, 89% of clinically normal sites, and 33% of benign lesions. Benign 

lesions with severe inflammation were less likely to be correctly diagnosed by AFI 

(13%) than those without (42%). Multimodal imaging (AFI+HRME) had higher 
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accuracy than either modality alone; 91% of ModDys+ lesions, 93% of clinically 

normal sites, and 64% of benign lesions were correctly diagnosed. Photos of the 56 

lesions were evaluated by 28 dentists of varied training levels, including 26 dental 

residents. We compared the area under the receiver operator curve (AUC) of clinical 

impression alone to clinical impression plus AFI and clinical impression plus 

multimodal imaging using k-Nearest Neighbors models. The mean AUC of the dental 

residents was 0.71 (range: 0.45–0.86). The addition of AFI alone to clinical 

impression slightly lowered the mean AUC (0.68; range: 0.40–0.82), whereas the 

addition of multimodal imaging to clinical impression increased the mean AUC 

(0.79; range: 0.61–0.90). On the basis of these findings, multimodal imaging could 

improve the evaluation of oral mucosal lesions in community dental settings. 

6.1. Introduction 

Oral cancer is a significant contributor to the global cancer burden. 

Worldwide, there are over 300,000 new cases of oral cancer each year, resulting in 

145,000 deaths55. Rates of oral cancer are particularly high in South Asia due to 

betel quid chewing2. Despite advances in management106, rates of survival have not 

improved significantly, with late-stage diagnosis being a major reason. In the United 

States, 65% of diagnoses occur after regional metastasis; these patients have a 50% 

five-year survival rate. In contrast, the five-year survival rate is 83% if oral cancer is 

diagnosed when localized91. Globally, survival rates for oral cancer are even lower 
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than in the United States107; late diagnosis is even more common in low- and 

middle-income countries. 

Most oral cancers are preceded by oral premalignant lesions (OPLs), a group 

of oral mucosal lesions including leukoplakia, erythroplakia, and submucous 

fibrosis3,108. OPLs containing dysplasia have a particularly high risk of malignant 

progression. Dysplasia ranges in grade from mild to moderate to severe, with worse 

grades having higher risk109. Early detection of oral cancers and dysplastic OPLs 

could dramatically improve outcomes. 

Over 60% of adults visit a dentist each year110, making routine dental care a 

promising setting in which to improve early detection. General dental practitioners 

(GDP) face two major barriers to improved early detection. First, the majority of 

oral mucosal lesions identified during routine dental visits are not OPLs and instead 

are benign confounders—innocuous inflammatory or reactive oral mucosal 

lesions58–60,111–114. Most GDPs lack the skills to distinguish OPLs from these benign 

confounders. In one study, 32 Spanish GDPs shown 50 photos of oral mucosal 

lesions and their clinical history discriminated oral cancer and OPLs from benign 

confounders with a 57.8% sensitivity and 53% specificity13. Second, even in the 

hands of expert providers, conventional oral exam (COE) cannot accurately 

distinguish dysplastic OPLs from nondysplastic OPLs. A recent meta-analysis 

concluded that COE had a 93% sensitivity but only a 31% specificity to distinguish 

dysplasia and cancer from benign lesions14. Therefore, biopsies are required for 

definitive diagnosis, but they are highly invasive, resource intensive, do not provide 
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immediate results, and often result in underdiagnosis due to sampling bias. In 

addition, many GDPs are reluctant to perform biopsies because of unfamiliarity with 

biopsy technique and lack of faith in choosing representative biopsy sites115–117. 

Diagnostic adjuncts capable of distinguishing OPLs from benign confounders, 

distinguishing dysplastic OPLs from nondysplastic OPLs, and guiding biopsies to the 

most abnormal part of a lesion could help GDPs better identify patients with high-

risk OPLs for diagnosis and referral. 

Current guidelines do not recommend commercially available point-of-care 

adjuncts such as toluidine blue, acetowhitening, and autofluorescence imaging 

(AFI)22,24, in part due to low accuracy in distinguishing OPLs from benign 

confounders. For example, AFI consists of the noninvasive, macroscopic imaging of 

native tissue fluorescence under blue excitation light. AFI has a high sensitivity for 

the detection of dysplasia and cancer, which are associated with loss of 

fluorescence. As dysplasia develops, increased epithelial metabolic activity, 

thickness, and scattering combined with stromal microvascularization and collagen 

crosslink degradation result in decreased blue–green fluorescence and occasional 

increased red fluorescence associated with protoporphyrins102,118. Our group has 

found that dysplasia and cancer are therefore associated with an elevated red to 

green fluorescence ratio relative to the same ratio in normal oral mucosa (called the 

normalized RG ratio)52. The major limitation of AFI is that benign lesions frequently 

demonstrate a loss of fluorescence similar to dysplasia and cancer, leading to false 

positives. Stromal inflammation, which is common in benign confounders, may be 
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responsible30. In one study of 126 patients with suspicious lesions, AFI had a 

sensitivity of 84.1% for oral dysplasia, but a specificity of only 15.3%119. This 

limitation is critical in community dental clinics, where benign confounders are 

more prevalent. 

Our group has developed a device called the high-resolution 

microcroendoscope (HRME) capable of identifying dysplasia and cancer in the oral 

mucosa, cervix, and esophagus49,53,54,120–122. The HRME is a flexible fiber optic 

fluorescence microscope that can image epithelial nuclei using the topical contrast 

agent proflavine48. Nuclear features of dysplasia and cancer such as increased 

nuclear to cytoplasm (NC) ratio and nuclear crowding are easy to assess in HRME 

images. The HRME images only the surface epithelium, resulting in improved 

specificity even in the presence of stromal inflammation53,54. However, the HRME 

has a <1 mm field of view, which is too small to assess an entire lesion. 

We hypothesize that combining AFI with HRME (“multimodal imaging”) 

could allow clinicians to exploit the advantages of each modality. With its large field 

of view, AFI could identify suspicious regions with high sensitivity followed by 

HRME imaging within those regions to improve specificity. Previous studies showed 

that the combination of normalized RG ratio and nuclear features from AFI and 

HRME images, respectively, accurately distinguished benign oral mucosa from 

moderate to severe dysplasia and cancer in patients receiving surgery for oral 

lesions, most of which contained cancer or high-grade dysplasia53,54. 
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The goal of this chapter was to explore the use of AFI and HRME in evaluating 

more common, low-risk oral mucosal lesions typically encountered in a general 

dental practice. First, we assessed the diagnostic performance of AFI and HRME 

individually and combined to detect moderate dysplasia to cancer in oral mucosal 

lesions, using histopathology as the gold standard, and in clinically normal mucosa. 

Then, dentists of varied training levels evaluated photos of these same lesions; we 

compared the area under the receiver operator curve (AUC) of their clinical 

impression alone to that of clinical impression plus AFI and to clinical impression 

plus both imaging modalities. 

6.2. Materials and Methods 

6.2.1. Human subjects 

The study was performed at the UTHealth School of Dentistry in Houston, TX 

(UTSD-Houston) in accordance with recognized ethical guidelines. Protocols were 

approved by the Institutional Review Boards at UTSD and Rice University (Houston, 

TX). Patients 18 years or older with at least one oral mucosal lesion were recruited. 

Written informed consent was obtained from all subjects. 

6.2.2. Instrumentation 

The AFI and HRME devices have been described previously53,54. The AFI 

device images a 4.5 cm diameter field of view (FOV) with a 100-μm lateral spatial 

resolution and collects images in two modes: reflectance imaging under white-light 
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illumination, and AFI under 405 nm excitation light. The HRME is a compact epi-

fluorescence fiber optic microscope with a 720-μm diameter field of view and 4.4 

μm lateral spatial resolution. Imaging occurs with 455 nm excitation light following 

topical application of 0.01% w/v proflavine, a fluorescent contrast agent that stains 

cell nuclei. The HRME collects data in 3-second videos at 10 frames per second. The 

devices were built using off-the-shelf components with a combined cost of 

approximately $5,000 and interface with a consumer-grade laptop. 

6.2.3. Clinical Data Collection 

6.2.3.1. Clinical evaluation. 

An oral pathologist with expertise in oral mucosal diseases (“expert 

clinician”) inspected the oral mucosa of subjects and identified one or more 

clinically abnormal areas defined as oral mucosal lesions. In some subjects, the 

expert clinician also identified areas of clinically normal mucosa, adjacent or distant 

to the lesion(s). The expert clinician then provided a clinical impression at each 

lesion and area of clinically normal mucosa using the following scale: (i) normal oral 

mucosa, (ii) oral mucosal lesion, not suspicious for dysplasia or cancer, (iii) oral 

mucosal lesion, suspicious for dysplasia or cancer, and (iv) cancer. 

6.2.3.2. Imaging procedure. 

The AFI device acquired a series of images at each lesion and area of 

clinically normal mucosa (henceforth known as “sites”) using both white-light 
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reflectance and autofluorescence modes. Room lights were turned off to minimize 

the effects of ambient light. Then, proflavine was applied to each site with a cotton-

tipped swab. The clinician placed the HRME probe directly on each site and acquired 

a series of videos. Because the probe has a small field of view, only a portion of the 

site was imaged. The HRME is insensitive to ambient light, so imaging was 

performed with room lights on. 

6.2.3.3. Histopathology. 

Biopsies were performed according to standard of care, independent of 

imaging. Tissue specimens were evaluated histopathologically using standard 

UTSD-Houston procedures and later reviewed by an expert oral pathologist. Each 

biopsy was categorized as benign (no dysplasia or mild dysplasia) or ModDys+ 

(moderate dysplasia, severe dysplasia, or oral squamous cell carcinoma). Mild 

dysplasia was considered benign due to its low risk for malignant progression and 

the difficulty of distinguishing mild dysplasia from benign reactive epithelial atypia 

in this patient population. The presence of stromal inflammation was also recorded 

and classified as severe or not severe. No clinically normal sites were biopsied. 
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6.2.4. Image analysis 

6.2.4.1. Analyzed sites. 

Lesions were analyzed if and only if an incisional or excisional biopsy of the 

lesion was obtained on the same day as imaging. All imaged clinically normal sites 

were analyzed. 

6.2.4.2. Widefield autofluorescence. 

A single autofluorescence image for each site was selected by a reviewer 

blinded to histopathology results based on lack of motion artifact, lack of saturated 

pixels, good focus, and visible oral mucosa surrounding the site. Then, the 

normalized RG ratio of the site was calculated as described previously54. 

Briefly, the normalized RG ratio was defined as the average ratio of the red 

intensity to the green intensity at each pixel in the site, divided by the same quantity 

in a region of normal mucosa. The normal region was defined as the 65 × 65 square 

of mucosa with the lowest RG ratio and was identified using an automated algorithm 

as follows: First, the mucosa in the image was outlined to exclude teeth and dental 

instruments. Then, the RG ratio at each pixel within the mucosa was calculated and 

smoothed with a 65 × 65 mean filter. The pixel with the lowest value after 

smoothing was set as the center of the normal region. All calculations were 

performed using an automated MATLAB (The Mathworks) script. 
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One lesion consisted of two discrete regions of differing autofluorescence. A 

histogram-based method was used to segment the lesion into two regions, and the 

region with the higher RG ratio was selected to represent the site. This choice 

mimics histopathology, in which the area within a biopsy with the worst 

histopathologic findings is most representative. 

6.2.4.3. HRME. 

At least one high-quality image was selected from the HRME videos 

corresponding to each site by a reviewer blinded to histopathology results. In cases 

where HRME images were obtained from different locations within a site, multiple 

high-quality HRME images were identified. The quality of an image was determined 

subjectively by a combination of factors including (i) good focus, (ii) lack of motion 

artifact, and (iii) visible nuclei in >50% of the FOV. Sites without an image of 

sufficient quality were excluded from analysis. The nuclei in each selected image 

were segmented to calculate the nuclear-to-cytoplasm ratio (NC ratio) using a 

custom MATLAB script. To mimic histopathology, sites with more than one selected 

image were represented by the image with the highest NC ratio. 

6.2.4.4. Evaluation of diagnostic accuracy. 

To assess the diagnostic performance of AFI and HRME, sites with images 

exceeding a threshold normalized RG ratio or NC ratio, respectively, were classified 

as ModDys+. The thresholds were set to correspond to 91% sensitivity, and 

specificity was evaluated at those thresholds. Similarly, the performance of AFI plus 
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HRME was assessed using a linear discriminant based on the normalized RG ratio 

and NC ratio corresponding to a 91% sensitivity. The specificity was evaluated for 

this classifier. Positive predictive value (PPV) and negative predictive value (NPV) of 

AFI, HRME, and AFI plus HRME were also calculated for lesions. The Wilson score 

interval was used to calculate 95% confidence intervals (CI), and McNemar's test 

with Yates continuity correction was used to compare specificities. Histopathology 

was the gold standard for lesions, and clinically normal sites were assumed to be 

benign. The sensitivity and specificity of lesions were used to calculate positive and 

negative likelihood ratios (LR+, LR−), with 95% CIs calculated as described by Simel 

and colleagues123. Finally, two-tailed χ2 tests were used to assess whether benign 

lesions with severe stromal inflammation were more likely to be false positives by 

AFI, HRME, and AFI plus HRME than those without severe stromal inflammation. 

6.2.5. Dentist clinical impression survey 

A survey of 26 dental residents of varied specialties at UTSD-Houston 

(“nonexperts”) and two faculty-level oral pathology and oral medicine specialists 

(“other experts”) was conducted to obtain additional clinical impression data for 

each analyzed lesion. Participants were shown the reflectance white-light images of 

all analyzed lesions along with the patients' age and sex. They then rated each site 

with the same clinical impression scale used by the “expert clinician.” AUCs were 

calculated using the 1–4 scale to assess each of the 28 surveyed dentist's ability to 

distinguish ModDys+ from benign lesions. Sensitivity, specificity, PPV, NPV, LR+, and 
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LR− were also calculated, considering clinical impressions ≥3 as ModDys+. The same 

metrics were calculated for the expert clinician, for a total of 29 dentists. 

6.2.6. Clinical impression combined with imaging 

To assess whether the addition of imaging information could improve the 29 

dentists' diagnostic ability, two diagnostic algorithms were developed using the k-

Nearest Neighbors (k-NN) model. k-NN models set the probability that a lesion is 

ModDys+ equal to the percentage of the k lesions with the most similar clinical 

impression and imaging results that are ModDys+. The first algorithm combined 

clinical impression with the normalized RG ratio from AFI, and the second algorithm 

combined clinical impression with the normalized RG ratio from AFI, and the NC 

ratio from HRME. The AUC of each dentist after incorporating imaging information 

was determined with the probabilities calculated by the k-NN algorithms. Two-

tailed paired t tests were used to determine whether the changes in the mean AUC 

of the nonexperts due to imaging information were statistically significant. They 

were not performed for the expert clinician or additional experts due to low sample 

size. 

To avoid overfitting, AUCs were calculated by averaging 50 runs of 10-fold 

stratified cross-validation (Figure 6.1). The full dataset consisted of 29 clinical 

impressions paired with imaging feature(s) and a pathologic diagnosis for each 

analyzed lesion. For each fold, the training set (Figure 6.1, white squares) consisted 

of all 29 clinical impressions paired with imaging feature(s) and pathologic 
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diagnosis for nine-tenths of the lesions. The corresponding validation set (Figure 

6.1, black squares) contained the same data for the remaining one-tenth of the 

lesions. Each training set was used to train a k-NN algorithm, which predicted the 

probability that the lesions in the corresponding validation set were ModDys+ for 

each of the 29 dentists. These probabilities were used to calculate each dentist's 

AUC with imaging information incorporated, which were averaged across the 10 

validation sets. The final AUC of each dentist was the average of all 50 cross-

validation runs. Calculations were performed with a custom MATLAB script, and the 

k-NN algorithms were trained with MATLAB's fitcknn function using the Euclidian 

distance metric and k = 350. 

 
 

Figure 6.1. Ten-fold cross-validation to estimate the AUC of clinical impression 

combined with imaging. For each fold, the training set (white squares) 

contained data from nine-tenths of the lesions, and the validation set (black 

squares) contained data from one-tenth of the lesions. Data from each lesion 
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consisted of 29 clinical impressions, imaging feature(s), and histopathology. 

Training sets were used to train k-NN algorithms combining clinical 

impression with imaging feature(s), which were used to calculate the AUC of 

each dentist in the validation set. The AUC of each dentist was then averaged 

across all ten folds. This entire procedure was repeated 50 times, and the AUC 

of each dentist was averaged across the 50 runs. 

6.3. Results 

6.3.1. Analyzed sites 

Seventy-two lesions in 69 patients were imaged with the AFI and HRME and 

received a clinically indicated incisional or excisional biopsy on the same day. Of 

these, one lesion was excluded from further analysis due to a histopathologic 

diagnosis of koilocytic dysplasia, and another was excluded due to a diagnosis of 

lymphoma. Koilocytic dysplasia in the oral epithelium is thought to be associated 

with HPV, but its potential for malignant transformation is unknown124. While 

lymphoma is malignant, the purpose of the study was to diagnose oral squamous 

cell carcinoma and its precursors. Fourteen lesions were excluded due to lack of a 

sufficient quality HRME image. Forty-nine clinically normal sites in 48 patients were 

imaged with the AFI and HRME; of these, three were excluded due to lack of a 

sufficient quality HRME image. 

In sum, data from 102 sites in 68 patients were analyzed, including 56 

lesions in 54 patients and 46 clinically normal sites in 45 patients (Table 6.1). 

Twenty percent of the lesions were ModDys+ (11/56), and 80% of the lesions were 
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benign (45/56). The anatomic sites of the 56 oral lesions were: buccal (20), dorsal 

tongue (3), gingiva (9), palate (5), ventrolateral tongue (19). The anatomic locations 

of the 46 clinically normal sites were: buccal (18), dorsal tongue (3), gingiva (5), 

palate (3), ventrolateral tongue (17). 

Table 6.1. Summary of Analyzed Sites 

Analyzed Sites Classification Pathology 
Normal oral 

mucosa, no biopsy 
(46) 

Clinically normal 
(46) 

N/A 

Biopsied lesions 
(56) 

Benign (45) 

Lichenoid mucositis 
(17) 

Fibroma (9) 
Granuloma (2) 

Pemphigus/Pemphigoid 
(2) 

Hyperkeratosis and/or 
hyperplasia (4) 

Lymphoid epithelial 
cyst (1) 

Mucositis/gingivitis (2) 
Papilloma (1) 

Pseudoepitheliomatous 
hyperplasia (1) 

Pyogenic granuloma (1) 
Submucous fibrosis (1) 

Ulcer (1) 
Mild dysplasiaa (3) 

Moderate 
Dysplasia+ (11) 

Moderate dysplasia (7) 
Severe dysplasia (1) 

Oral SCC (3) 
aMild dysplasia was considered benign due to its low risk of malignant 

progression and the difficulty of distinguishing mild dysplasia from reactive atypia 

in this population. 
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6.3.2. Representative sites 

Figure 6.2 shows the images obtained from four representative sites. The 

first column depicts a clinically normal site (Figure 6.2A, white arrow) on the right 

buccal mucosa posterior to a histopathologically diagnosed benign fibroma. No loss 

of fluorescence is visually apparent in the corresponding AFI (Figure 6.2B) when 

comparing the site (red rectangle) and the automatically selected normal region 

(green square) based on the manually outlined mucosa (green polygon). The 

normalized RG ratio was 1.24. The nuclei in the HRME image (Figure 6.2C) are small, 

circular, and evenly spaced, consistent with benign epithelium. The NC ratio was 

0.04. 

The second column shows a lesion (Figure 6.2D) on the dorsal tongue with 

an expert clinician clinical impression of “oral mucosal lesion, not suspicious for 

dysplasia or cancer.” The lesion does not demonstrate loss of fluorescence (Figure 

6.2E), and the normalized RG ratio was 1.01. The nuclei in the HRME image (Figure 

6.2F) are small and evenly spaced, with an NC ratio of 0.14. The site was diagnosed 

histopathologically as a benign fibroma negative for severe inflammation, consistent 

with the expert clinician's clinical impression, AFI, and HRME. 

The third column shows a lesion (Figure 6.2G) on the right buccal mucosa 

with an expert clinician clinical impression of “oral mucosal lesion, suspicious for 

dysplasia or cancer” and visible loss of fluorescence on the AFI image (Figure 6.2H). 

The normalized RG ratio was 2.04. However, the nuclei on the HRME image (Figure 
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6.2I) are small and evenly spaced with an NC ratio of 0.17, consistent with benign 

mucosa. The histopathologic diagnosis was lichenoid mucositis, a benign lesion. 

Therefore, this site was a false positive by the expert clinician's clinical impression 

and AFI but was correctly diagnosed by HRME. The lesion was positive for severe 

stromal inflammation, consistent with the hypothesis that inflammation is 

associated with loss of autofluorescence leading to false positive results. 

The fourth column shows a lesion (Figure 6.2J) on the right gingiva with an 

expert clinician clinical impression of cancer. The site is located in the dark region of 

the AFI (Figure 6.2K), indicating loss of fluorescence compared with the brighter 

normal region. The normalized RG ratio was 2.41. Unlike the other three sites, the 

nuclei in the HRME image (Figure 6.2L) are large, eccentric, and irregularly spaced 

with an NC ratio of 0.18, consistent with ModDys+. The site was histopathologically 

diagnosed as moderately differentiated squamous cell carcinoma, consistent with 

expert clinician clinical impression, AFI, and HRME. The site was positive for severe 

inflammation. 



 122 
 

 

 

Figure 6.2. Multimodal images of analyzed sites. Top row: WL images showing 

sites (white arrows). Middle row: AFI images showing sites (red rectangles), 

normal sites (green squares), and outlined mucosa (green polygons). Bottom 

row: HRME images showing nuclei of the superficial epithelium. A–C, Images 

from a site rated “clinically normal” by the expert clinician that was negative 

by AFI and HRME. The site was not biopsied. D–F, Images from a site rated 

“oral mucosal lesion, not suspicious” by the expert clinician that was negative 

by AFI and HRME. The histopathologic diagnosis was a benign fibroma without 

severe inflammation. G–I, Images from a site rated “oral mucosal lesion, 

suspicious” by the expert clinician that was positive by AFI but negative by 

HRME. The histopathologic diagnosis was lichenoid mucositis with severe 

inflammation. J–L, Images from a site rated “cancer” by the expert clinician 

that was positive by AFI and HRME. The histopathologic diagnosis was 

moderately differentiated squamous cell carcinoma with severe 

inflammation. 
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6.3.3. Diagnostic performance of imaging 

To assess performance more systematically, the NC ratio versus normalized 

RG ratio of each site was plotted (Figure 6.3A and B). A normalized RG ratio 

threshold of 1.83 (Figure 6.3A, vertical dotted line) correctly diagnosed 91% 

(10/11; 95% CI: 62%-98%) of ModDys+ lesions and 89% (41/46; 95% CI: 77%–

95%) of clinically normal sites, but only 33% (15/45; 95% CI: 21%–48%) of benign 

lesions. The PPV and NPV for lesions were 25% (10/40; 95% CI: 14%–40%) and 

94% (15/16; 95% CI: 72%–99%), respectively. The LR+ and LR− were 1.36 (95% 

CI: 1.03–1.80) and 0.27 (95% CI: 0.04–0.51), respectively. An NC ratio threshold of 

0.18 (Figure 6.3A, horizontal dotted line) correctly diagnosed 91% (10/11; 95% CI: 

62%–98%) of ModDys+ lesions, 85% (39/46; 95% CI: 72%–92%) of clinically 

normal sites, and 49% (22/45; 95% CI: 35%–63%) of benign lesions. The PPV and 

NPV for lesions were 30% (10/33; 95% CI: 17%–47%) and 96% (22/23; 95% CI: 

79%–99%), respectively. The LR+ and LR− were 1.78 (95% CI: 1.26–2.50) and 0.19 

(95% CI: 0.03–0.31), respectively. The multimodal imaging linear threshold (Figure 

6.3A, diagonal solid line) incorporating both AFI and HRME correctly diagnosed 

91% (10/11; 95% CI: 62%–98%) of ModDys+ lesions, 93% (43/46; 95% CI: 83%–

98%) of clinically normal sites, and 64% (29/45; 95% CI: 50%–77%) of benign 

lesions. The PPV and NPV for lesions were 38% (10/26; 95% CI: 22%–57%) and 

97% (29/30; 95% CI: 83%–99%), respectively. The LR+ and LR− were 2.56 (95% 

CI: 1.65–3.95) and 0.14 (95% CI: 0.02–0.21), respectively. The difference in 

percentage of correctly classified benign lesions between AFI only and AFI plus 
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HRME was statistically significant (P = 0.001); the other comparisons did not reach 

statistical significance. These results are summarized in Figure 6.3C and D. 

To assess the association between a false positive diagnosis and 

inflammation, a scatterplot of the NC ratio versus the normalized RG ratio for the 

benign lesions stratified by inflammation status is shown in Figure 6.3B. The three 

mild dysplasia sites were excluded because cellular atypia could explain a 

suspicious imaging result. Nearly all of the benign lesions (39/42) contained 

stromal inflammation, so only severe stromal inflammation (16/42) was considered 

positive. The normalized RG ratio threshold of 1.83 (Figure 6.3B, vertical dashed 

line) correctly classified a lower percentage of inflammation-positive benign lesions 

(13%, 2/16) than inflammation-negative benign lesions (42%, 11/26; P = 0.042). 

The NC ratio threshold of 0.18 (Figure 6.3B, horizontal dashed line) correctly 

classified 44% (7/16) of inflammation-positive benign lesions and 54% (14/26) of 

inflammation-negative benign lesions (P = 0.525). The multimodal imaging linear 

threshold (Figure 6.3B, diagonal solid line) correctly classified 50% (8/16) of 

inflammation-positive benign lesions and 73% (19/26) of inflammation-negative 

benign lesions (P = 0.130). 
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Figure 6.3. Objective diagnostic performance of multimodal imaging. A, 

Scatterplot of NC ratio versus normalized RG ratio of all analyzed sites 

stratified by pathology. An NC ratio threshold of 0.18 (horizontal dotted line) 

and normalized RG ratio threshold of 1.83 (vertical dotted line) correctly 

classified 91% of ModDys+ lesions. The multimodal imaging classifier 

combining both imaging methods (diagonal solid line) was also chosen to 

correctly classify 91% of ModDys+ lesions. B, Scatterplot of NC ratio versus 

normalized RG ratio of benign lesions (excluding mild dysplasia), stratified by 

inflammation status. Thresholds are identical to A. C, Percentage of sites 

correctly classified by AFI, HRME, and AFI+HRME using the thresholds in A. D, 

PPV and NPV of AFI, HRME, and AFI+HRME using the thresholds in A for the 56 

lesions. 
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6.3.4. Clinical impression 

As shown in Figure 6.4, of the three groups of dentists providing clinical 

impressions of the 56 analyzed lesions, the “expert clinician” had the highest 

performance to diagnose ModDys+ (AUC = 0.88), followed by the two “other 

experts” (mean AUC 0.77, range: 0.76–0.78), and the 26 “nonexperts” (mean AUC 

0.71, range: 0.45–0.86). If clinical impressions ≥3 were considered ModDys+, the 

“expert clinician” correctly diagnosed 100% of ModDys+ lesions and 73% of benign 

lesions, corresponding to a PPV of 48%, NPV of 100%, LR+ of 3.70 (95% CI: 2.29–

5.99) and LR− of 0. The “other experts” correctly diagnosed 77% (range: 73%–82%) 

of ModDys+ lesions and 77% (range: 73%–81%) of benign lesions, corresponding to 

a PPV of 46% (range: 43%–50%), NPV of 93% (range: 92%–94%), LR+ of 3.35 (95% 

CI: 1.79–6.25) and LR− of 0.30 (95% CI: 0.10–0.42). Finally, the “nonexperts” 

correctly diagnosed 79% (range: 30%–100%) of ModDys+ lesions and 65% (range: 

29%–89%) of benign lesions, corresponding to a PPV of 35% (range: 15%–62%), 

NPV of 87% (range: 79%–100%), LR+ of 2.26 (95% CI: 1.37–3.37), and LR− of 0.32 

(95% CI: 0.10–0.48). These results are summarized in Figure 6.5A and B. 
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Figure 6.4. Mean AUC of dentist clinical impression alone, clinical impression 

plus AFI, and clinical impression plus both imaging modalities. Error bars 

represent sample SD. Statistical comparisons were performed with paired 

two-tailed t tests. 

 

Figure 6.5. Diagnostic performance of dentist clinical impression. A, 

Percentage of sites correctly classified by the expert clinician (n = 1), other 

experts (n = 2), and nonexperts (n = 26). B, Positive predictive value (PPV) 

and negative predictive value (NPV) of the expert clinician, other experts, and 
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nonexperts for the 56 lesions. Values represent aggregate performance of 

each group of dentists. Error bars represent range. 

The AUC of each of the 29 dentists after incorporating imaging information 

was estimated using cross-validation of k-NN models (Figure 6.1). The addition of 

the normalized RG ratio to clinical impression lowered the AUC for all three groups; 

the mean AUCs were 0.84, 0.74 (range: 0.70–0.77), and 0.68 (range: 0.40–0.82; P = 

0.018) for the “expert clinician,” “other experts,” and “nonexperts,” respectively. In 

contrast, the combination of clinical impression, the normalized RG ratio from AFI, 

and the NC ratio from HRME increased the mean AUC of all three groups. The AUC of 

the “expert clinician” increased from 0.88 to 0.90, the mean AUC of the two “other 

experts” increased from 0.77 to 0.86 (range: 0.84–0.87), and the mean AUC of the 

twenty-six nonexperts increased from 0.71 to 0.79 (range: 0.61–0.90; P < 10−6). 

6.4. Discussion 

In this chapter, we explored the diagnostic value of AFI and HRME to classify 

dysplastic or cancerous and benign oral mucosal lesions, including many non-OPL 

confounder lesions, as well as clinically normal mucosa in a low-risk population 

typical of community dental clinics. Then, we assessed the potential benefit of 

imaging to the clinical impression of dentists with varied training levels. 

AFI accurately diagnosed ModDys+ lesions (91% correct) and clinically 

normal sites (89% correct), but was ineffective for benign lesions (33% correct). 
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Benign lesions with severe inflammation were significantly more likely to be false 

positives. These results suggest that AFI can visualize oral mucosal lesions but 

cannot distinguish ModDys+ lesions from benign lesions in the community setting. 

Accordingly, the VELscope (LED Dental), an AFI device, is FDA approved to “enhance 

the identification and visualization of oral mucosal abnormalities that may not be 

apparent or visible to the naked eye” but not to predict pathology125. 

The HRME was more accurate than AFI, correctly diagnosing 91% of 

ModDys+ lesions, 85% of clinically normal sites, and 49% of benign lesions, 

although the differences were not statistically significant. It is unclear why the 

accuracy was lower for benign lesions than for clinically normal sites. Unlike AFI, 

severe stromal inflammation did not significantly affect the false positive rate of 

benign lesions. The combination of HRME and AFI (“multimodal imaging”) improved 

the diagnostic ability of either modality alone, correctly diagnosing 91% of 

ModDys+ lesions, 93% of clinically normal sites, and 64% of benign lesions. The 

increase in performance for benign lesions was statistically significant compared 

with AFI alone. 

We also surveyed dentists of varied training levels to assess their ability to 

distinguish ModDys+ lesions from benign lesions. The oral pathologist treating the 

patient had the highest performance (AUC = 0.88), followed by the two specialists 

(AUC = 0.77) and the 26 dental residents (AUC = 0.71) viewing white-light images of 

the lesions. In a general practice setting, oral lesions are ideally evaluated with high 

NPV, but not at the expense of an excessively low PPV. At this operating point, the 



 130 
 

 

dental residents had worse NPV (97% vs. 87%), PPV (38% vs. 35%), LR+ (2.26 vs. 

2.56), and LR− (0.32 vs. 0.14) than AFI and HRME combined, although these values 

were within the 95% CIs for multimodal imaging. The large ranges in AUC (0.45–

0.86), sensitivity (30%–100%), specificity (29%–89%), PPV (15%–62%), and NPV 

(79%–100%) of the dental residents, a population with training similar to GDPs, 

highlights the potential benefit of automated algorithms to reduce variation. 

Finally, we assessed the impact of adding imaging information to clinical 

impression. The addition of AFI to clinical impression slightly decreased the AUC of 

the expert clinician, other specialists, and dental residents. This decrease was 

statistically significant for the dental residents, indicating that AFI does not provide 

diagnostic information helpful to GDPs for this population. On the other hand, the 

addition of HRME and AFI to clinical impression improved the AUC of all three 

groups, with the increase for dental residents being statistically significant. These 

results indicate that HRME provides information unavailable through visual 

assessment. 

Previous studies of these imaging modalities in high-risk surgical patients at 

MD Anderson Cancer Center found that AFI provided significant diagnostic value in 

that setting53,54. The patients in this study were from a community dental clinic at 

UTSD-Houston and reflect the low-risk patients presenting to community dentists, 

including a diverse array of non-OPL oral mucosal lesions. The difference in AFI's 

performance between the two settings underscores the importance of studying 

diagnostic adjuncts in a variety of populations. 
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Overall, our results point to the potential value of AFI and HRME to GDPs. 

Only 11 of the 45 biopsied lesions were ModDys+; the other 34 biopsies were 

theoretically unnecessary. AFI and HRME could help reduce these unnecessary 

biopsies, and identify ModDys+ in lesions that would not have been biopsied. In the 

United States, a typical biopsy costs several hundred dollars. With a one-time 

instrumentation cost of a few thousand dollars, cost savings could be achieved 

quickly by reducing the number of unnecessary biopsies. Improved early diagnosis 

could also lead to significant cost savings. Other potential benefits include biopsy 

site guidance and improved surveillance. In practice, GDPs can interpret HRME 

images subjectively and/or objectively with automated algorithms. Two studies 

have found that nonpathologists can accurately distinguish HRME images of 

cancerous tissue from benign tissue with high inter-rater agreement and little 

training126,127. Although low-quality images and dysplasia images were excluded 

from both studies, they suggest that GDPs could learn the fundamentals of 

subjective HRME image interpretation. The performance metrics in this study were 

based on objective algorithms, establishing their feasibility in this setting. 

A weakness of this study is that only 11 ModDys+ lesions were imaged, a 

challenge in low-prevalence populations. A larger study could validate these results 

and provide data to optimize the image analysis algorithms without overfitting. The 

HRME algorithm could be improved with better methods to identify and exclude 

debris or keratin from segmentation, utilization of additional features, and more 

complex classification models. A second weakness is that surveyed dentists were 
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unable to palpate the lesions and did not have a clinical history, so the results may 

differ from their true clinical performance. 

Since the time this study was conducted, we have made improvements to the 

HRME. In this study, HRME data were collected as videos, and selecting image 

frames required significant manual labor. A newly developed second generation 

HRME features a foot pedal that can pause and unpause the image feed49. The 

clinician can pause at a quality image and save it for real-time analysis, eliminating 

the need for manual selection. Alternatively, we have developed an algorithm that 

automates frame selection128. It was also difficult to visualize nuclei in lesions with a 

superficial keratin layer. We are testing whether a mechanical tool similar to a brush 

biopsy could remove surface keratin to allow for successful imaging. 

In the future, AFI and HRME could be integrated such that AFI first identifies 

high-risk regions within a large lesion followed by HRME imaging at those regions. 

This procedure would rapidly assess an entire field of mucosa and help clinicians 

select a biopsy site. With these advances, multimodal imaging has the potential to 

improve the evaluation of oral lesions in the community and help address the global 

oral cancer burden. 
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Chapter 7 

Conclusion and Future Directions 

The goal of this thesis was to develop and evaluate a multimodal optical 

imaging system (MMIS) to help clinicians evaluate oral premalignant lesions (OPLs).  

Chapter 3 described development of the MMIS, which integrated 

autofluorescence (AF), white-light reflectance (WL), and high-resolution 

microendoscopy (HRME) imaging with real-time, automated image analysis to 

classify OPLs as low- or high-risk for high-grade dysplasia or cancer. To use the 

MMIS, AF and WL imaging are used to identify high-risk sites within the OPL, which 

are explored with the HRME. Representative examples demonstrated its potential to 

more accurately evaluate OPLs, when compared to standard-of-care visual 

examination and palpation. 

Chapter 4 introduced an algorithm to analyze HRME images containing 

regions without visible nuclei. A U-Net-based convolutional neural network to 
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exclude such regions was trained, developed, and tested. To account for the 

uncertainty in calculation of the density of abnormal nuclei following exclusion of 

these regions, a method to estimate a confidence interval (CI) for the density of 

abnormal nuclei was developed. Images with a CI that did not overlap with the 

decision boundary could be classified with high confidence, while those that did 

overlap could not be classified with high confidence. When applied to a databank of 

HRME images, the algorithm improved diagnostic performance, compared to the 

original algorithm, using histopathology as the gold-standard.  

Chapter 5 presented the results of a pilot study in which the MMIS was used 

in conjunction with visual examination and palpation to assess OPLs in a high-risk 

patient population at MD Anderson Cancer Center. At each clinic visit, a head and 

neck surgeon evaluated the patients per standard of care, then imaged their 

lesion(s) with the MMIS. Biopsies were acquired if indicated by standard clinical 

management or by the MMIS, at the surgeon’s discretion. The addition of the MMIS 

led to the identification of more cases of high-grade dysplasia or cancer than clinical 

evaluation alone. However, high-grade dysplasia and cancer was also identified at 

biopsied sites that were classified by the MMIS as low-risk.  

Finally, Chapter 6 explored the use of AF and HRME in a community dental 

setting. Patients with oral mucosal lesions, most of which were benign “confounder” 

lesions not associated with oral cancer, were imaged with AF and HRME at the UT-

Houston School of Dentistry. A group of dental residents then used photos to rate 

each lesion’s risk of containing high-grade dysplasia or cancer. The diagnostic 
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accuracy of AF alone was limited by low specificity, and the addition of AF to the 

residents’ clinical ratings did not improve diagnostic performance. However, the 

combination of AF with HRME had a substantially higher specificity, and the 

addition of both modalities to the resident clinical ratings improved diagnostic 

performance.  

In sum, this thesis has demonstrated the potential of the newly-developed 

MMIS to improve the evaluation of OPLs. Next steps should include larger, 

randomized studies in diverse clinical settings to better understand the advantages 

and limitations of the MMIS to guide goals for technical improvements. For example, 

improvements in correlating imaging sites with biopsy sites, and in mapping lesions 

with the HRME over a larger area, could improve diagnostic accuracy. Additionally, 

this thesis has focused on evaluating lesions at a single timepoint. Clinical 

management decisions consider the history of a patient’s lesions over years of 

monitoring, so longitudinal studies in which lesions are imaged at several time 

points would better elucidate the optimal role of the MMIS in patient care. 
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