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ABSTRACT 

Development of a “Cytology-on-Chip” Sensor for Monitoring 

Potentially Malignant Oral Lesions 

by 

Tim Abram 

The poor prognosis associated with oral cancer, which has progressed into a 

global epidemic, is attributed to late-stage diagnosis, multi-focal involvement, and a 

lack of prognostic indicators for identifying which lesions will undergo malignant 

transformation. Scalpel biopsy combined with histopathological evaluation remains 

the gold standard in oral cancer diagnosis and monitoring, but this invasive 

procedure suffers from severe limitations including poor inter-pathologist 

agreement and an inability to predict patient outcomes. Furthermore, surgical 

excision of oral lesions is not capable of completely eliminating the risk of malignant 

transformation; hence, patients are subjected to repeat biopsy as the sole means of 

monitoring disease progression and recurrence. Oral medicine clinicians urgently 

need new technologies that can afford non-invasive, sensitive, and quantitative risk 

assessments for monitoring the progression of pre-malignant oral lesions.  This 

dissertation describes the development of a “cytology-on-chip” sensor combining 

non-invasive sampling, microfluidic sample processing and single-cell interrogation, 

and adaptive machine learning algorithms toward the ultimate goal of empowering 

oral medicine and dental practitioners to monitor subtle changes at the molecular 

and cellular levels of suspicious oral lesions for personalized disease management.  

The use of an “enhanced gold standard” to increase the confidence in 

histopathological grading for 775 prospectively-recruited patients with potentially 

malignant oral lesions is demonstrated, resulting in increased pathologist 

agreement from 69% to 100%. Single-cell measurements from a panel of molecular 

biomarker assays for each patient were then used to train and validate robust risk 

stratification models with an overall accuracy of 70%. Two strategies for improving 
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future access to this approach are discussed, including the design of a scalable, 

pumpless microfluidic device to enable parallel assay processing and the adaptation 

of a fully-integrated lab-on-a-chip system for future chair-side testing. Equivalency 

to previous methods was indicated for both systems, ensuring consistent 

functionality. Finally, the realization of a continuous risk index is detailed, resulting 

in an improvement in overall predictive accuracy to 79.2% and with strong 

potential to monitor disease severity over time. A proof-of-concept of the ability to 

inform clinical decision making with such a tool was performed on a high-risk 

patient population that successfully identified high-risk oral lesions. 
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Chapter 1 

Oral Cancer Background and Summary 

of Current Adjunctive Diagnostic 

Techniques 

1.1. Overview 

The following dissertation chronicles the development of a “cytology-on-

chip” analysis tool for assessing the severity of suspicious oral lesions, through 

advances in data mining techniques to interpret single-cell characteristics as 

informative, molecular level insights; development of scalable processing methods 

to increase future sample throughput; and adaptation of a fully integrated point-of-

care platform with potential to enable impending chair-side testing. This work is 

preceded by research milestones in the context of immune monitoring for HIV 

patients1,2 and the translation of the accompanying analysis platform for the 

processing of exfoliative oral cytology samples in a pilot trial designed to 

characterize benign and cancerous oral lesions.3  

In this chapter, the global oral cancer epidemic is illuminated with particular 

attention paid to the gaps in current patient management strategy. Background 
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information is provided to describe the populations affected most by this disease 

and what these insights can tell us about demographic, regional, and behavioral risk 

factors. The current molecular progression model is then contextualized with a 

description of the current clinical practices for detecting and treating pre-cancers, 

overt malignancies, and recurrent disease. Current adjunctive diagnostic and 

screening aids are critically reviewed, emphasizing areas for future improvement. 

This chapter concludes with a summary of the technical approach described in this 

dissertation and the contents that will follow.  

1.2. Motivation 

Oral and pharyngeal cancer, largely oral squamous cell carcinoma (OSCC, 

ICD-O:8070/3) and hereafter referred to as “oral cancer,” is a significant health 

problem afflicting approximately 400,000 people globally each year.4 In the United 

States alone, greater than 45,000 new cases and nearly 8,650 deaths are estimated 

in 2015, representing approximately 4% of all cancers in men and 3% in women5. 

The significant morbidity and mortality associated with OSCC is often attributed to 

the advanced disease stage of many OSCCs when the initial identification and biopsy 

are made. Likewise, despite advances in surgical procedures and treatment, the 

long-term prognosis for patients with OSCC remains poor with a 5-year survival rate 

at approximately 63% in the U.S. This prognosis is among the lowest for all cancers. 

However, the survival rate increases dramatically to 83% when this abnormality 

is detected in its early stage.5 Unfortunately, only 31% of oral cancer cases are 

detected in the localized stage.5 In addition to improving survival, early detection of 

oral cancers can identify the disease when less aggressive, non-disfiguring, less 

toxic, and less costly therapies are required, underscoring the need for new methods 

that are able to identify early stage disease. 
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1.3. Patient demographics and risk factors 

Incidence and survival rates for oral cancer vary widely depending on 

geographic region, demographics, and behavioral factors. Oral cancer is more 

common in men than in women and most commonly affects people between the 

ages of 55 and 64 (median = 62).4 However, these trends are changing as the gender 

difference has narrowed in recent years from a 5:1 male to female ratio in the 1960s 

to less than 2:1 in 2008,6 and incidence among young adults has increased.7 

Incidence and mortality rates are higher for Hispanic and African American males 

than for White males.4 These rates are also higher in people who have a history 

involving one or more key risk factors such as tobacco use (including smokeless 

tobacco), high alcohol consumption, areca nut/betel quid chewing, low 

socioeconomic status, and HPV infection.4 

The varied incidence and mortality rates of oral cancer in different global 

regions reflect  distinct regional risk profiles such as ongoing tobacco epidemics8and 

the availability and accessibility of health services (Figure 1.1).9 Though oral cancer 

is the 6th most common cancer globally, it ranks in the top 3 in Central and 

Southern Asia and is associated with high incidence rates in Melanesia and Central 

and Eastern Europe.10 In India, for example, oral cancer ranks as the most common 

cancer in men and the third most common in women, constituting 40% of all 

cancers.11 
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Figure 1.1 – Global disparities in oral cancer management (A) and incidence 
(B). A) Differences in oral cancer management procedures for primary, 
secondary, and tertiary clinical settings for economically-developed countries 
and low and middle income class (LMIC) countries. B) Global incidence (Age-
standardized rate per 100,000) of cancer of the oral cavity and lip (source: 
GLOBOCAN 201212). 
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Recent studies have revealed an alarming increase in the rates of OSCC 

among younger individuals, particularly in tumors associated with HPV infection.13  

Between 1983 and 2002, the  incidence of oropharyngeal cancer among several 

economically developed countries significantly increased, potentially underscoring 

a role for HPV infection.14,15 The condition of HPV has been an established cause of 

oral cancer (including tonsil, base of tongue, and regions of the pharynx),16,17 though 

its etiological role in OSCC remains unclear.17–19 

1.4. Clinical and molecular progression of oral cancer 

1.4.1. Oral cavity anatomy and physiology 

The oral cavity includes the lips, hard palate, soft palate, floor of the mouth, 

and tongue. The inside of the mouth is lined with a protective mucous membrane, 

referred to as the buccal mucosa where it lines the inside of the cheeks. Squamous 

cell carcinoma, which comprises 90% of oral cancers,20 originates from the 

squamous lining of these mucosal surfaces. The remaining 10% of oral tumors 

involve malignancies that arise from lymphoid tissue (lymphoma), salivary glands 

(adenocarcinoma), soft tissue (melanoma), and skeletal tissue (sarcoma). 

The role of the oral mucosa is to serve as a protective barrier and provide 

sensation and salivary secretion. Based on physiological function, the oral mucosa is 

organized into 3 main sub-types: (1) masticatory mucosa (25%), which is usually 

keratinized and encompasses the gingiva and hard palate; (2) lining mucosa (60%), 

which is non-keratinized and covers the floor of the mouth, ventral tongue, cheeks, 

lips, and soft palate; and (3) specialized mucosa (15%), composed of cornified 

epithelial papillae covering the dorsal tongue.21 

The oral mucosa is composed of two primary regions: the surface epithelium 

and the underlying connective tissue, separated by a basement membrane (Figure 

1.2, A). Similar to skin, the surface epithelium is a stratified squamous epithelium 

composed of tightly attached cells in distinct layers forming the regions known as 

the superficial, intermediate, parabasal, and basal layers (Figure 1.2, B). The 
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underlying connective tissue layer, known as the lamina propria, is divided between 

its superficial papillary layer associated with the epithelial ridges and its deeper 

reticular layer, and functions to support and provide nutrients to the surface 

epithelium. The lamina propria contains cells, blood vessels and neural tissue in 

addition to connective tissue and displays regional variation in the type, 

concentration, and organization of these elements, similar to the overlying 

epithelium.21 Depending on the region of the oral cavity, a submucosa may be 

present below the lamina propria, containing loose connective tissue, adipose tissue 

and possibly salivary glands.21 

The structural integrity of the oral epithelium is maintained by a continuous 

process of cell renewal and differentiation where cells originating from mitotic 

divisions in the basal layer migrate to the surface to replace cells that have been 

shed. The epithelium of the buccal mucosa has a mean turnover time of 14 days, 

compared to 4 days for the small intestine and 27 days for skin.22 

 

Figure 1.2 – Layers of the oral mucosa. A) Diagram illustrating arrangement of 
surface epithelium, lamina propria, and submucosa. (adapted from Nanci et al. 

(2014)23 B) Histopathological cross section (H&E staining) demonstrating 



7 

 
finer detail of layer spatial arrangement in surface epithelium and lamina 

propria. 

1.4.2. Genetic progression model for oral cancer 

Like many solid tumors, oral cancer results from a process known as “multi-

step carcinogenesis,” in which an accumulation of genetic alterations is responsible 

for the progression of a normal cell into a cancer cell.24 The stepwise progression 

model for head and neck cancer (including oral cancer) was initially derived from 

Vogelstein’s description of colon cancer progression resulting from multiple, 

accumulated genetic alterations in clonal cell populations.25 The current stepwise 

genetic progression model for oral cancer is based on the description proposed by 

Braakhuis et al. (2004),26 known as the “patch-field-carcinoma” model.  

In this scenario, a genetic alteration is acquired by a stem cell in the basal 

layer of the epithelium, leading to a subsequent “patch” with genetically altered 

daughter cells.  Accumulation of additional genetic alterations promotes conversion 

of the patch into a laterally-expanding mucosal field, replacing the normal 

epithelium, but not yet becoming invasive. As the genetically altered stem cell 

population expands, the number of cells which are targets for genetic hits increases. 

Through the positive feedback loop of clonal expansion and selection, the number of 

affected cells continues to increase and replace large areas of normal mucosa. At 

some point during progression, genomic instability may contribute to accelerated 

mutation occurrence. Eventually, clonal selection leads to the transformation of a 

field into an overt carcinoma with invasive growth and metastatic potential. 

Although this final step is still not fully understood, the risk of malignant 

transformation is proportional to the number of patches and number of additional 

genetic hits.26  

As described by Hanahan and Weinberg27, these genetic alterations occur in 

genes that positively or negatively regulate functions that lead to six key biological 

capabilities, including: (1) Limitless replicative potential, (2) self-sufficiency in 
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growth signals, (3) insensitivity to anti-growth signals, (4) ability to evade 

apoptosis, (5) increased angiogenesis, and (6) invasion and metastasis. A recent 

update of their landmark description of these cancer hallmarks has highlighted 

several emerging hallmarks and enabling characteristics that facilitate the 

development and progression of cancer,28 including: (1) deregulation of cellular 

energetics, (2) ability of cancer cells to avoid immune destruction, (3) genome 

instability, and (4) tumor-promoting inflammation.  

The patch-field-carcinoma model has significant clinical implications for 

early disease detection and monitoring the risk of malignant transformation, both 

prior to carcinoma development and during post-treatment surveillance.  

Though most fields with genetically altered cells are not detectable 

macroscopically, expanding fields can be genetically characterized by loss of 

heterozygosity (at chromosome positions 3p12-24, 9p21, 17p13) and mutation in 

the p53 gene, enabling visualization of the overexpressed p53 protein through 

immuno-labeling. Additional histopathology targets have been shown to correlate 

well with the presence of genetic alterations, such as Ki67 expression within 

proliferating cells.29 Molecular biology techniques such as fluorescence in situ 

hybridization (FISH) have also been developed to detect these fields.30 The search 

for biomarkers that correlate well with the degree of genetic abnormalities 

continues to be a hot research topic for oral pathologists with the goal of detecting 

these genetically-altered fields as early as possible in the progression cascade. 

In terms of post-treatment surveillance, the patch-field-carcinoma model 

corroborates the long-viewed relationship between oral cancer recurrence and the 

“field cancerization” effect.31 Field cancerization is the process by which an existing 

pre-malignant lesion transforms into a malignancy and implies that oral cancer does 

not arise as an isolated cellular phenomenon, but rather through an accumulation of 

dysplastic changes to a region of cells in response to a carcinogen, such as tobacco.32 

Following surgical resection of the primary tumor, fields often remain present and 

may lead to new cancers as second primaries or local recurrences. In fact, 
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locoregional recurrence and treatment failure occur in 25-48% of oral cancer 

patients due to the deeply infiltrative nature of these tumors and potential for neck 

metastases.33 Even complete surgical resection with negative margins carries a risk 

of recurrence due to the probability that the genetically altered field still exists, 

which bears a continuous risk for oral cancer development.34 Due to the current 

knowledge gap involving the final malignant transformation phase and the 

increased risk associated with accumulating patches and genetic mutations, patients 

with detectable fields represent an important target for studying cancer prevention 

and monitoring patient risk.26  

1.4.3. Oral epithelial dysplasia 

Oral epithelial dysplasia is the stage associated with accumulation of genetic 

and cellular abnormalities preceding the formation of OSCC. Dysplastic changes 

account for specific alterations of individual epithelial cells and bulk changes to 

tissue structure and appearance (Figure 1.3). At the single-cell level, dysplastic 

processes cause cells and nuclei to take on a more primitive appearance, similar to 

those of basal cells, resulting in changes such as increased nuclear-to-cytoplasmic 

area (NC) ratio and nuclear area.35 At the tissue level, epithelium may become 

hyperkeratotic or atrophic, though visual cues of underlying dysplastic processes 

normally present at the later end of the dysplastic spectrum.36 These alterations at 

the cellular and tissue level constitute the basis for histopathological grading (Table 

1.1, Table 1.2), where accumulations of dysplastic changes correlate with an 

increased diagnostic grade. 
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Figure 1.3 – Molecular progression of oral epithelial dysplasia (OED) (adapted 
from Kelloff and Sigman (2007)37) 

A recent meta-analysis of patients with histologically-confirmed oral 

dysplasia across 14 prospective and retrospective studies reported a mean overall 

malignant transformation rate of 12.1% with a mean time to malignant 

transformation of 4.3 years.38 When comparing lesions across different grades of 

dysplasia, no significant difference in time to malignant transformation was found. 

Not surprisingly, lesions that were not excised demonstrated considerably higher 

malignant transformation rates than those that were excised. However, it has been 

reported that the severity of OED may not be associated with the risk of malignant 

transformation, suggesting that the current grading system is not useful for 

predicting patient outcomes.39 Even within the same dysplasia grade, researchers 

have noted a wide range of biological aggressiveness,40 where some lesions may 

revert to a “normal” state absent any intervention while others will progress rapidly 

to malignant invasion despite surgical excision. Until new information-rich, 

quantitative risk assessment tools are available that can definitively stratify the risk 
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of OED progression, surgical treatment of all OED cases regardless of grade has been 

recommended.39 

Table 1.1  -Definition of histopathological grading criteria for oral epithelial 
dysplasia, including normal epithelium 

Diagnosis Histopathologic Criteria 

Non-neoplastic/ 
normal 

Surface stratified squamous epithelium demonstrates normal thickness 
without hyperplasia or hyperkeratinization. The underlying lamina 
propria is devoid of chronic inflammatory cell infiltrate. 

Benign lesions 

Surface stratified squamous epithelium may reveal hyperkeratosis and 
hyperplasia, but without cellular atypia and disordered maturation 
(dysplasia). The underlying lamina propria may exhibit chronic 
inflammatory cell infiltrate: Chronic mucositis. This category may 
encompass a range of benign lesions including benign hyperkeratosis and 
lichen planus. 

Dysplastic (mild) 

Surface stratified squamous epithelium reveals cellular atypia and 
disordered maturation (dysplasia) limited to the basal and parabasal 
layers or verruciform epithelial hyperplasia and hyperkeratosis with mild 
degree of atypical architecture.  

Dysplastic 
(moderate) 

Surface stratified squamous epithelium reveals cellular atypia and 
disordered maturation (dysplasia) extending from the basal layer to the 
mid portion of the spinous layer or verruciform epithelial hyperplasia and 
hyperkeratosis with moderate degree of atypical architecture. 

Dysplastic (severe) 

Surface stratified squamous epithelium reveals cellular atypia and 
disordered maturation (dysplasia) extending from the basal layer to a 
level above the midpoint of the epithelium or verruciform epithelial 
hyperplasia and hyperkeratosis with severe degree of atypical 
architecture. 

Dysplastic (carcinoma 
in situ) 

Surface stratified squamous epithelium reveals cellular atypia and 
disordered maturation (dysplasia) involving the entire thickness of the 
epithelium. 

Malignant 
Islands and cords of malignant squamous epithelial cells arise from 
dysplastic surface epithelium and invade into the lamina propria. 
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Table 1.2 – Cellular and histological criteria used for diagnosing dysplasia, 
adapted from van der Waal(2009)36 

Architecture 

Irregular epithelial stratification 

Loss of polarity of basal cells 

Increased number of mitotic figures 

Abnormal superficial mitoses 

Premature keratinization in single cells 

 

Cytology 

Abnormal variation in nuclear size (anisonucleosis) 

Abnormal variation in nuclear shape (nuclear pleomorphism) 

Abnormal variation in cell size (anisocytosis) 

Abnormal variation in cell shape (cellular pleomorphism) 

Increased nuclear-cytoplasmic ratio 

Increased nuclear size 

Atypical mitotic figures 

Increased number and size of nucleoli 

Hyperchromasia  

 

1.4.4. Pre-malignant lesions and PMOL 

A significant proportion of OSCCs are preceded by a pre-malignant condition 

or lesion. Potentially malignant oral lesions (PMOL) are epithelial lesions detected 

by a clinician following a standard examination for which there is no clear 

explanation and for which epithelial dysplasia and OSCC must be ruled out. PMOL 

typically present as white lesions (leukoplakia), and to a lesser extent as mixed red-

white (erythroleukoplakia) or red lesions (erythroplakia), and may present with 

ulceration.41–44 It is estimated that these PMOL are seen in up to 5% of patients 



13 

 
during their regular dental exam.45 However, less than 5% of these lesions progress 

to cancer.42,43 

Leukoplakia is defined as “a white plaque of questionable risk having 

excluded other known diseases or disorders that carry no increased risk of 

cancer.”46 The estimated prevalence in the U.S. is 2% and smokers are 6 times more 

likely to present with leukoplakia than non-smokers.47 Through visual inspection, 

leukoplakia can be clinically subdivided into homogeneous (flat, thin, uniform white 

color), and non-homogeneous (erythroleukoplakia) sub-types. An annual malignant 

transformation rate range of 0.3%48 - 1%36 has been reported, though  much higher 

transformation rates have been noted for non-homogeneous types.49 Other risk 

factors for leukoplakia malignant transformation include long duration of lesion 

existence, non-smoking status (idiopathic leukoplakia), location on tongue and/or 

floor of mouth, large lesion size (> 200mm2), presence of epithelial dysplasia, and 

presence of C. albican infection. According to van der Waal (2009),36 management of 

leukoplakia includes elimination of possible causes (including tobacco habits) 

followed by 2-4 weeks to observe the result, biopsy if no response or no possible 

causes identified, treatment, if feasible, regardless of dysplasia grading,  and follow-

up for treated and non-treated patients at intervals of 3 months for confirmed 

dysplastic lesions and 6 months for confirmed non-dysplastic lesions. 

Erythroplakia, defined as “a fiery red patch that cannot be characterized 

clinically or pathologically as any other definable disease,” is less common than 

leukoplakia, with a prevalence rate in the U.S. between 0.02-0.83%, but carries a 

much higher risk of malignant transformation. In fact, the majority of these lesions 

will undergo malignant transformation, with histological evidence of at least some 

degree of dysplasia, often CIS or invasive carcinoma.50 

Although some clinical signs such as a non-homogeneous surface or a 

stippled appearance suggest higher risk of malignant transformation, there are 

currently no reliable clinical predictors of which lesions will progress. As a 

consequence, the general advice for all PMOL is to excise if feasible, irrespective of 
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presence or absence of dysplasia. However, there is no evidence that surgical 

excision is capable of truly preventing malignant transformation to OSCC.38 Rather, 

patients with PMOL require continued surveillance, especially those with confirmed 

high grade dysplasia.38 

1.5. Current clinical workup 

The current clinical workup for oral cancers often involves identification of a 

potentially malignant lesion by a primary care physician or dental practitioner, 

referral to an oral medicine specialist or oral surgeon for biopsy, interpretation and 

grading of the lesion sample by oral pathologists, consultation with the patient, and 

if necessary, resection of the lesion by an oral surgeon. Oral cancer is a complex 

disease and requires a multidisciplinary approach to patient management. National 

Comprehensive Cancer Network (NCCN) guidelines recommend that these teams 

include surgeons (including plastic and reconstructive specialists), radiation 

oncologists, dentists, rehabilitation therapists, speech therapists, clinical social 

workers, nutritionists, pathologists (including cytopathologists), diagnostic 

radiologists, and adjunctive service personnel that may include palliative care 

experts.51  

For cancers of the oral cavity (including the buccal mucosa, floor of mouth, 

anterior tongue, alveolar ridge, retromolar trigone, and hardpalate), the NCCN 

recommended diagnostic workup includes the following:51 

 Patient history and physical examination including complete head and 

neck exam 

 Biopsy of suspicious lesion 

 As clinically indicated: 

o mirror and fiber-optic examination 

o Smoking cessation counseling 

o Chest imaging 
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o CT with contrast and/or MRI with contrast of primary and neck 

o PET-CT for stage III-IV disease 

o Endoscopy 

o Dental/prosthodontic evaluation including jaw imaging 

o Nutrition, speech and swallowing evaluation and therapy 

o Multidisciplinary consultation 

Tumor staging for oral cancer follows the standard TNM classification 

notation, where T describes the size of the primary tumor, N indicates locoregional 

lymph node involvement, and M indicates distant metastases. At presentation, 

approximately 30% of patients have some degree of regional node involvement51, 

but the correlation to malignant risk varies. 

Surgical resection (with ipsilateral or bilateral neck dissection as indicated 

by tumor thickness) remains the primary recommended treatment option, with 

possible adjuvant radiation or systemic therapy, especially if adverse features are 

present such as positive surgical margins, extracapsular nodal spread, perineural 

invasion, vascular embolism, or nodal disease.  Treatment modalities besides 

surgical excision may include cryosurgery, laser surgery,52 retinoid administration 

(topically or systemically),53 mouthwash therapy with attenuated adenovirus,54 and 

photodynamic therapy.55 

Following treatment, standard practice involves surveillance for recurrence 

through regular, complete head and neck exams, baseline imaging of the primary 

region within 6 months of treatment, dental evaluation, and ongoing surveillance for 

depression. The interval for these follow-up exams progresses from every 1-3 

months in year 1, to 2-6 months in year 2, 4-8 months in years 3-5, and every 12 

months after 5 years being free of disease. As clinically indicated, these follow-up 

appointments may include further re-imaging, chest imaging for patients with 

smoking history, thyroid-stimulating hormone (TSH) every 6-12 months if neck-

irradiated, speech and swallowing evaluation/rehabilitation, smoking and alcohol 
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cessation counseling, and nutritional evaluation and rehabilitation. Oral cancer 

survivors require a high level of supportive care due to considerable distress linked 

to changes in physical appearance and functional behavior regarding eating, 

drinking, and speaking.56 

1.6. Adjunctive techniques for oral cancer screening and case-
finding 

Several non-invasive adjunctive screening and case-finding tests for early 

oral cancer detection are available today, primarily involving light-based 

visualization techniques, vital stains, saliva biomarkers, and exfoliative cytology. In 

describing the intended use of these different techniques, there is an important 

distinction between screening aids, which implies an ongoing health care 

intervention to identify disease at an asymptomatic stage,57 and case-finding aids, 

which include diagnostic tests or methods applied to patients with abnormal 

symptoms or characteristics to establish a diagnosis. 

1.6.1. Conventional oral exam (COE) 

Though highly successful in other applications such as melanoma screening, 

the utility of the conventional oral exam (COE), which involves a visual and tactile 

inspection of the oral cavity under standard incandescent light, remains 

controversial for oral cancer screening, with several studies suggesting limited 

value for COE in detecting pre-cancerous lesions.58,59 Two recent reviews by the 

Cochrane Collaboration59 and American Dental Association Council on Scientific 

Affairs60 both concluded that there was insufficient evidence to support using COE 

for widespread population screening, especially in asymptomatic patients seeking 

dental care.  However, there is some evidence that oral cancer screening by COE can 

improve early detection and survival in patients that exhibit risk factors such as 

tobacco use and high alcohol consumption.59 
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1.6.2. Toluidine Blue Vital Stain 

Toluidine Blue (also known as tolonium chloride) vital staining is a 

minimally-invasive technique used to identify mucosal abnormalities by selectively 

staining tissues with high DNA and RNA content.61 Due to its simplistic application 

and interpretation, toluidine blue has been used for decades to identify mucosal 

abnormalities of the cervix and oral cavity and has been championed by surgeons as 

a tool for delineating the extent of lesions before excision.57 Due to low sensitivity 

and specificity, toluidine blue is not currently approved by the FDA for screening 

purposes, though other countries have reported moderate success with using the 

vital dye as a screening test or adjunct diagnostic tool.62 

1.6.3. Light-based adjuncts 

Other non-invasive techniques for monitoring the oral cavity for mucosal 

abnormalities have leveraged the intrinsic physical properties of normal and 

abnormal tissue by measuring and visualizing tissue reflectance and 

autofluorescence.  

Currently, two tissue reflectance–based examination tools have been 

marketed under the names ViziLite® Plus and MicroLux™ DL. Both systems involve 

direct visual examination of the oral mucosa under blue-white light following a 1% 

acetic acid solution oral rinse. Due to “aceo-whitening,” abnormal epithelium takes 

on a distinct white appearance contrasted with the lightly blue-stained normal 

epithelium.63 Most published studies on the efficacy of tissue reflectance-based 

screening tools for oral pre-malignancies suffer from several experimental design 

issues, notably a lack of comparison to gold standard scalpel biopsy diagnoses for all 

cases.57 As currently marketed, the benefit of this technology to primary clinicians is 

unclear, as identified lesions must still be confirmed through COE and scalpel 

biopsy. 

Changes in tissue autofluorescence are manifested by changes in the 

scattering and absorption properties of tissues as cellular abnormalities mount and 

can be measured and visualized to differentiate normal and malignant regions. The 
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VELscope device has been marketed for use in oral cancer screening and allows for 

direct autofluorescence visualization of the oral cavity. By exciting tissue at a 

wavelength between 400 and 460nm, normal mucosa emits a pale green 

autofluorescence signal, whereas abnormal and malignant tissue lose their ability to 

autofluoresce and are visualized as dark regions. However, the specificity of this 

technique has been in question as regions of acute inflammation also result in a loss 

of fluorescence.57 While light-based approaches offer simplistic, non-invasive 

surveillance of the oral mucosa, these tools have failed to garner recommendation 

as a screening aid due to current performance limitations; the proportion of early 

stage lesions detected by these approaches has not increased with use.57,64,65 

1.6.4. Saliva transcriptome diagnostics 

Saliva samples from patients have been used to non-invasively monitor the 

presence of certain molecular biomarkers that may be correlated with malignant 

transformation. As saliva reflects virtually the full spectrum of normal and disease 

states,66–68 there is much promise in using this diagnostic fluid for inexpensive, non-

invasive biomarker analysis for assessing the health of the oral cavity in addition to 

detecting systemic disorders. Due to limitations in study design, reported 

performance bias, and the absence of spatial information that correlates to 

particular anatomical regions, the diagnostic utility of these saliva transcriptome 

diagnostics has not been fully realized.64 

1.6.5. Oral exfoliative cytology 

Analysis of cytology specimens is routinely performed in the early diagnosis 

of a range of malignancies including cancer of the cervix, lung and urinary tract 

where atypical squamous cells and intraepithelial neoplastic lesions are identified to 

flag patient samples as normal or abnormal.69 However, oral exfoliative cytology has 

been the subject of debate throughout the last 50 years due to variation in 

diagnostic performance, with reported false positive rates as high as 31%.70,71 The 

performance variation in many studies during this time period was due in part to 

differences in sampling techniques. Exfoliative cells obtained by scraping the lesion 
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surface are often devoid of parabasal and basal cells and therefore do not represent 

the whole thickness of the epithelium. A renewed interest in oral cytology occurred 

following the introduction of a modified sampling brush and accompanying 

commercial lab service by OralCDx® (OralCDx Laboratories, Inc., Suffern, NY, USA) 

in the early 2000’s,72 due to the ability of the transepithelial brush to procure cells 

from the full thickness of the epithelium. 

The pathology service offered by Oral CDx®, based on computer-aided brush 

biopsy analysis, sought to interrogate oral lesions for which scalpel biopsy may not 

be deemed necessary based on a low level of suspicion. While providing a method 

for the non-invasive collection and analysis of lesional cells, in lesions that 

generated an “atypical result” and warranted further investigation, the positive 

predictive value for dysplasia or carcinoma was reported between 30% and 40%.73 

The lack of granular information about disease staging has led to a significant blind 

spot for the adjunctive analysis of these borderline patients. In practice, the clinical 

value of this service is limited as biopsy is required to follow indeterminate and 

abnormal samples to further assess degree of cancer progression. 

1.6.6. Limitations of current techniques  

Despite the oral cavity being one of the most readily accessible locations for 

direct visualization and tactile evaluation, late stage diagnosis still persists, 

contributing to the poor outcome associated with oral cancer. In clinical practice, 

there are three types of oral lesions: (1) lesions that seem to be frankly cancerous 

and should be referred immediately for biopsy or excision, (2) lesions that have 

obvious nonmalignant etiologies and instead warrant close observation and follow-

up, and (3) lesions that fall in the wide gap between these two categories and 

desperately require adjunctive aids to provide additional insight.74  

Though many promising technologies have been proposed as tools for 

characterizing these lesions, several recent reviews of oral cancer adjunctive aids75–

77,57 have determined that the current diagnostic performance based on published 

studies do not warrant the replacement of the current gold standard of scalpel 
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biopsy and histological assessment. In practice, where there is sufficient concern 

about the appearance of an oral lesion for a clinician to consider using one of these 

techniques, many clinicians would subject the lesion to biopsy.78 Thus, the benefit of 

these techniques in the hands of frontline clinicians today is questionable. Because 

of the inherent limitations in current adjunctive aids, as well as the drawbacks of 

repeated biopsy, there exists a compelling need for a quantitative, non-invasive tool 

for diagnosing suspicious lesions, monitoring progression towards cancer, and 

enabling surveillance of recurrent disease.74 

1.7. PMOL monitoring requirements in different clinical settings 

Oral cancer is a complex disease with highly variable outcomes based on 

stage at presentation, demographic risk factors, and global region. Different clinical 

settings require unique solutions to help identify and monitor patients at risk. 

1.7.1. Primary setting perspective 

Dental practitioners and primary care providers are faced with the seemingly 

impossible task of assessing which patient lesions have the highest risk of malignant 

transformation and warrant referral to a specialist, such as an oral surgeon. Being 

exposed to a relatively high prevalence of suspicious lesions (5%),45 these clinicians 

must balance the knowledge that only about 1%42,43 of these lesions will progress to 

OSCC with the fact that scalpel biopsy and dysplasia grading may not accurately 

predict malignant potential.38 

As the first line of defense, these clinicians require adjunctive aids for 

identifying patients in the earliest stages of oral epithelial dysplasia. The majority of 

these patients are visually identified by a leukoplakia or erythroplakia, requiring 

case-finding adjunctive aids in differentiating acute processes that will ultimately 

regress from chronic processes that are likely to develop into dysplastic and 

malignant lesions and require immediate biopsy and histopathological grading. 

While quantitative risk assessment tools that offer granular information on the 
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altered mucosal state of these lesions could find their way into clinical practice, the 

fundamental requirement for adjunctive aids in this setting is to provide reliable 

and accurate risk stratification. Since patients are largely asymptomatic at the 

premalignant and early stages of oral cancer development, screening aids are also 

needed to serve this clinical setting, possibly through a combination of visual 

adjunctive aids such as autofluorescence visualization to identify suspicious 

mucosal regions coupled with exfoliative cytology to probe molecular alterations. 

1.7.2. Secondary and tertiary setting perspective 

Medical professionals in secondary and tertiary clinical settings are often 

faced with challenging decisions of either subjecting referral- and post-therapy-

patients to surgical excision or continued monitoring, which may include repeat 

biopsy. Additionally, these clinicians receive many patients with late stage lesions, 

due to delays in diagnosis,79,80 including patients with multifocal disease, further 

complicating these decisions. In fact, the significant proportion of patients 

presenting with multifocal disease, estimated to affect up to 24% of cases,81 was the 

initial impetus for defining the field cancerization theory.  For accurate assessment 

of the malignant potential of multifocal disease, “field mapping” has been 

recommended,81 where multiple biopsies are collected under general anesthesia. 

Repeat biopsy and field mapping procedures are very costly to the healthcare 

system and extremely unpleasant for the patient. As a result, scalpel biopsies are 

completed far less frequently than is required for optimal early capture of disease 

progression. Non-invasive adjunctive aids have the potential to decrease the 

number of unnecessary biopsies performed by equipping clinicians with 

quantitative, information-rich, risk assessments to supplement or precede the 

information obtained by histopathology. In addition to simple risk stratification, the 

adjunctive tools needed by these clinicians require finer detail that reflects the 

molecular changes to mucosal epithelium in order to monitor patients over time and 

identify lesions that can be excised before they progress into malignancies. 
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1.7.3. High-risk patient population perspective 

High-risk patient populations, including those with underlying genetic 

disorders and compromised immune systems that increase their predisposition to 

cancer development, require an even more rigorous level of surveillance. However, 

scalpel biopsy of high-risk patient groups is often associated with significant 

complications due to diffuse, multi-focal involvement.82 Additionally, these patients 

are often located in regions with limited access to healthcare facilities and expert 

oral medicine specialists. Therefore, adjunctive aids that can be used at the point-of-

care present greater opportunities for the clinicians who serve these high-risk 

populations to gather critical information related to the presence and malignant 

potential of PMOL. 

1.8. Cytology-on-chip approach 

Research projects in the McDevitt laboratory over the past 10 years have led 

to the development of micro-total-analysis systems (µTAS) and bio-sensor 

technologies for the quantitation of different bio-analytes. By creating a versatile 

platform based on the programmable-bio-nano-chip (p-BNC), a continuous 

discovery, validation, and implementation environment has been proposed with 

potential to eliminate bottlenecks in the approval pathway for diagnostic 

biomarkers.  

In developing tools for cellular analysis, the ability to isolate and interrogate 

single-cells within microfluidic structures has been previously reported by the 

McDevitt laboratory for immunophenotyping,1,2,83 bacterial spore detection,84 and 

oral exfoliative cytology.85,3,82 In addition to cell capture, these microfluidic devices 

also serve as a delivery system for efficient transport of fluorescently labeled 

antibodies and wash buffer. The current cytology-on-chip methodology utilized 

throughout this dissertation permits rapid, concurrent analysis of molecular 

biomarker expression and cellular/nuclear morphology for regions of interest (ROI) 

corresponding to single cells extracted from multi-spectral fluorescence images.  
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The general method for collection and processing of oral lesional cells within 

a microfluidic structure was demonstrated previously in the context of a small pilot 

study involving 52 patients using the single biomarker, EGFR, in order to 

differentiate between normal mucosa and OSCC.3 This study yielded preliminary 

logistic regression models with sensitivity and specificity of 97% and 93% 

respectively, alongside area under the receiver operating characteristic (ROC) curve 

(AUC) equal to 0.94. These promising results paved the way for a comprehensive 

follow-up Phase 2/3 clinical characterization-association study described in further 

detail in Chapter 2.  

This cytology-on-chip approach seeks to shift the current clinical practice 

paradigm for diagnosis of potentially malignant oral lesions, by moving away from 

the sole reliance on invasive scalpel biopsies followed by expensive pathological 

examinations with results rendered 2 weeks later on average, to inexpensive, non-

invasive, cytopathologic sampling linked with a state-of-the-art chip-based system 

for rapid and effective analysis of lesion samples. These powerful chip-based tools, 

along with new numerical models, have strong potential to expedite the diagnosis of 

oral cancer and PMOL, prevent unnecessary scalpel biopsies, and convey 

quantitative, molecular level insights regarding oral cancer risk to pathologists and 

oral clinicians for PMOL monitoring and management.  

1.9. Dissertation summary and overview 

The following chapters of this dissertation describe the advances made in 

collecting, processing, and interpreting data from prospectively recruited PMOL to 

develop new adjunctive aids with potential to impact oral cancer risk assessment at 

the primary, secondary, and tertiary clinical setting in addition to high-risk patient 

populations. 

Chapter 2 summarizes the results of a major clinical trial, where the goal was 

to develop binary risk stratification models for PMOL. This chapter begins with a 

critical review of the notoriously low inter-observer agreement rates in oral 
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dysplasia grading, emphasizing the need for unbiased quantitative risk tools to 

alleviate the dependency on subjective interpretation. A systematic procedure for 

addressing the lack of a gold standard is introduced, in addition to an adaptive 

clinical trial design. The results from this pathologist adjudication process are 

presented along with key insights obtained from risk stratification models which 

were trained and validated on this unique dataset. This chapter concludes with a 

discussion of the major findings of this trial and how they may be applied to current 

clinical practice. 

In anticipating future high throughput requirements for cytology-on-chip 

processing, Chapter 3 introduces a novel pumpless fluid routing strategy that has 

the potential to facilitate future efforts directed at assay parallelization. 

Experiments for validating a number of assumptions pertaining to the new fluid 

pumping mechanism are described, covering flow rate analysis using particle image 

velocimetry (PIV), cell distribution, and immuno-labeling signal-to-noise ratio. A 

preliminary analysis is included describing the precision and variability associated 

with parallel sample processing in the current pumpless device. This chapter 

concludes with a discussion on the promise of parallel, passive, cell-based assays as 

well as future considerations to address current limitations. 

Chapter 4 describes the developments in adapting a fully integrated lab-card 

to perform oral cytology-on-chip analysis at the point-of-care. Background 

information on the unique requirements of point-of-care testing and a description of 

the fully integrated bio-sensor platform are provided. Several experiments designed 

to evaluate the equivalence of the lab-card device with the original prototype flow-

cell are described, covering key performance variables such as background signal, 

cell delivery and distribution, and indirect immuno-staining intensity. This chapter 

concludes with a summary of the optimized protocol and design along with future 

recommendations to enable point-of-care testing. 

Building off of the achievements in the previous chapters, Chapter 5 details 

the realization of a continuous risk index for monitoring PMOL in 
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secondary/tertiary settings and in high-risk patient groups. The chapter provides an 

introduction to clinical algorithms and calculators used to guide medical decision 

making, placing their utility in the context of similar motivating needs for oral 

cancer monitoring. The process of training and validating several ensemble machine 

learning algorithms and calculating the aggregated risk score is described along 

with an evaluation of model performance throughout the different development 

stages. The chapter concludes with the application of the numeric risk index to a 

group of high-risk Fanconi Anemia patients. Additional insights are presented from 

molecular and cellular cytology-on-chip measurements of this rare patient group. A 

discussion of the major results from this work and future direction towards 

commercial adoption is included to complete the dissertation.  

 



 

 

Chapter 2 

Risk Stratification for Potentially 

Malignant Oral Lesions 

2.1. Introduction 

It is estimated that 5% of adults in the United States present with a 

worrisome white or red patch or other potentially malignant oral lesion (PMOL) 

during a routine oral examination.45 However, the vast majority of these lesions are 

benign, and only 1-2% will undergo progression into oral squamous cell carcinoma 

(OSCC).86,87 Oral healthcare providers are often the first line of defense in the early 

detection of oral cancer and are faced with the challenge of recognizing PMOL and 

deciding which patients to refer for tissue biopsy. This often difficult decision is 

becoming increasingly burdensome, confounded by the desire to reduce 

unwarranted biopsies and patient discomfort with the changing landscape of 

litigation directed at dentists for failing to refer patients.88  

Clearly, new adjunctive aids are needed for assisting clinicians in primary 

care settings with these difficult referral decisions. However, notoriously low inter-

observer agreement rates in gold standard histopathological grading49 impede the 
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development of new molecular risk assessment tools. As part of a large, prospective 

clinical trial, a strategy was implemented to address this issue with the goal of 

developing an “enhanced gold standard” for OED grading. Objective data derived 

from morphometric and biomolecular features of non-invasively collected oral 

cytology samples calibrated against these adjudicated diagnoses was used to 

develop a series of risk stratification models for PMOL.  

2.1.1. Inter-observer disagreement in oral epithelial dysplasia grading 

Histopathological assessment of PMOL depends on the microscopic grading 

of OED. However, such assessment can be subjective and notoriously unreliable 

with both poor inter- and intra-observer agreement between pathologists when 

assessing histological features.89,90 The challenges here may be traced to the fact 

that grading must impose artificial categories onto what is a diffuse, 

nonhomogeneous continuum of biological change, with no clear boundaries. Thus, it 

is challenging to define precise and reproducible criteria to categorize lesions to 

each side of these artificial boundaries. In general, grading systems work well when 

considering high grade dysplastic lesions or malignancy, but perform poorly for low 

grade dysplastic lesions. For these low grade lesions, changes may be subtle, often 

confounded by considerable overlap with inflammatory and reactive histologic 

changes.91  

Studies of grading systems used for other sites in the head and neck region 

(e.g., larynx) have shown similar weaknesses92, often due to lack of consensus on the 

best grading systems as well as inter-observer variability. One common method of 

quantifying inter-observer agreement is by calculating kappa values. The 

interpretation of kappa statistics throughout this chapter, including references to 

previously published kappa values, is based upon the scale proposed by Altman 

(1991): <=0.20 = poor, 0.21 – 0.40 = fair, 0.41 – 0.60 = moderate, 0.61 – 0.80 = good, 

0.81 – 1.00 = very good.93 In their review, Fleskens et al. (2009)92 noted that 

published kappa values for inter-observer agreement of oral dysplasia varied from 

0.17 (poor) to 0.78 (good). They also found that, similar to other sites, grading of 
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oral dysplasia was more valid and reproducible for severe dysplasia and malignancy 

than it was for low grade lesions. A number of studies have evaluated inter- and 

intra-observer agreement in the grading of dysplasia and all have shown variable 

degrees of agreement which are better for high grade lesions and for pathologists 

trained in the same institution.44,94–96 Abbey et al. (1995)94 studied the degree of 

agreement between 6 pathologists grading 120 lesions. This study revealed that the 

average inter-observer agreement with the original diagnosis of the presence or 

absence of dysplasia was only 81.8% with kappa values ranging from 0.29 to 0.57 

(fair to moderate). The intra-observer agreement by pathologists with their own 

previous grading of dysplasia averaged 81.4% (kappa values ranging from 0.31 to 

0.71). Put another way, when using established histologic criteria, pathologists were 

not able to confirm their own previous opinion that dysplasia was present or absent 

in nearly 20% of cases.94  

2.1.2. Binary grading system 

In an attempt to resolve these issues, Kujan et al. (2006) evaluated a binary 

grading scheme which used the World Health Organization (WHO) morphological 

criteria to categorize dysplastic lesions into either “low-risk” or “high-risk”.97 Kujan 

and co-workers determined that ‘high-risk’ lesions, which subsequently underwent 

malignant transformation, were characterized by at least four architectural changes 

and at least five cytological changes. ‘Low-risk’ lesions, which did not progress, 

showed less than four architectural changes or less than five cytological changes. 

The authors then used these criteria to grade 68 lesions using either the 

recommended 5-point scheme (WHO98) or their proposed binary scheme. Both 

schemes were found to predict malignant transformation with good correlations 

between ‘low-risk’ and hyperplasia or mild dysplasia, and between ‘high-risk’ and 

severe dysplasia or carcinoma in situ. However, the binary scheme was better able 

to categorize lesions showing moderate dysplasia into high- and low-risk groups, 

with 14 of 16 designated as high risk progressing to cancer. The binary scheme also 

showed good discrimination for predicting progression-free survival. However, the 
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overall kappa values for inter-observer agreement were similar in both schemes 

and were only fair to moderate (WHO grading system: 0.22, Binary grading system: 

0.50). In spite of these shortcomings, grading of dysplasia remains the most valid 

method for assessing the malignant potential of PMOL.87  

2.1.3. Motivation for quantitative PMOL risk assessment 

Though decades of studies aimed at developing non-invasive, adjunctive aids 

for monitoring oral lesions have not garnered widespread adoption75, a new era of 

rapid, quantitative, and automated tools are beginning to pave the way towards data 

driven clinical decision making. Recent advances in a diverse consortium of fields 

from automated sample processing to statistical machine learning, microfluidic 

based single-cell analysis,99–101 and high content analysis and screening102–106 have 

fueled a renewed interest in quantitative oral cytology. While offering strong 

potential for enhanced clinical insight relative to early disease detection, the “-

omics” data derived from these new capabilities has a tendency to yield putative 

clinical models that do not perform as well in later validation studies. A recent 

review of 28 studies involving molecular classifiers by Castaldi et al. (2010)107 found 

that the majority selected cross-validation practices that overestimated model 

performance [by ~17% (median) in terms of specificity].  

To address these challenges, our team of bioengineers, oral medicine 

clinicians, oral and maxillofacial pathologists, and cancer biologists, designed and 

executed a prospective, international clinical study with the ultimate goal of 

equipping dental practitioners with simple, automated, quantitative risk assessment 

tools to assist in making difficult biopsy referral decisions. This chapter describes 

this single-cell cytology-on-chip approach in the context of developing a multi-

parameter, image-based, clinical decision tool. Additionally, this chapter will 

describe the oral cytology processing steps and statistical modeling approaches 

involved in developing risk stratification models that mirror the performance of 

gold standard histopathological grading. Key questions that will be addressed in this 

chapter include: 
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1. Can a high content analysis workflow be applied to primary patient cells? 

2. Can quantitative cytology tests produce diagnostic accuracy that rivals the 

gold standard pathology tests? 

3. How does model performance change as a function of the diagnostic split 

position? 

4. What types of data (including cellular attributes and predictive biomarkers) 

provide the most information for differentiating PMOL along the OED 

spectrum? 

2.2. Materials and Methods 

2.2.1. Study design and patient population 

The study was designed as a prospective non-interventional trial involving a 

single visit by patients who presented with PMOL. The study was conducted at four 

sites: i) the University of Texas Health Science Center at Houston, ii) the University 

of Texas Health Science Center at San Antonio, iii) Bluestone Center for Clinical 

Research at New York University, and iv) Sheffield Teaching Hospitals NHS 

Foundation Trust, Sheffield in the United Kingdom. The study was approved by the 

Institutional Review Boards of all participating institutions, including that of Rice 

University where chip-based measurements were completed on brush biopsy 

samples. All patients provided written informed consent. Rho Inc., a contract 

research organization (Chapel Hill, North Carolina), provided statistical, regulatory, 

data management, and clinical monitoring support, as well as operational 

management. Throughout the trial, all data that was collected was entered in a web-

based Electronic Data Capture (EDC) system. 
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Figure 2.1 – Trial design diagram covering patient recruitment, pathologist 
adjudication, and data partitioning between different stages of model 
development. The 282 patients excluded from the study constitute the last 
282 prospectively recruited patients that were not tested prior to the 
completion deadline of the trial due to budget and time constraints. 

Patient groups 

Patients attending Oral Medicine, Oral Surgery, or Otolaryngology clinics at 

the participating institutions were recruited into the study. A total of 999 subjects 

were enrolled into three study groups: 

Group 1: The major group consisted of 775 patients who had OPMDs and who 

underwent a scalpel biopsy as part of the normal standard of care for diagnosis of 

the lesion. 



32 

 
Group 2: The second group comprised 74 patients with OSCC that had been 

diagnosed by a prior scalpel biopsy and confirmed histopathologically within 45 

days of enrollment.  

Group 3: The third group was a total of 150 lesion-free, healthy volunteers. 

Participants in this group provided brush biopsy samples of their tongue and buccal 

mucosa; healthy volunteers did not undergo a scalpel biopsy.  

2.2.2. Clinical protocol 

Patients in Group 1 underwent brush biopsy of the oral lesion (PMOL) and 

also a brush biopsy of the contralateral, clinically normal mucosa. The brush biopsy 

sample was taken immediately before the same lesion underwent a scalpel biopsy 

as described below. Patients in Group 2 underwent brush biopsy of the known 

cancerous lesion, as well as the contralateral, clinically normal mucosa. For healthy 

volunteers in Group 3, a brush biopsy of normal appearing tissue on the lateral or 

ventral surface of the tongue and a brush biopsy of normal appearing tissue on the 

left or right buccal mucosa were taken. Brush biopsy samples were taken using a 

soft Rovers® Orcellex® oral cytology brush (Rovers Medical Devices B.V., Oss, 

Netherlands). The brush was applied directly to the lesion or control oral mucosa 

using mild pressure and rotated 360° approximately 10-15 times in the same 

direction to obtain the cytological sample. 

As part of clinical patient management, a scalpel biopsy was performed on 

Group 1 subjects with oral mucosal lesions suspicious for PMOL following standard 

clinical procedures appropriate for each individual case. Patients in Group 2, who 

previously underwent a diagnostic biopsy, were not subjected to an additional 

scalpel biopsy.  

Histopathological analysis  

Tissue from scalpel biopsies on Group 1 subjects were formalin fixed, 

paraffin embedded and processed for routine histopathologic examination. For 
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patient management purposes, histopathologic diagnosis was made by the attending 

pathologists of the respective institutions following their standard procedures.  

For research study purposes, hematoxylin and eosin stained sections of the 

scalpel biopsy specimens were examined by the four participating study 

pathologists and an adjudicating pathologist (pathologist qualifications and 

affiliations available in Speight et al. (2015)).108 In addition to the diagnostic slide 

used for patient management, two consecutive serial sections were prepared for 

each specimen and sent for research review by two pathologists (designated as 

reviewers A and B) blinded to the clinical and microscopic diagnosis, and to the site 

of the lesion. Reviewers A and B therefore reviewed different slides from the same 

lesion – but these were adjacent serial sections and therefore only approximately 

5µm apart. Each pathologist independently categorized each case into one of 7 

microscopic diagnostic categories based on the 2005 WHO guidelines for typing of 

cancer and precancer of the oral mucosa (Table 1.1). The exact terminology and 

their respective microscopic descriptions used were agreed upon in advance by the 

pathologists participating in the trial, facilitated by the contract research 

organization that provided oversight for the study. There was no attempt to 

calibrate the pathologists beyond the agreed terminology summarized in Table 1.1. 

For subjects with a previously diagnosed malignant lesion, slides generated from 

the initial biopsy that led to the diagnosis of malignancy were used to confirm the 

diagnosis. 

Since the microscopic classification of the biopsies were to be used as a gold 

standard for the cytology-on-chip machine learning and diagnostic model selection, 

research diagnoses of the biopsies needed to be as objective as possible. These were 

based solely on an analysis of the architectural and cytological changes following the 

WHO guidelines.98 As such, when the research pathologists evaluated and classified 

the lesions into one of the 7 research diagnostic categories, they were blinded to the 

patient’s clinical findings, the clinical impressions of those who had taken the 

biopsy, and the original histopathology report generated for patient management 

purposes.   
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Figure 2.2 – Flow chart illustrating the process for the enhanced gold standard 
adjudication sequence. 
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2.2.3. Adjudication process for improving inter-observer agreement 

To enable the research pathologists to reach agreement on the 

histopathological diagnosis of each biopsy, a 3-stage review process was 

implemented as shown in Figure 2.2. The process was completed as follows: 

Adjudication  

After the first independent examination of the sections, if pathologists A and 

B agreed, then this diagnosis was accepted as the gold standard diagnosis for those 

cases. Since the goal of the study design was to increase the level of inter-observer 

agreement, a pragmatic decision was made to accept an agreed upon diagnosis as 

final, which is the norm for most studies. If there was disagreement between the 

two pathologists, BOTH slides were reviewed by a third independent pathologist for 

adjudication who was independent of the previous review stages and blinded to the 

clinical details, to the original diagnosis and to the opinions of reviewers A and B.  A 

majority diagnosis (i.e., agreement by 2 out of the 3 pathologists (reviewer A, 

reviewer B and adjudicating pathologist)) was accepted as the enhanced gold 

standard diagnosis.  

Consensus Review  

For those cases where the adjudicator did NOT agree with either reviewer A 

or B, slides were subjected to a consensus review at which Reviewers A and B and 

the adjudicating pathologist met for a face-to-face meeting at UTHSC Houston. BOTH 

slides for each case were reviewed and discussed, and the three pathologists 

reached agreement on a diagnosis. Rather than isolating the three pathologists, the 

slides were reviewed and discussed as a group in order to maximize the probability 

of achieving an accurate final diagnosis. As with the initial reviews, diagnoses were 

based on histology alone. Clinical information was not provided to the pathologists. 

Additionally, the consensus review was performed independent of the initial 

histopathological assessment (i.e., reviewers were blinded to the original diagnoses 

and comments). Slides were reviewed using a multi-head microscope. 
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The diagnosis was recorded on a source document worksheet for each case 

undergoing consensus review. Using the provided worksheet, the new diagnosis 

was recorded separately from the initial diagnosis to ensure all original data was 

maintained. Following completion of the review, data were entered into the 

Electronic Data Capture system.  

Binary Review  

Using the previously published grading criteria, all cases were reclassified 

according to the method described by Kujan et al97 as a high-risk or low-risk lesion. 

High-risk lesions included all lesions graded as severe dysplasia or carcinoma in 

situ, and low-risk lesions included lesions graded as non-dysplastic or showing mild 

dysplasia. The binary classification review was undertaken to re-classify all cases 

graded as moderate dysplasia into the high- or low-risk categories.97 The review 

was undertaken at the same time as the consensus review during a face-to-face 

meeting at UTHSC Houston. All cases with a final research diagnosis of moderate 

dysplasia were shipped to the UTHSC Houston site prior to the meeting and any 

cases designated as moderate dysplasia during the consensus review were 

subsequently included in the binary classification review.  

Each moderate dysplasia case (two slides per subject) was reviewed by two 

pathologists. The two pathologists discussed and scored the approved architectural 

and cytological criteria97,98 and determined if the lesion should be categorized as 

high-risk or low-risk. Lesions with 3 or less architectural criteria or 4 or less 

cytological criteria were re-classified as low-risk. Lesions with 4 or more 

architectural criteria and 5 or more cytological criteria were re-classified as high-

risk. As with the initial, adjudication, and consensus reviews, diagnoses were based 

on histology alone, and clinical information was not provided to the pathologists. 

The diagnosis was recorded on a source document worksheet for each case 

undergoing review. Using the provided worksheet, the new binary diagnosis was 

recorded separately from the initial, adjudication, and consensus diagnoses to 

ensure all original data were maintained. Because the study was designed to use the 
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final diagnoses in assigning low-risk or high-risk status, the binary review process 

did not assess inter-observer agreement levels. 

2.2.4. Cytology-on-chip sample processing 

At the clinical site’s laboratory, brush biopsy samples were immediately 

processed, frozen, and stored in a -80oC freezer until they were sent in batches to 

the McDevitt Laboratory at Rice University according to standard operating 

protocols. This cytology-on-chip methodology permitted concurrent analysis of 

molecular biomarker expression and cellular/nuclear morphology using over 200 

fluorescence intensity and shape parameters for each region of interest (ROI) 

extracted from multi-spectral fluorescence images (Figure 2.3, Panel I). The time to 

complete this chip-based image analysis is approximately 20 minutes following 

sample preparation vs. about 1-3 days to complete a typical gold standard pathology 

exam.  
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Figure 2.3 – Diagram of cytology-on-chip processing and sample images.  
Panel I.) Processing workflow in which a brush cytology sample is collected 
(A), processed in a suspension, and delivered through the microfluidic 
platform (B) to a cell-capture, nano-porous membrane (C). Multi-spectral 
fluorescence images are recorded (D) and analyzed with automated software 
to identify single cells (E) and extract these regions for measurement (F). 
Panel II.) Representative histopathological (H&E staining) images (A-B) and 
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immunofluorescence-cytology images (C-D) for 4 different patients. (A, C) are 
derived from Benign (Fig. 1.II.A = lichen planus diagnosis) and (B, D) from 
OSCC diagnoses as confirmed from independent agreement between two 
reviewing pathologists. Scale bars for A, B, C, and D = 100 µm.  

The molecular biomarkers used in this study (EGFR, αvβ6, CD147, β-catenin, 

MCM2, and Ki67) were selected based on their capacity, through prior 

immunohistochemistry studies, to distinguish stages of disease progression towards 

OSCC for patients with PMOL. These markers fall predominantly into two groups: 1) 

cell surface markers: αvβ6 (an integrin receptor undetectable in normal oral 

epithelium, but highly expressed in dysplasia and OSCC109,110); CD147 (EMMPRIN) 

(a multifaceted molecule that facilitates tumor progression by several 

mechanisms111); β-catenin (a transcription factor in the Wnt pathway, which 

promotes transcription of genes involved in cellular proliferation and apoptosis 

inhibition112); EGFR (a transmembrane glycoprotein whose overexpression may 

contribute to tumor progression112); and 2) nuclear markers of proliferation/cell 

cycle regulation: MCM2 (an essential component for DNA replication associated 

with deregulated expression in dysplastic and malignant epithelial cells113,114); Ki67 

(a marker of proliferation that is overexpressed at initial stages of oral 

carcinogenesis112). Examples of immuno-fluorescence intensity profiles for each of 

these biomarkers are provided in Figure 2.6 as raw data from cytology-on-chip 

processing. 

Brush sample processing protocol  

Immediately after brush cytology samples were collected, cells were 

harvested by vortexing the brush head in minimum essential medium (MEM) 

culture media, followed by a PBS wash, re-suspension in FBS containing 10% of the 

cryo-preservative dimethyl-sulfoxide (DMSO), frozen, and stored in a -80oC freezer 

at the clinical site until samples were shipped in batches to the McDevitt Laboratory 

at Rice University.  
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Prototype laminate microfluidic devices were assembled in-house by 

manually aligning separate component layers (Figure 2.4). The base layer was laser 

machined from 3/8” acrylic (McMaster Carr, Elmhurst, IL, # 8774K42) to 

accommodate fluidic ports and a sub-membrane cavity. A stainless steel frit was 

embedded in the acrylic base as a membrane support. Directly over the frit, a 

polycarbonate track-etched membrane with 0.4µm pores was anchored by the fluid 

delivery adhesive channel assembly. These microfluidic channels were cut from 

double-sided adhesive film (DSA), vinyl, and thermoplastic film using a precision 

plotter cutter with sub-25-µm resolution (Summa D75, Summa Inc., Seattle, WA). 

Dimensions for the device were as follows: channel height = 125µm, channel width 

= 1.2mm, and exposed membrane area = 20mm2. 
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Figure 2.4 – Exploded diagram of prototype flow-cell device used to perform 
cytology-on-chip assays 

Prior to processing on the microfluidic device, patient samples were thawed 

rapidly in a 370C water bath, washed with PBS, and fixed for one hour in 0.5% 

formaldehyde prepared fresh from a 16% stock solution (Polysciences, Warrington, 

PA, #18814-20). After fixation, cells were washed twice in PBS, re-suspended in 

150µL 0.1%PBS with 0.1% BSA (PBSA), and stored at 40C until ready to process. 

Before sample delivery, the cell suspension was diluted in a 20% glycerol/0.1% 
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PBSA solution to improve cell distribution across the membrane and to reduce cell 

clumping.  

Using a custom built manifold connecting external fluidic tubing to the inlet 

and outlet ports of the microfluidic device, the assembly was positioned on a 

robotically controlled microscope stage (ProScan II, Prior Scientific, Cambridge, UK) 

and connected to a peristaltic pump (SciQ 400, Watson Marlow, Wilmington, MA) 

and manually controlled 6-position injector valve (Vici, Valco Instruments, Houston, 

TX). Antibody stock solutions were vortexed for 30 seconds and centrifuged at 

14,000rpm for 5min before preparing working dilutions to avoid precipitates.  

All microfluidic cytology-on-chip assays contained Phalloidin and DAPI in the 

secondary antibody cocktail, but each was specific for a single molecular biomarker 

primary-secondary antibody pair. Working dilutions of antibodies were prepared in 

0.1%PBSA with 0.1% Tween-20 (EMD Millipore, Billerica, MA, # 655206). Primary 

monoclonal antibodies were raised from either mouse [EGFR (Life Technologies, 

Carlsbad, CA, #MS-378-P, 10µg/mL) and β-catenin (BD Transduction Labs, San Jose, 

CA, #610154, 20µg/mL)], rabbit [avb6 (Abcam, Cambridge, MA, #Ab124968, 

6µg/mL), Ki67 (Abcam #Ab15580, 29µg/mL), and MCM2 (Abcam #Ab108935, 

10µg/mL)], or goat [CD-147 (EMMPRIN) (R&D Systems, Minneapolis, MN, #AF972, 

20µg/mL)]. AlexaFluor-488 conjugated secondary antibodies were specific for F 

(ab’)2 fragments of mouse IgG (Life Technologies #A11017, 20µg/mL for EFGR and 

β-catenin), rabbit IgG (Life Technologies #A11070, 50µg/mL for avb6, 64µg/mL for 

Ki67, and 23.5µg/mL for MCM2), or goat IgG (Life Technologies #A11078, 40µg/mL 

for CD147). A working concentration of 0.33µM was used for Phalloidin-AlexaFluor-

647 (Life Technologies #A22287) and 5µM for DAPI (Life Technologies #D3571). 

In summary, the cytology-on- chip sample processing comprised of the 

following steps: 1) the device was primed with PBS at a flow rate of 735µL/min for 2 

minutes, 2) the cell suspension in 20% glycerol/0.1% PBSA was delivered at 

1.5mL/min for 2 minutes, 3) cells were washed with PBS at 1mL/min for 2.5min, 4) 

the primary antibody solution was delivered through a 0.2µm PVDF syringe filter at 
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250µL/min for 2.5min, 5) a wash step similar to step 3 was performed, 6) the 

secondary antibody solution was delivered under the same conditions as step 4, 7) a 

final wash step was performed, and 8) automated image capture was performed.  

Sample digitization 

Images were recorded with a motorized reflected fluorescence microscope 

(Olympus BX-RFAA) equipped with a CCD camera (Hamamatsu ORCA-03G) through 

a 10x objective (10x/0.30NA UPlanFl, Olympus). A total of 25 unique fields of view 

(FOVs) repeated for 3 different z-focal planes were automatically captured across 

the 20mm2 membrane area using a robotic x-y-z microscope stage. Due to the 

complex three-dimensional morphology of oral squamous cells, multiple z-focal 

planes were captured and subsequently combined into a single, enhanced depth-of-

field image to simplify the multi-spectral detection of the three fluorescent labels 

using the stack focuser macro built into ImageJ 

(http://rsb.info.nih.gov/ij/plugins/stack-focuser.html).   

Combinations of custom macros and the open-source image analysis tools 

ImageJ115 and Cell Profiler103 were developed to automatically detect individual cells 

and define their nuclear and cytoplasmic boundaries as individual regions of 

interest (ROI). These ROIs were used to obtain intensity measurements of the three 

spectral channels and to define morphometric parameters. The DAPI and Phalloidin 

molecular labels served primarily to assist in the automated segmentation of 

individual nuclei and cytoplasm objects, respectively.  

2.2.5. Data processing   

Unlike most biomarker classification models that are developed with a single 

measure for each biomarker per patient, this study cataloged an average of 2,000 

cells per patient, resulting in nearly 13 million indexed objects, each with over 50 

unique measurements to digitize biomarker expression profiles and cytoplasm and 

nuclear morphology. To reduce the magnitude of this database to a computationally 

appropriate size, statistical measures were used to represent the magnitude and 



44 

 
distribution of cellular features for individual patients. Each biomarker was 

summarized using the following distributional measures: 1) Mean, 2) Median, 3) 

Variance, 4) Standard deviation, 5) Coefficient of variation (cv), 6) Skewness, 7) 

Kurtosis, 8) 10-th Percentile, 9) 25-th Percentile, 10) 75-th  Percentile, 11) 90-th 

Percentile, 12) >0.5 Z-Score (percent of cells with biomarker values greater than 0.5 

standard deviations away from healthy cells), 13) >2.0 Z-Score (percent of cells with 

biomarker values greater than 2.0 standard deviations away from healthy cells), and 

14) >3.0 Z-Score (percent of cells with biomarker values greater than 3.0 standard 

deviations away from healthy cells).  

Of the 999 recruited patients, a total of 629 PMOL and 85 previously 

diagnosed malignant cases were measured. The slight enrichment of the malignant 

cases allowed for a more substantial model development process with more 

equivalent class sizes. All other patients were prospectively recruited based on their 

exhibiting PMOL for which scalpel biopsy was a necessary part of the standard 

clinical practice. Histopathological assessment of biopsy specimens was used to 

place lesions in one of six categories of oral epithelial dysplasia (OED). These 

comprised 348 benign, 49 mild dysplasia, 18 moderate dysplasia, 12 severe 

dysplasia, 2 carcinoma in situ (CIS), and 135 malignant lesions in addition to 150 

healthy controls. 

In order to develop the predictive models in this study, the data was split into 

optimization, training, and testing sets with 250, 311, and 153 patients, respectively, 

for a total of 714 patients with cytology-on-chip measurements. 

Random forests 

Random forests are an ensemble modeling approach composed of a 

collection of single decision trees and have been shown to be extremely resistant to 

outliers.6 During model development, 1,000 randomly generated classification trees 

were fit to bootstrapped samples, with replacement. Each node of the generated 

decision trees was fit to a randomly generated subset of 15 parameters from the 

total 172. Initial random forest analyses used equal weights for “non-case” and 
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“case” with cutoff points of 0.5 and 0.5, respectively. Additional weights of (0.6, 0.4), 

(0.65, 0.35), and (0.7, 0.3) were used to adjust the decision weighing between “non-

case” and “case”, respectively. The sample weighting and choice of cutoff were 

manipulated in order to achieve approximately 90% and 85% sensitivities in the 

training models. The random forest models require that there are no missing 

independent variables, therefore two patients were excluded. 

LASSO L1-Regularized-Logistic Regression 

The LASSO methodology is a shrinkage and subset selection method that 

iteratively shrinks parameter effect sizes in order to help prevent against over-

fitting. Model parameters identified by the LASSO methodology are the remaining 

parameters for each model after all other model parameter effects shrink to zero. 

Prior to LASSO model fitting, all parameters were standardized as z-scores. Model 

decisions were weighted to (2,1) for “non-case” and “case” respectively for the 

benign-mild dysplasia split and (3,1) for all others. 

2.3. Results 

2.3.1. Adjudicated diagnosis agreement 

Of the 849 recruited patients in groups 1 (PMOL lesions) and 2 (patients with 

previously diagnosed OSCC), a total of three patients were excluded from the 

pathologist agreement analysis due to one of their two slides being inadequate for 

diagnostic purposes, resulting in a total of 846 specimens for review. The initial 

review stage consisted of different pairs of pathologists. Separate agreement levels 

for these pairs of pathologists (Table 2.1) were calculated using the kappa statistic 

and percent agreement. Kappa statistics ranged from 0.251 to 0.706, translated as 

“fair agreement” to “good agreement” based on the interpretation set by Altman 

(1991).9 The breakdown of observed reviewer agreement across the 7 diagnostic 

categories is shown in Table 2.2. 
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Table 2.1  -Agreement of reviewing pathologists during Initial Review Stage. 
Percent agreement and kappa values are shown for individual pathologist 
pairs.  

Initial Review 

Reviewing 
Pathologists 

N 
Kappa 

(Interpretation) 

Kappa 

95% CI 
% Agreement 

i | ii 147 
0.706 

(Good) 

(0.618, 
0.793) 

81.0% 

i | iii 245 
0.513 

(Moderate) 

(0.427, 
0.600) 

79.6% 

ii | iii 115 
0.251 

(Fair) 

(0.126, 
0.377) 

65.2% 

iii | iv 105 
0.463 

(Moderate) 

(0.336, 
0.589) 

68.6% 

ii | iv 234 
0.423 

(Moderate) 

(0.339, 
0.508) 

62.0% 

     

The two reviewers were in full agreement for 591 (69.9%) of the 846 cases 

that were reviewed across 7 diagnostic categories. When full agreement was not 

achieved, slides were reviewed by an independent pathologist as part of the 

adjudication stage. Following this stage, an additional 22.8% of cases were given a 

consensus diagnosis. For the remaining 7.3% of cases in which all three pathologists 

(the two reviewers and adjudicating pathologist) lacked agreement, a face-to-face 

consensus review was performed. Following consensus review, agreement was 

reached on the diagnosis for 100% of the 846 eligible cases.   
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Table 2.2  - Level of agreement in lesion diagnoses after Initial Review Stage. 
Values represent the number of cases per diagnostic-label-pair for 2 
pathologists. 

Percent 
Agreement 

69.9% 

 

Normal Benign 
Dysplastic 

Mild 
Dysplastic 
Moderate 

Dysplastic 
Severe 

Dysplastic 
Carcinoma 

in situ 
Malignant 

Normal 0       

Benign 1 408      

Dysplastic 
Mild 

0 128 31     

Dysplastic 
Moderate 

0 41 38 14    

Dysplastic 
Sever 

0 8 4 16 5   

Dysplastic 
Carcinoma      

in situ 
0 0 0 1 1 3  

Malignant 1 5 3 2 5 1 130 

        

Final classifications were determined throughout the 3-stage adjudication 

process whenever full agreement or majority agreement was reached. Of the 846 

lesion samples, 545 (64.4%) were classified as benign lesions, 107 (12.6%) as mild 

epithelial dysplasia, 33 (3.9%) as moderate dysplasia, 16 (1.9%) as severe dysplasia, 

3 (0.4%) as carcinoma in situ, and 142 as OSCC (16.8%).  All moderate dysplasia 

diagnoses were further reviewed using a binary review, “low-risk/high-risk” 

classification system. Using this system, 662 (78.2%) of the 846 lesion samples were 

classified as low-risk and 184 (21.7%) were classified as high-risk. Of the 33 lesions 
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classified as moderate dysplasia, 10 were re-classified as low-risk and 23 were re-

classified as high-risk.   

 

Figure 2.5 – Continuous number-line depiction of oral epithelial dysplasia 
spectrum with associated pathologist disagreement. A) Disagreement rate and 
number of consensus review cases required as a function of final diagnostic 
category. B) Dysplasia spectrum with the 4 “diagnostic splits” referenced in 
the risk stratification model development (2|3 = Benign  | Mild dysplasia, 3|4 = 
Mild | Moderate dysplasia, H|L = High |Low risk, 4|5 = Moderate  | Severe 
dysplasia. 

2.3.2. Model Development 

The completion of this clinical trial resulted in the formation of several 

different classification models used to correlate the biomarker signatures of 

individual patients to a pre-defined disease category. These categories were derived 



49 

 
by dichotomizing the clinical spectrum of diagnoses at several cut-points (Figure 

2.5b) according to the 2005 WHO 5-point histopathological grading system of OED98 

and the binary low/high-risk grading system of OED by Kujan et al.97 
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Figure 2.6 – Sample raw data from cytology-on-chip analysis of histologically 
confirmed malignant samples.  
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Biomarker profiles are included for A) αvβ6, B) CD147, C) EGFR, D) Geminin, 
E) Ki67, and F) MCM2 

Three major statistical machine learning techniques were utilized in this 

study that minimize effect size inflation and selection bias in developing 

classification models, namely random forests using “out of bag” validation, the L2-

regularized logistic regression (LASSO) methodology, and logistic regression. In 

addition, different subsets of parameters were evaluated consisting of biomarkers 

(molecular + morphometric), clinical lesion characteristics, and demographic risk 

factors. The goal of this approach was to obtain a sparse model reducing the number 

of parameters to prevent data over-fitting and yield generalizable models with high 

stability. This chapter details the best performing models developed using random 

forests and the LASSO methodology. The classification models were fit to 2/3 of the 

data (training dataset) while blinded to the remaining 1/3 of the data (test dataset). 

Importantly, assays were completed in a blind fashion for all samples in the 

validation phase.  

In addition to creating classification models, random forests can be used to 

automatically probe variable importance in high dimensional datasets. Variable 

importance, quantified by the Gini index decrease, can be interpreted as the relative 

ability of a specific parameter to discriminate between “case” and “non-case” for the 

diagnostic split in question, and is therefore an estimate of the informative value of 

a parameter. These results are summarized as a heatmap in Figure 2.7 and Figure 

2.8. Definitions for abbreviated parameter names are provided in Table 2.3. 

These results indicated that the information derived from the molecular 

biomarkers was better suited for distinguishing benign lesions from dysplastic + 

malignant lesions than for lesions at the higher end of the diagnostic spectrum 

(cumulative normalized Gini index ranges: 0.204 – 0.810 (2|3), 0.137 – 0.554 (3|4), 

0.139 – 0.540 (H|L), 0.111 – 0.432 (4|5)). Conversely, the morphometric parameters 

cell area, cell circularity, and NC ratio along with the proliferation biomarker Ki67 

demonstrated high importance across all 4 dichotomous splits.  
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To confirm the stability of the cytology dataset as it relates to model 

development, Gini indices across 5 percentile summary measures (Figure 2.7b) 

were compared to box plots of key variables (Figure 2.7c). Variable importance was 

consistent with the observed biomarker trends for patients in different diagnostic 

categories. This key finding supports the development of stable models that 

translate the underlying biological phenomena into measures of variable 

importance in automated parameter selection.  
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Figure 2.7 - Variable importance from random forest models.  A) Univariate 
heat map of Gini values to evaluate variable importance across all 4 diagnostic 
splits (y axis). Gini values from each model were scaled between 0 and 1 to 
generalize relative variable importance across all models, wherea value of 1 
implies that the variable is better able to discriminate between “case” and 
“non-case” than a variable with a value closer to 0. Groups of parameters are 
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labeled by their corresponding marker; single boxes represent specific 
summary measures (see Figure 2.8 for more detailed labeling). Heatmaps 
should not be interpreted as expression, but rather as the information content 
associated with each parameter in its ability to differentiate between “case” 
and “non-case”. B) Parameter subset from (A) to focus on summary percentile 
measurements (p10, p25, p50, p75, p90 = 10th, 25th, 50th, 75th, 90th percentile 
values).  C) Box-and-whisker plots showing the distribution of median values 
across full dataset for Circularity (unit-less value between 0 and 1), Ki67 
(units = arbitrary fluorescence units (afu), nuclear-to-cytoplasmic (NC) ratio 
(unit-less ratio), and Cell Area (units = px2), respectively. The box bottom and 
top represent the 25th and 75th percentiles, respectively. Median values are 
connected between boxes, and whiskers down/up to 1.5 interquartile range. 
(Ben = benign, Mild = mild dysplasia, Mod+ = moderate/severe/CIS dysplasia, 
Mal = malignant). 
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Figure 2.8 - Heatmap of random forest variable importance based on Gini 
index (Enlargement from Figure 2.7; Parameter definitions found in Table 
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2.3). a = benign/mild-dysplasia, b = mild/moderate-dysplasia, c = low-
risk/high-risk, d=moderate/severe-dysplasia.  
 
Table 2.3 - Abbreviations and Full names of summary statistics and biomarker 
labels from Figure 2.8 

Summary Statistic Measures (Abbreviation | Full name) 

cv Coefficient of variation 

inter Variance 

kurt Kurtosis 

mean Mean 

med Median 

p10 – p90 10th percentile – 90th percentile 

skew Skewness 

std Standard deviation 

Z_0_5 >0.5 Z-Score 
Percent of cells with biomarker values 
greater than 0.5 standard deviations away 
from healthy cells 

Z_2_0 >2.0 Z-Score 

Z_3_0 >3.0 Z-Score 

Biomarker Names (Abbreviation | Full name) 

AVB6 αvβ6 

C147 CD-147 (EMMPRIN) 

EGFR EGFR (epithelial growth factor receptor) 

KI67 Ki67 

LNB Number of lone nuclei 

MCM2 MCM2 

NRAT Nuclear-to-Cytoplasmic area ratio 

NUAR Nuclear Area 

SPEK “Speckled cell” –intermediate cells smaller than WBCs 

WBC White blood cells (count) 

WBCF White blood cells (fraction of total cells) 

WCAR Whole cell area 

WCIR Whole cell circularity 
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LASSO Automated Variable Selection 

The use of the LASSO methodology helps prevent over-fitting a model by 

iteratively shrinking parameter effect sizes. The popularity of this method stems 

from its ability to automatically select the most influential variables and eliminate 

redundant model parameters that can be a major factor in high-dimensional data 

sets. A variable-association visualization for the LASSO methodology is presented as 

a chord diagram (Figure 2.9) where the chord width corresponds to the relative 

contribution of each parameter to model performance across the 4 diagnostic splits, 

in terms of its standardized odds-ratio. 
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Figure 2.9 - Chord Diagram of LASSO model parameter odds-ratios.  
Chord width refers to the relative contribution of a particular variable, based 
on standardized odds-ratios, calculated by exponentiating individual 
parameter coefficients from the logistic regression models. Odds-ratios of 
single parameters represent the odds that a model will predict the “Case” 
diagnosis for an increase of one standard deviation for the standardized (unit-
less) parameter while holding all other parameters constant. Model splits are 
identified on the right side and their corresponding variables on the left side. 
Parameters are further color-coordinated by categorical grouping: Lesion 
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characteristics (L. Size = Lesion Size, L. Color = Lesion Color, LP = presence of 
the clinical features of lichen planus), Nuclear parameters (NC = NC-ratio, Nuc 
Area = nuclear area), Biomarkers (αvβ6, CD147, EGFR, Ki67, MCM2), and 
Cytomorphometric parameters (circularity, cell area). Summary statistic 
measures include A: coefficient of variation, B: variance, C: median, D: 10th 
percentile, E: 25th percentile, F: 75th percentile, G: 90th percentile, H: skewness, 
I: standard deviation, J: >0.5 Z-Score, K: >2.0 Z-Score, L: short-axis, M: long-
axis, *: Log-scale, 2: squared.  

Key parameters identified by the LASSO methodology included proliferation 

biomarker Ki67, cell area, cell circularity, nuclear area, and NC-ratio. Consistent with 

the random forest variable importance analysis, the odds-ratios from molecular 

biomarkers played a more significant role in differentiating benign lesions from 

dysplastic + malignant lesions than in models at other diagnostic splits (combined 

odds-ratios of 9.558 (2|3), 3.337 (3|4), 4.087 (H|L), 3.253 (4|5)). Of the molecular 

biomarkers, Ki67 provided the most discriminatory information with odds-ratios of 

1.162 (median, log-scale), 1.354 (10th percentile, log-scale), 1.184 (10th percentile, 

log-scale), and 1.307 (10th percentile, log-scale) ((2|3), (3|4), (H|L), (4|5)). Several 

parameters demonstrated consistent model effects across all 4 diagnostic splits 

including cell area (average odds-ratios of 0.835, 0.935, 0.969, 0.904), nuclear area 

(1.111, 1.023, 1.116, 1.028), and lesion size (1.139, 1.072, 1.124, 1.183), ((2|3), 

(3|4), (H|L), (4|5)). Furthermore, LASSO results indicated that each of the four 

diagnostic targets requires a different combination of variables to achieve its 

highest performance. 
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Figure 2.10 – Network plot of variable associations during model development 
process by diagnostic split, A) Benign-Mild Dysplasia, B) Mild-Moderate 
Dysplasia, C) Low-High risk, D) moderate-severe Dysplasia. Node diameter is 
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scaled to aggregated beta coefficient value from Lasso logistic regression 
model (analagous to model weight). Edge widths are scaled to association 
frequency where thicker lines indicate a greater number of occurences of two 
parameters than thin lines. Network layout defined by Fruchterman-Reingold 
algorithm. 

The combination of heterogeneous variables for each model were further 

evaluated as “networks” of associated variables by tracking the appearance of 

discrete variables across 50,000 model development iterations (Figure 2.10) using 

the igraph package in R116 in a method similar to that used by Borkulo et al. 

(2014).117 In this network plot arrangement, smaller circles with many connections 

indicate variables whose information may be redundant and can be replaced with 

alternative features. It is worth noting that the “information” or “value” as described 

here pertains to the ability of a parameter to successfully differentiate among 

different stages of OED and does not refer to the absolute value of the parameter as 

it relates to cytology measurements. Larger circles indicate key variables that are 

not easily exchanged; when these are replaced for other variables, significant 

performance drops occur. Thick lines indicate coupled variables that provide 

synergistic information, that is, the substitution of one of these variables is 

associated with a decrease in model performance. 

Results from this network analysis indicated that each diagnostic split was 

associated with unique parameter composition, each relying on a heterogeneous 

source of data where no single parameter provided the sole source of diagnostic 

information. Furthermore, these parameter networks revealed a surprising 

commonality that the core of each diagnostic split was based on a combination of 

cytomorphometric, biomolecular, and lesion characteristic information. These 

“triads” consisted of parameters CD147, cell circularity, and lichen planus status for 

the Benign-Mild Dysplasia split; NC ratio, EGFR, and erythroplakia for the Mild-

Moderate Dysplasia split; cell area, Ki67, and lesion diffuse status for the Low-High 

risk split; and cell area, Ki67, and erythroplakia for the Moderate-Severe Dysplasia 

split. Lesion characteristic information also appeared to be more prominent in 



62 

 
discerning early stage lesions than late stage lesions. This finding agrees with 

conventional wisdom that this extra information may be useful in accounting for 

benign inflammatory conditions at the low end of the dysplastic spectrum. 

2.3.3. Model Performance 

 A single primary diagnostic model and numerous secondary models were 

selected by the study team through a rigorous process involving participation of 

three independent statisticians. This blinding process allowed for this trial to 

complete both model development and model validation phases. The latter was 

accomplished in a fully blinded manner with the oversight of a contract research 

organization (Rho Inc., Chapel Hill, NC) using external data that was not employed 

for model development. A summary of the performance values obtained for the 

LASSO and random forest classification models is provided in Table 2.4 and Figure 

2.11.  
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Table 2.4 – Model performance for final Lasso and random forest models. 
Parameter restricted models include: BM (biomarker data only) and BML 
(biomarker + lesion charachteristics) 

 

  Training Validation 

 
Dichotomous 
split 

Parameters Sens 
% 

Spec 
% 

AUC Sens
% 

Spec% AUC 

L
as

so
 

Low || High BM 90.8 58.7 0.871 85.0 59.2 0.802 

 BML 90.7 64.5 0.884 78.6 70.4 0.836 

        

Benign || Mild BM 90.1 45.0 0.814 92.7 53.1 0.800 

 BML 89.9 52.0 0.844 89.1 55.1 0.846 

        

Mild || 
Moderate 

BM 89.7 60.1 0.869 82.9 60.5 0.809 

BML 89.6 67.2 0.880 82.9 72.3 0.839 

        

Moderate || 
Severe 

BM 89.4 72.6 0.903 77.1 73.6 0.846 

BML 90.8 73.8 0.917 85.7 80.0 0.883 

         

ra
n

d
o

m
 f

o
re

st
 

Low || High BM 89.5 51.1 - 86.8 53.0 - 

 BML 89.3 51.3 - 86.8 51.3 - 

        

Benign || Mild BM 91.0 42.0 - 90.9 50.0 - 

 BML 89.0 48.0 - 90.9 52.0 - 

        

Mild || 
Moderate 

BM 89.7 49.4 - 87.2 51.8 - 

BML 87.0 50.4 - 87.2 52.6 - 

        

Moderate || 
Severe 

BM 90.9 56.3 - 84.9 59.2 - 

BML 87.7 65.6 - 78.8 68.3 - 
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The LASSO logistic regression model trained with the molecular biomarker 

and lesion characteristic datasets for differentiating Low-risk and High-risk lesions 

was selected as the primary classification model in this study based on its superior 

performance in the model development stage (based on averaged high sensitivity, 

specificity, and AUC). These efforts yielded AUC values of 0.88 and 0.84 for the 

training and validation models, respectively.  

 

Figure 2.11 – 3D bar chart displaying AUC values for the training dataset (A) 
and the validation dataset (B) for Lasso models. The three parameter-
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restricted datasets include: BM = biomarker data only, BML = biomarker data 
+ lesion characteristics, and BMLRF = biomarker data + lesion characteristics 
+ patient demographic risk factors. 

Across the training and validation datasets, the LASSO models that included 

lesion characteristics outperformed those trained on biomarkers alone by boosting 

specificity an average of 6.56% (SD = 3.77%) (Sens: avg = -0.05%, SD = 4.31%; AUC: 

avg = 2.69%, SD = 1.28%). Interestingly, the addition of lesion characteristics did 

not appear to affect random forest models significantly (Sens: avg = -1.78%, SD = 

2.19%; Spec: 3.34%, SD = 4.22%). On average, validation performance for random 

forests displayed a 2.58% drop in sensitivity (SD= 3.50%) and an increase of 3.01% 

for specificity (SD=2.31%), compared to a 5.88% sensitivity drop for LASSO (SD = 

5.07%) and a corresponding increase of 3.79% in specificity (SD = 2.96%). 

Additionally, LASSO model AUCs decreased an average of 4.0% (SD = 2.41%) across 

the different diagnostic splits between the validation and training datasets. 

Parameters with significant information in discriminating between Low-risk 

and High-risk lesions selected by the primary LASSO model included cell circularity 

(90th percentile), nuclear Ki67 intensity (10th percentile and coefficient of variation 

(cv)), cell surface EGFR intensity (standard deviation), NC-ratio (median), nuclear 

area (skewness and cv), cell area (25th percentile), and the lesion characteristics 

lichen planus and lesion size (long axis). Box plots illustrating the stable, monotonic 

trends of these variables across different diagnostic categories are displayed in 

Figure 2.12.  
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Figure 2.12  - Box and whisker plots of selected variables identified in primary 
LASSO model, including a) cell circularity, 90th percentile (log-squared); b) 
Ki67, 10th percentile; c) Ki67, coefficient of variation (cv) (log-scale); d) EGFR 
expression, standard deviation (log-scale), e) NC ratio, median (log-squared); 
f) nuclear area, skewness; g) nuclear area, cv; and h) cell area, 25th percentile. 
Ben: benign, Mild: mild dysplasia, Mod+: moderate/severe/CIS dysplasia, Mal: 
malignant. The box bottom and top represent the 25th and 75th percentiles, 
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respectively. Median values are connected between boxes, and whiskers 
down/up to 1.5 interquartile range.  

2.4. Discussion  

2.4.1. Pathologist adjudication to achieve “enhanced gold standard” 

diagnoses 

Inter-observer disagreement has been a notorious consequence of dysplasia 

grading, resulting from the challenges of imposing artificial categories onto 

continuous biological changes. Greater levels of disagreement are found when 

categorizing low grade lesions than high grade lesions.91 This observation is likely 

due to the fact that these lesions show fewer and more subtle changes, many of 

which may be seen in reactive lesions, especially as a result of an inflammatory 

infiltrate. In the study presented here, the majority of the dysplastic lesions were 

mild or low risk, which may account for the relatively low kappa values and low 

levels of inter-observer agreement after initial review. This lack of agreement is 

particularly challenging in the context of defining robust, objective standards for 

training predictive diagnostic models, especially those that detect early oral 

malignancies. The use of our well-defined protocol resulted in an increase in 

pathologist agreement from 69.9% to 100%. The more confident histopathological 

diagnoses may serve as an enhanced gold standard for studies that validate early 

stage diagnostic tools for PMOL.  

Besides one reviewer set (i/ii) exhibiting a high level of agreement with a 

kappa value of 0.706 and a percent agreement of 81%, the remaining 4 reviewer 

sets, with kappa values ranging from 0.251 – 0.513 and percent agreement ranging 

from 62%-79.6%, correlate well with previous studies evaluating inter-observer 

variability in the diagnosis and grading of PMOL where kappa values ranged from 

0.15 – 0.70 with a percent agreement range of 35.8% - 69%.44,94–97 It is worth noting 

that the sample size used in these studies ranged from 64 - 120 slides, while the 

sample size in this study ranged from 105 - 234 cases per pair of reviewers with a 
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total of 846 cases. By applying the 3-stage adjudication process protocol, a final 

“enhanced gold standard” diagnosis was established for each slide.  

The foundation for the use of this adjudication protocol stems from the well-

known phenomenon of the performance of collective judgments of groups 

compared to single expert opinions. This effect has been demonstrated across many 

diverse fields, including medical expert opinion.118,119 In his book, The Wisdom of 

Crowds, James Surowiecki states that groups can make better decisions than their 

individual members if the members are allowed to function independently.120 By 

increasing the inter-observer agreement level, we hypothesize that the collective 

opinion of several pathologists may result in a more clinically accurate microscopic 

diagnosis. This enhanced gold standard may serve as a benchmark for future model 

training and for validation of novel molecular and morphometric biomarkers used 

in OED risk stratification. 

In a recent study that evaluated inter-observer agreement in 

histopathological grading of OED, Dost et al.39 concluded that OED grading has such 

poor predictive value that it should not be used as a treatment guide. A follow-up 

editorial regarding this conclusion by Edwards (2014)40 countered that, despite its 

limitations, OED grading gives pathologists the best opportunity to convey the 

overall risk of malignancy to clinicians. Additionally, the authors agreed that 

molecular markers are needed to assist the pathologist and may eventually lead to a 

more definitive OED risk stratification.  

An important distinction in terminology is made by Bosman (2001)89 who 

classifies “research histopathology” and “applied histopathology” as two separate 

entities. Cross-platform comparisons can lead to poor levels of inter-observer 

agreement and clinical predictive value because the purposes of each are different. 

We acknowledge that the derivation of an enhanced gold standard presented here 

should be considered only for research histopathology because its primary aim is to 

provide an objective benchmark for developing biomarker technologies to assist 

clinical diagnosis. The final translation of these new technologies into clinical 
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practice would then be considered clinical histopathology, or in Bosman’s 

terminology “applied histopathology.”  

For a scoring system to be clinically useful it must demonstrate high levels of 

both inter-observer and intra-observer reproducibility.95,121 Furthermore, inter- and 

intra-observer agreement levels can provide an estimate of the validity of grading 

systems when an appropriate gold standard is not available.95 Due to the low levels 

of inter- and intra- observer agreement regarding histopathological OED grading 

presented in this study and throughout various literature reviews, there is a 

significant need for a reliable methodology that derives the highest level of 

agreement from the current, imperfect gold standard. Though clinical accuracy 

cannot be determined without performing a patient outcome study of the presented 

adjudication process, we hypothesize that by increasing the level of agreement 

between different observers, researchers can create a benchmark of comparison for 

their developing technologies. 

Correlation with clinical outcome still remains the most relevant measure of 

any risk stratification procedure89,122, but the intention of the adjudication process 

outlined here is to provide an intermediary benchmark for rapid, iterative 

development of novel biomarkers and their accompanying model training and 

validation. We have demonstrated that a substantial increase (30%) in diagnostic 

agreement can be accomplished by using the described adjudication and consensus 

process.  

In developing a chip-based approach to obtain a quantitative risk assessment 

for monitoring PMOL, this study sought to address three main questions: 1) Can a 

high content analysis (HCA) workflow be applied to primary patient cells? 2) How 

does model performance and composition change as a function of the diagnostic 

split position? ; and 3) Can quantitative cytology tests produce diagnostic accuracy 

that rivals the gold standard pathology tests? Each of these key knowledge gaps will 

be discussed below. 
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2.4.2. Can HCA be applied to primary patient cells?  

Though HCA has been predominantly driven by screening applications 

involving cell lines grown in multi-well plates and advances in high throughput 

laboratory automation, this study demonstrates that HCA can be applied to primary, 

patient-derived samples for personalized cellular scoring. This cytology-on-chip 

approach is unique in its ability to analyze hundreds of morphometric and 

biomarker expression parameters automatically across an entire cytology sample 

agnostic to clinical judgment or clinical history. In some instances, parameters that 

contributed to model performance and stability, such as NC-ratio, nuclear area, and 

Ki67 expression, confirmed previous reports of their roles in cyto- and histo-

pathological grading.3,123,124,111,125 

This study also identified biomarkers that present new insights into how the 

quantification of cell and nuclear morphometry can provide rich data streams that 

track with the different grades of OED. In the primary LASSO model, two nuclear 

area measures (skewness and cv) were identified as important variables in 

discriminating between low-risk and high-risk lesions. As summary measures of the 

distribution of nuclear area, both provide insight into the level of ansionucleosis 

(variation in size and shape of nuclei)126 for each patient sample, which is a 

prominent feature of dysplasia and malignancy, 127,126 but not often quantified. 

Cell circularity, a measure of the roundness of the cytoplasmic membrane by 

comparing the perimeter of an object to that of a perfect circle on a scale from 0 to 1 

(where 1 implies a perfect circle), was frequently identified in several models to be a 

highly performing parameter. An increase in cell circularity may be attributed to the 

decrease in the amount of cytoplasm and reduction in the degree of cellular 

cohesion which have both been reported to occur with increased dysplasia  grade.125 

The dominant summary statistic for cell circularity in these models was its 90th 

percentile measure, unlike the range of summary measures for cell area and NC-

ratio, indicating that cell circularity is skewed towards a fraction of cells with 

circularity measures in the upper 10% of the entire cell sample. 
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2.4.3. How does model performance change with diagnostic classification?  

One consistent finding from this study was that, at the higher end of the 

clinical spectrum (moderate-severe dysplasia cut-off), LASSO models (validation 

sens/spec/AUC = 85.7%/80.0%/0.883) and random forest models (validation 

sens/spec = 78.8%/68.3%) outperformed models distinguishing low grade lesions 

in terms of sensitivity, specificity, and AUC (Table 2.4). Histopathological grading 

has been shown to behave similarly, where higher accuracy and inter-observer 

agreement have been reported for high grade dysplastic or malignant lesions than 

for low grade dysplastic lesions, where considerable overlap from inflammatory and 

reactive changes can confound grading systems.91 However, longitudinal studies 

would be necessary to validate the malignant potential of these identified lesions. 

2.4.4. Can quantitative cytology rival gold standard diagnostic accuracy?  

In evaluating the results of the model development and validation process, it 

is essential to consider the performance observed here in the context of past studies 

in the literature (Table 2.5 and Table 2.6). Often when large, “-omics” data sets are 

used to develop molecular classifiers, there is a tendency for models to over-fit the 

data by capturing patterns associated with idiosyncrasies of the training data set in 

addition to real patterns present in the underlying biological data, especially when 

large numbers of biomarkers are involved.107,128 Validation methods that can 

provide estimates of classification accuracy are of critical importance; however, due 

to significant variation in how these methods are applied, the interpretation and 

comparison of validation results can be challenging. A great deal of skepticism has 

resulted from a wide range of reported biomarker classification models whose 

claims could not be substantiated in subsequent validation studies.129 

A recent review by Castaldi et al. (2010)107 of 28 studies that developed 

molecular classifiers found that the majority of studies selected cross-validation 

practices that were likely to overestimate model performance. When comparing 

training and validation datasets, the authors discovered an average performance 
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decrease of 20% each in sensitivity and specificity.107 Though some drop in 

performance is expected between training and validation, similar values for these 

measures can indicate low risk of model over-fitting and greater generalizability. 

When comparing model performance between training and validation datasets 

across all 4 diagnostic splits in this study, random forest models displayed the 

greatest stability, with a mean difference of 2.58% for sensitivity (SD: 3.50%) and 

3.01% for specificity (SD: 2.31%). The LASSO models also demonstrated strong 

stability with a mean difference of 5.88% for sensitivity (SD: 5.07%) and 3.79% for 

specificity (SD: 2.96%) with a slightly larger drop in sensitivity for the low-

risk/high-risk LASSO model. Indeed, robust classification models were developed 

that accurately mirrored the performance of histopathological assessment by expert 

pathologists. In terms of accuracy, this model accurately predicted the correct 

diagnosis approximately 70% of the time, compared to the 69% initial agreement 

rate of our pool of expert pathologists. The level of performance agreement between 

model development and model validation stages far exceeds typical multi-panel 

biomarker classifiers.107 

Furthermore, the design of the model training and development process 

presented here championed an additional level of rigor to ensure future 

generalizability and the absence of human bias which included oversight from a 

contract research organization, three layers of blinding to the true classification of 

patient lesions, two sets of independent biostatisticians, and a conservative 

approach to model development that utilized statistical methods that performed 

automatic feature selection. 

A recent meta-analysis74 exposed the lack of transparency and poor study 

design of many trials involving adjunctive aids for oral cancer diagnosis. This study 

was limited to trials that involved a reference against gold standard 

histopathological grading, prospective patient recruitment of 10 or more adults with 

no history of cancer, an attempt to diagnose dysplasia cases, and produced 

quantitative results. Even with these modest constraints, the selection criteria 

excluded 99 out of 147 trials. One reason for the overestimated performance 
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reported for many adjunctive oral cancer diagnostics is the lack of consistency in 

defining “case” and “non-case,” where many studies report only on the ability to 

differentiate benign from malignant lesions and omit the more challenging 

dysplastic cases. Irregular category definitions used in these studies create 

challenges for comparing the performance of different methodologies, as model 

performance can be artificially enhanced by omitting borderline cases that are more 

difficult to differentiate. In fact, a proof-of-concept exercise performed with the 

models presented here trained on PMOL that did not include dysplastic cases 

resulted in boosted AUC values from 0.83 to 0.95. However, in real-world practice, 

oral clinicians and dental practitioners encounter approximately 7 times more cases 

of oral epithelial dysplasia than overt malignancies as the former correspond to the 

patients in greatest need of risk assessment. Without the granularity required to 

detect dysplastic changes, the clinical utility of adjuncts trained to primarily detect 

overt carcinomas is limited.  

In addition to the objective information and molecular-level insights that can 

be obtained, the “cytology-on-chip” technique presented here is amenable to 

complete process automation due to its foundations in microfluidic reagent 

handling, image acquisition, and computational algorithms.  Future portable 

analyzers, similar to those being developed in the McDevitt laboratory,130 will have 

the potential to bring sophisticated tools for monitoring PMOL to regions with 

limited access to expert pathologist review.   
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Table 2.5- Reported diagnostic performance of the saliva-based screening test 
by Vigilant Lifesciences® and the cytology-based case-finding aid by 
OralCDx® 

 Study Design Study Results Diagnostic Value 

 
Number of 

Patients 
Recruited 

Disease 
Prevalence 

(%) 

Study 
Format 

Reported 
Sensitivity 

Reported 
Specificity 

Biomarkers Differentiation 

Vigilant 
(2012) 

131 

186 54.8% 
Case-

control 
80.4% 65.5% 

solCD44, 
Total protein  

Vigilant 
(2011) 

132 

79 50.6% 
Case-

control 
75-82.5% 

69.2-
82.1% 

solCD44,  

IL-8, HA, 
Total protein 

Malignant 
vs. Benign 

Vigilant 
(2007) 

133 

171 59.6% 
Case-

control 
62-70% 75-88% solCD44 

 

Oral 
CDx 

(1999) 

72 

945 34% 
Pro-

spective 
100% 93% Abnormal 

cellular 
morphology 
associated 

with 
dysplasia;  

Final visual 
assessment 

by 
pathologist 

Dysplastic
/ 

Malignant 
vs. Benign 

Oral 
CDx 

(2002) 

134 

298 38% 
Pro-

spective 
96% 25% 

Oral 
CDx 

(2004) 

135 

112 19% 
Retro-

spective 
71% 32% 
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Table 2.6 – Adjunctive diagnostic performance of selected studies (Citations: 
11,136–138) 

Screening 
Test 

(Number 
of studies) 

 

Method 

 

Prevalence 
in sample 

group 

 

Reported 

Sensitivity 

 

Reported 

Specificity 

 

PPV 

 

NPV 

 

Number 
of 

patients 

 

Toluidine 
Blue (TB) 

(11) 

Vital 
tissue 

Staining 

26% - 
100% 

38% - 
98% 
(85% 

median) 

9% - 93% 
(67% 

median) 

33% - 
93% 
(85% 

median) 

22% - 
92% 
(83% 

median) 

32 – 
1,190 
(avg: 
187) 

ViziLite® 
Plus with 

TBlue 

(1) 

Visual 
adjunct 

(plus vital 
staining) 

66% 100% 55% 37% 100% 84 

ViziLite® 

(2) 

Visual 
adjunct 

18% - 77% 

(patients 
w/ 

previously 
visualized 
mucosal 
lesions) 

100%  0%-14% 

18%-
80% 

(avg 
20%) 

0%-
100% 

40-55 
(avg: 
47) 

VELscope 

(2) 

Visual 
adjunct 

Oral 
dysplasia 
or OSCC 

(confirmed 
by biopsy) 

98% - 
100% 

78%-
100% 

66%-
100% 

86%-
100% 

20 - 44 

OralCDx 

(4) 

Cyto- 

pathology 
14% - 38% 

71% - 
100% 

27% - 
94% 

38% - 
88% 

60% - 
100% 

80 -945 
(avg: 
359) 

OncAlert™ 

(3) 

Saliva 
biomarker 

panel 
(based on 
solCD44) 

50.6-59.6% 62-82.5% 65.5-88% NA NA 
79 – 186 

(avg: 
145) 
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2.4.5. Selection of a single molecular biomarker for cytology-on-chip 

analysis 

Though not used for final model validation, several 4-parameter logistic 

regression models were created under different model constraints to evaluate the 

use of a single biomarker or a single nuclear-surface biomarker pair. Due to realistic 

constraints of future point-of-care processing, a PMOL brush sample would only 

likely undergo a single assay targeted to a single molecular biomarker instead of 

running the sample against a panel of biomarkers.  

In 4-parameter logistic regression models limited to cell and nuclear 

morphometric data and biomarker expression of Ki67 only, model performance in 

terms of sensitivity (%)/specificity (%) were recorded: CASEX23 = 90/71.1, 

CASEX34 = 90/66.5, CASEXHL = 90/71.1, CASEX45 = 90/71.0 (training dataset); 

CASEX23 = 83.3/43.6, CASEX34 = 72.7/65.9, CASEXHL = 73.8/68.8, CASEX45 = 

70.3/77.7 (validation data set). For comparison, unconstrained 4-parameter logistic 

regression models resulted in performance values of CASEX23 = 90/45, CASEX34 = 

90/66.5, CASEXHL = 90/67.2, CASEX45 = 90/78.4 for training and CASEX23 = 

78/40, CASEX34 = 72.7/65.9, CASEXHL = 76.2/68.8, CASEX45 = 64.7/77.7for model 

validation.  

Models developed on Ki67 as the sole molecular biomarker resulted in very 

similar performance across all diagnostic splits to unconstrained models. In addition 

to these results, insights from random forest variable importance and Lasso 

parameter coefficient analysis indicate that, of the molecular biomarkers, Ki67 is the 

ideal candidate for differentiating OED along the full diagnostic spectrum if limiting 

assay data to a single biomarker. Therefore, assay optimization experiments 

presented in the remaining chapters of this dissertation will focus on the use of the 

proliferation biomarker, Ki67. 
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2.5. Conclusion 

This chapter has demonstrated the utility of a new cytology-on-chip 

methodology that is capable of high-content, single-cell analysis across cellular and 

nuclear morphometric and molecular biomarker expression measurements. This 

new clinical decision tool has been developed and validated in the context of a major 

clinical study and has resulted in a rich database that has been exploited to develop 

new routines that provide insights into cytology characteristics associated with 

PMOL. Through application of statistical machine learning algorithms, classification 

models have been developed with validated and stable parameters. These new 

integrated models have potential to serve as adjunctive tools to assist in clinical 

decision making. These efforts demonstrate robust clinical performance for LASSO 

models with sensitivity and specificity values of ~85% and 70% in the model 

development phase and similar values (within 7%) in the validation phase.  

Additionally, it was discovered that superior model performance in terms of 

accurately discerning lesions among the diagnostic spectrum was associated with 

heterogeneous data sources – that is, models trained on data from biomarker 

expression, morphometric features, clinical impressions, and patient risk factors 

achieved superior performance compared to models trained on restricted data. This 

finding has implications for future diagnostic applications and adjunctive aid 

development by emphasizing the need to integrate several different sources of 

information into a successful risk assessment rather than relying on the expression 

of a single molecule or feature. 

The next two chapters of this dissertation will describe advances made in 

improving the cytological processing of these patient samples to enable increased 

access to the molecular level insights and clinical management potential of the 

models developed in this chapter.



 

 

Chapter 3 

Development of a Pumpless 

Microfluidic Device to Increase 

Parallelization of “Cytology-on-Chip” 

Processing 

3.1. Introduction  

Conservative estimates place 5% of the U.S. population as having suspicious 

oral lesions identified during routine dental appointments.45 When accounting for 

the 140-150 million people in the U.S. that visit a dentist each year,45 this estimate 

indicates that there are approximately 10 million individuals for which an 

adjunctive risk assessment for PMOL would be indicated. These numbers reflect the 

tremendous importance of future adjunctive aids to adopt scalable processes during 

developmental stages in order to address this sizeable market. There are two main 

approaches for scaling clinical tests: parallelization and high volume manufacturing. 

Each approach is best adapted for different testing environments. For example, 

parallel assay testing is applicable primarily in a central laboratory setting where a 

high volume of patient samples is received and processed in a continuous cycle. 
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Alternatively, point-of-care testing is inherently sequential in nature and requires 

optimization of high volume manufacturing to address the same demand, but in a 

highly-distributed environment. Advances in the design of an integrated lab-card 

and associated high volume manufacturing are described in Chapter 4 to address 

future point-of-care testing. This chapter addresses the theme of assay 

parallelization by developing a pumpless fluid routing method for cytology-on-chip 

processing as a means of eliminating the dependency of the platform on external 

equipment to simplify future scaling and parallelization activities.  

3.1.1. Motivation 

Perhaps the most famous example of an adjunctive diagnostic aid that 

resulted in a major commercial and societal impact, the pap test, introduced in the 

1950’s, is responsible for an 85% decline in the incidence and mortality rates 

associated with cervical cancer.139 When accounting for the fact that cervical cancer 

only affects women and oral cancer affects both genders, the number of cases and 

deaths per year are very similar and makes the pap test an interesting model for 

evaluating oral cancer adjunctive aids that address a similar market size. 

As a cytology-based test, atypical squamous cells and intraepithelial 

neoplastic lesions are identified during the pap test to flag patient samples as 

normal or abnormal.69 Pap testing occurs in a central clinical lab setting, where 

thousands of patient slides are interpreted and scored by cytopathologists every 

week. To improve the efficiency of this workflow and address previously reported 

high false-negative rates, computer-aided approaches were introduced in the late 

1980’s140,141 and have since had a major impact on reducing bottlenecks associated 

with complete manual review.142 This process of parallel sample testing in a central 

laboratory accompanied by data-rich methods to improve workflow and diagnostic 

specificity143 is amenable to future PMOL cytology-on-chip testing and illustrates the 

need to address the scalable performance of sample testing. 

The disconnect between research and clinical or commercial practice, 

especially for microfluidic devices developed in academic settings, is largely due to 
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system integration hurdles that arise when scaling up operations.144,145 This is 

partly due to the fact that many micro-devices researched in academic settings focus 

on component development and postpone addressing system integration, thus 

making future scaling efforts extremely challenging.145 

Though collecting data from over 8,000 individually-run assays on manually 

assembled prototype devices was necessary to acquire the validating dataset for the 

clinical characterization trial described in Chapter 2, the low throughput processing 

rate of these assays exposed many bottlenecks associated with this approach. This 

chapter describes the process of designing and evaluating a novel pumpless fluid 

routing methodology for processing oral cytology samples. The goal of this work 

was to achieve comparable fluid routing performance to traditional pump-based 

systems at the individual assay level and demonstrate a proof-of-principle for future 

scalable, parallel sample processing.  

3.1.2. Pumpless microfluidic systems: leveraging flow through porous 
media 

Methods for passively controlling the fluid motion within microfluidic 

devices have been developed for many different applications including cell 

culture,146 point-of-care diagnostics,147,148 and droplet formation.149–151 Passive 

pumping is often leveraged to achieve 3 major outcomes: (1) long term fluid 

delivery at low flow rates, (2) independence from external equipment to reduce 

associated costs and complexity, and (3) high throughput, scalable processing. 

Paper-based microfluidic devices that operate on principles of pumpless flow 

through porous matrices have received heightened attention in recent years, 

especially in the context of point-of-care diagnostics for resource-poor settings.152–

155 The quintessential example of a passive microfluidic device that has received 

widespread adoption in the point-of-care settings is the lateral flow assay, most 

notably used in over-the-counter (OTC) home pregnancy testing (Figure 3.1). 

Though simplistic in appearance, this assay format depends on the synchronous 

functions of specialized components, addressing everything from sample processing 
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to sample delivery, reconstitution of stabilized biomolecules, and integrated 

detection of target analyte. The unique nano- and microstructure of each of these 

component materials is selected based on its desired fluid manipulation 

characteristics. 

 

Figure 3.1 – Schematic diagram of typical lateral flow assay, a well-
characterized passive microfluidic device (adapted from Millipore, 2013156 ) 

3.1.3. Passive fluid pumping theory 

The transport of fluid through a porous matrix in one-dimension is 

approximated by the Washburn equation during the “wet-out” phase: 

, 

Equation 1 – Washburn equation for 1-D flow in a porous matrix 

where L is the distance traveled by the fluid front, γ is the effective surface 

tension, D is the average pore diameter, µ is the fluid viscosity, and t is time. Since 

the distance traveled by the fluid front is proportional to the square root of time, 
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fluid velocity decreases with time, as the fluid column lengthens which increases the 

viscous resistance.  

This limitation of decreasing flow rates, common in all paper microfluidic 

devices, is addressed in this chapter by a novel concept involving “triggerable” 

absorbent pad sinks connected to a serpentine, laminate outlet channel. 

Furthermore, to enable future closed-loop automated operation this design concept 

is based on existing guidelines and specifications used in the laboratory automation 

industry to ensure device compatibility with high throughput liquid handling 

equipment. 

  

Figure 3.2- Common multi-well plate formats exemplify the versatility that 
standards impart on laboratory automation equipment 

The laboratory automation industry, stemming from innovations in 

molecular biology, genetics, and drug discovery research techniques, has had a 

profound effect on how therapeutics are tested and discovered by leveraging 

advances in the fields of robotics and automation computing. While high throughput 

techniques are most notably recognized in the pharmaceutical industry, where the 

ability to screen thousands of compounds in vitro is hypothesized to lower drug 
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development costs, laboratory automation equipment has also had a major effect on 

clinical diagnostics, specifically in the field of molecular diagnostics with advances 

in high throughput DNA sequencing and amplification.157,158  Potentially the most 

significant contribution the robotics industry has made to high throughput biology 

is the adoption of standards for ensuring equipment compatibility. Though 

customized fluid handling equipment could potentially achieve similar high 

throughput performance, devices designed with intrinsic compatibility to existing 

instrumentation are much more likely to lower commercial barriers of adoption.  

This chapter describes the development of a hybrid laminate/paper 

microfluidic device for processing cytology samples in an effort to develop a scalable 

approach independent of external pumps and valves for fluid manipulation. This 

approach incorporates triggerable absorbent pad sinks for flexible programming of 

discrete fluid delivery steps that can achieve a range of flow rates. To evaluate the 

fluid routing performance of the pumpless method in comparison to the previously 

developed flow-cell cytology-on-chip prototype, several experiments were 

performed to characterize fluid flow rates initiated by sequential absorbent pad 

sinks, the resulting cell densities and distributions, and immuno-labeling 

performance quantified by signal-to-noise ratio (SNR). 

These experiments were designed to answer key questions about this new 

assay platform, including: 

1. Can a pumpless, passive fluid routing strategy deliver and isolate single-cells 

in a similar manner as active pumping-based systems? 

2. How is the integrity of automated cell profiles dependent on Phalloidin-SNR? 

3. What fluid flow rates can be achieved in a passive microfluidic device with 

sequential absorbent pad sinks? 

4. Can the balance between reagent delivery and wash buffer rinsing in a 

passive assay format achieve comparable SNR as active pumping systems? 
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5. Is the fluid routing and pumping mechanism scalable in principle? 

3.2. Materials and Methods 

3.2.1. Device design and fabrication 

The basic design of the passive microfluidic assay platform mimicked the 

previous flow-cell device described in Chapter 2, and consisted of a single inlet 

channel, cell delivery “diffuser” channel coupled to an embedded nano-porous 

membrane, sub-membrane cavity, and an outlet drain. In the flow-cell device, both 

the inlet and outlet channels were connected to a fluidic manifold with embedded 

compressible gaskets and micro-tight fittings for a leak-free interface to external 

pumps and tubing.  

Passive microfluidic devices were manually assembled in a laminate process 

using separate layers of laser-cut and laser-engraved acrylic (PMMA), double-sided 

adhesive (DSA), polyethylene (PET), acetate film, adhesive vinyl, aluminum foil, and 

track-etched polycarbonate (PC) membranes (Figure 3.5). To minimize variability 

linked to manual alignment, features were designed to an x- and y- tolerance of 

500µm. Isolation of absorbent cellulose pads from the main fluidic channel was 

enabled by replacing the bottom layer of the serpentine outlet channel with 

aluminum foil positioned directly above the absorbent pads and anchored by DSA. 

The top cover of the outlet channel was composed of 127µm thick acetate film 

(McMaster Carr), which was flexible enough to allow a plastic pipette tip to 

puncture the underlying foil interface to initiate fluid flow into the absorbent pad. 

Two design generations were developed for measurement collection. The 

first generation design (Figure 3.3.A) was a large, single assay platform capable of 

processing a volume of approximately 910uL and contained 4 discrete, cellulose 

fiber absorbent pads (256mm2 area, 8x30mm, SureWick™ #CFSP223000, EMD 

Millipore, Billerica, MA). The purpose of the first generation design was to 

characterize the fluid flow mechanism and optimize the design and assembly of a 

repeatable assay unit. The second generation design (Figure 3.5) consisted of 12 
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repeats of the first generation design occupying the footprint of a standard 

microtiter plate. This multi-assay platform was capable of processing fluid volumes 

of 12 x 268uL (pad size = 3.5x21.5mm) with sample inlet and triggerable outlet 

positions designed to meet the ANSI/SLAS 4-2004 standards for microplate well 

positions on a 384-well plate. 

3.2.2. Flow rate analysis with Particle Image Velocimetry (PIV) 

The ability to achieve repeatable flow rates for discrete, triggered outlets was 

assessed through particle image velocimetry (PIV)159 analysis for 3 separate devices 

running 4 triggered outlet pads to completion. Dyed 10µm latex tracer beads (100µL 

of a 0.0625% solids (w/v) solution; Cat#24294-2, Polybead®, Warrington, PA) were 

introduced at the sample inlet prior to the triggering of each outlet pad. Video 

sequences consisting of 200 images (frame rate = 100ms) were recorded at 

intervals of 1 minute for each device (Hamamatsu ORCA-03G CCD camera, Nikon 

inverted microscope (Eclipse Ts100), 10x). Outlet pads were manually triggered at 

12 minute intervals, corresponding to near-100% saturation of the absorbent pads 

in which the delivery rate reached its minimum.  

Prior to PIV analysis, PIV calibration was performed to convert units from 

pixels/frame into flow rate approximations of µL/min. After subtracting a common 

background image from all remaining images to remove tracing particles adhered to 

the channel walls, particles were identified and converted into single trajectories 

using an open-source Matlab application for time-resolved particle tracking 

applications, known as PIVlab.6 

To compare experimental PIV results to theoretical velocity predictions, the 

Washburn relationship (Equation 2) for 1-D flow in porous media was 

approximated by an exponentiated sawtooth wave function to simulate the 

periodicity of the fluid velocity resulting from sequential outlet triggering. 
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Equation 2 – Modified Washburn equation illustrating relationship between 
fluid velocity and time 

Using the same PIV methodology described above, flow rate profiles of three 

different absorbent pad geometries were evaluated on the same first generation 

platform (Figure 3.8, insert).  

3.2.2.1. PIV Calibration 

To calibrate the PIV analysis procedure, a simple microfluidic device was 

fabricated with a single inlet and outlet consisting of a straight, 1.5 mm wide DSA 

channel anchored between a 1”x3” plastic polypropylene slide and acrylic with 

laser-cut fluid ports. The device was connected to external tubing via a custom built 

fluidic manifold with compressible o-ring gaskets at the fluid ports to create a leak-

free seal. A solution of tracer beads was prepared at the same density as listed 

previously and loaded into a 1ml syringe. The fluid was injected into the 

microfluidic device at flow rates of 1, 5, 10, and 15uL/min under pressure-driven 

flow from a syringe pump (Pico Plus Elite #704506, Harvard Apparatus, Holliston, 

MA). Images were recorded at the same frame rate as described above. This process 

was repeated for 3 separate calibration devices to assess the variability of PIV 

measurements. 

After importing images into PIVlab, the direct cross-correlation (DCC) PIV 

tracking algorithm was employed with a single-pass interrogation area of 50px with 

a step size of 20px using a Gaussian 2x3-point sub-pixel estimator. After 500 frames 

were analyzed, erroneous vectors were removed using a vector-validation window 

manually defined between -2e-3 and 2e-3m/s for both x and y directions. Results 

from each frame pair were then averaged together across all frames to achieve the 
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final velocity field. A theoretical velocity profile was calculated from the known 

delivery rate and cross-sectional channel area (measured as 150µm by imaging a 

cross section of the fabricated device). 

3.2.3. Passive cell delivery and distribution  

The ability of a passive fluid driving mechanism to deliver cells through 

laminate microfluidic channels to a nano-porous membrane was assessed by 

measuring the density and position of cells captured on the membrane surface at 

the end of an assay. Data was collected from 3 paired assays on the passive 

microfluidic platform and the flow-cell device. Suspensions of FaDu cells (HTB-43, 

ATCC) (concentration = 5e5 cells/mL) were processed according to the protocol in 

Chapter 2 (section 2.2.5.2), but primary and secondary antibodies were omitted. For 

the passive device, 50µL of the FaDu cell suspension was added to the sample inlet 

at the start of the assay. Discrete outlets were numbered according to the triggering 

sequence from most downstream to most upstream. Outlet #1 was manually 

triggered with a disposable pipette tip, resulting in the delivery of cells to the 

membrane at an initial flow rate of approximately 50µL/min. After 5 minutes, a 

wash step was performed by the addition of 200µL of PBS to the sample inlet and 

triggering of outlet #2. After 4 minutes (corresponding to approximately the 50%-

saturation level for outlet pad #2), the DAPI/Phalloidin solution (50µL total; 5µM, 

0.33µM, respectively) was added to the inlet, resulting in continued delivery at 

approximately 20 µL/min. A final wash was performed by adding 200µL PBS and 

triggering of outlet #3. Images were recorded on the same microscope station as the 

flow-cell devices, covering the same scan area of 25 fields and 3 z-planes.  

To further assess the ability of the passive mechanism to achieve similar cell 

delivery performance to the pump-based flow-cell, 5 additional paired assays were 

performed on both platforms across FaDu concentrations ranging from 1e5 to 5e5 

cells/mL. DAPI and Phalloidin immuno-labeling was administered as described 

above. Automated cell counting was performed in the open-source software, Cell 

Profiler,103 by identifying DAPI-stained nuclei in each image. 
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3.2.4. Determining a target range for Phalloidin-SNR 

To determine a quantifiable target range for Cy5 SNR (Phalloidin-AF647 anti-

F-actin cytoplasmic stain) as it relates to the buffer volume of the final wash step, 3 

assays were run on the flow-cell platform with final wash volumes of 1mL, 1.5mL, 

2mL, and 5mL (corresponding to wash times of 60s, 90s, 120s, and 300s at a flow 

rate of approximately 1mL/min) (Figure 3.12). The purpose of the different wash 

volumes was to artificially lower the SNR of single cells in order to assess the 

correlation of profile “correctness” and cytoplasmic image contrast. Following image 

collection and automated profiling of single cells, 400 randomly acquired objects 

were manually labeled by a trained user, of which 320 cells were identified and 

labeled as either “correct” or “incorrect” on the basis of the computer generated 

cytoplasm boundary.  

3.2.5. Immuno-labeling performance 

Phalloidin (Cy5)-SNR measurements were used to evaluate the performance 

of the passive cytology-on-chip platform in terms of the balance between reagent 

delivery and buffer wash efficiency. Oral brush biopsies of two healthy volunteers 

were collected by applying light pressure to the buccal mucosa with a soft-bristled 

cytology brush (Rovers® Orcellex®, The Netherlands) and rotating the brush 

approximately 15 times in one direction to elicit pin-point bleeding, signifying 

breech of the basement membrane.  After cells were processed according to the 

fixation protocol described in Chapter 2, the volunteer samples were pooled and 

split among 7 assays on the flow-cell device and 7 assays on the passive microfluidic 

device. DAPI and Phalloidin cellular stains were administered as described 

previously specific to each platform.  

After nuclear and cellular ROIs were identified, these regions were expanded 

by 50 pixels to capture pixel intensities of background regions. For regions within 

50 pixels of each other, regions were expanded until touching. Composite regions 

were formed by subtracting the cellular regions from their corresponding 

background regions and used to measure the signal-to-noise-ratio (SNR) for each 
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cell in both the DAPI and Cy5 channel. In addition to the measured experimental 

data, SNR measurements from 50 randomly selected healthy volunteers from the 

trial described in Chapter 2 were queried from the single-cell MySQL database. 

Additionally, the second generation design, consisting of the 12-repeat multi-assay 

plate, was tested to evaluate well-to-well variation in Cy5 SNR for 12 assays run in 

parallel across 3 separate devices. 

To evaluate SNR equivalence between the different platforms, several two-

one-sided tests (TOST) for equivalence were performed using the tost function in 

the equivalence package in R.161,162 Equivalence tests were conducted at both the 

single-cell level (mean degrees of freedom = 5,037) and assay-level (mean degrees 

of freedom = 9.78). Equivalence levels were selected as 0.5 times the single-cell 

standard deviation from the 50 control patients for the single-cell tests (0.5987) and 

the median single-cell Cy5 SNR standard deviation per-assay across the 50 controls 

(0.9204) for the assay level tests. Consistency of assay results was assessed using 

the unit-less coefficient of variation metric (standard deviation / mean) to compare 

intra-assay and inter-assay variability. 

3.3. Results 

3.3.1. Passive fluid routing mechanism 

Various modes of passive fluid routing were initially explored, namely 

capillary action through changes in surface energy, hydrostatic pressure-driven 

flow, and capillary-driven laminar flow via an absorbent pad sink. The absorbent 

pad sink method, while requiring a novel design solution to separate laminar fluidic 

channels from absorbent pads, was capable of achieving the highest flow rates 

among the competing modalities, and was selected moving forward. 

The low cost rapid prototyping process for assembling these laminate 

microfluidic devices, known as xurography,163 allowed for iterative design and 

testing where changes to the channel geometries or layout were easily made 

extemporaneously. Devices used to collect cellular measurements involved a first 
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generation design (Figure 3.3.A) of a single assay unit and a second generation 

design (Figure 3.3.C) involving 12 repeats of the single assay unit arranged 

according to standardized well positions on 384-well plates.  

 

Figure 3.3 – Photograph of first generation passive multi-assay device (single 
assay utilization shown) with superimposed line drawings to emphasize 
embedded features. Two thumb screws anchor the disposable cartridge 
between the bottom plate (black outline) and fluid inlet manifold. B,C) Design 
layout of 12-assay plate superimposed over standardized multi-well plate 
layouts for 96-wells (gray circles), and 384-wells (gray squares).  

The newly introduced design concept is unique for passive microfluidic 

devices in that the assay does not initiate immediately after sample is added. The 
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purpose for sequestering the absorbent pad outlets from the fluid path is to enable 

strategic timing of assay steps that require different flow rates. For example, in a 

typical immunofluorescence staining protocol, the delivery of antibodies is often 

performed at slow flow rates to accommodate molecular binding kinetics, whereas 

the intermediate wash steps are performed at high flow rates to reduce non-specific 

background signal.  

The triggering of sequential outlets to promote fluid flow within the passive 

device can be represented by an analogous circuit diagram (Figure 3.4).  These 

analogies are frequently made when designing microfluidic devices as they are able 

to balance key parameters such as hydraulic resistance (electric resistance), 

volumetric flow rate (current), and pressure (voltage).164 In this analogy, the 

triggerable absorbent pad sinks are represented as single-pole, single-throw (SPST) 

switches. Each outlet pad has its own associated fluidic resistance, and the initiation 

of flow through one of the outlets closes the circuit and introduces a power source 

(absorbent pad sink) resulting in the flow of fluid from inlet to outlet.  

 

 

Figure 3.4 – Electronic circuit analogy for operation of passive microfluidic 
device with sequentially addressable outlets. The inlet channel, membrane, 
and outlet channel each have their own associated resistance. Each triggerable 
absorbent pad sink is a combination of a single-pole, single-throw (SPST) 
switch, a resistance element representing the absorbent pad resistance, and a 
power source representing the driving capillary motion that creates fluid 
flow. 
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The flow-cell device described previously requires an external peristaltic 

pump to manipulate fluid, which creates a forward driving pressure throughout the 

assay. For this system to accept different fluids such as cell suspensions and 

fluorescently labeled antibodies, these reagents are manually dispensed into a 6 

way injection valve connected to the tubing line operated by the peristaltic pump. As 

the flow rate is adjusted on the peristaltic pump, the fluids, now routed through the 

same continuous line, are pumped through the flow-cell and out into a waste 

reservoir. 

While operating at the same fundamental capacity, the passive device pulls 

the fluid through the device, rather than pushing. Buffer is first passed through the 

device from the inlet to the serpentine outlet channel, either manually, using a 

pipette bulb, or passively through capillary-driven flow through hydrophillically-

treated channel surfaces. This step is essential to purge residual air present 

throughout the fluidic channel and ensure a continuous fluid path. The serpentine 

channel sits directly over a series of discrete absorbent cellulose pads, separated by 

a bottom channel layer of aluminum foil. At this point, fluid only exists within the 

channel; the inlet and outlet can be capped with a non-porous material to prevent 

evaporation for future use of the device. At the time of assay initiation, fluid is added 

to the inlet. Unlike common passive pumping methods, fluid movement will not 

occur until an outside force is applied, namely piercing the foil barrier in specific 

regions of the serpentine outlet channel that align with the absorbent pads 

underneath. The potential driving force of the hydrostatic pressure generated by the 

fluid column in the inlet reservoir is negligible compared to the fluidic resistance of 

the entire channel length coupled with the resistance of the nano-porous 

membrane. Once the foil barrier is breached, fluid is absorbed through the 

underlying cellulose pad, generating a pressure gradient associated with the 

unwetted pore volume which pulls fluid from the inlet reservoir through the device 

to the same outlet. By sequentially initiating distinct absorbent pads from 

downstream to upstream, the outlet flow is redirected to the respective outlet pads. 

Both the timing of this redirection and the unique characteristics of different 
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absorbent pads (i.e. porosity, pore size, thickness, geometry, surface treatment, etc.) 

can yield different flow rates and flow patterns. However, if an outlet zone is 

triggered that is downstream of an outlet that was previously initiated, the 

mechanism will fail to achieve the same effect due to the preferential fluid path of 

the upstream outlet zone.   

 

Figure 3.5- Exploded diagram of 12-multi-assay device. Colors refer to 
different layer materials. Dashed black and red lines demonstrate the 
alignment of a sample inlet port (black) and outlet absorbent pad (red) for a 
single assay unit. 

3.3.2. Passive pumping evaluation  

In order to evaluate the pumpless fluid routing mechanism in the context of a 

cytology-on-chip assay, flow rates were calculated at specific time intervals by 
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tracking the transport of microparticles within the device using particle image 

velocimetry (PIV). A popular tool within the microfluidic community to measure 

flow rates in microchannels beyond the limitation of traditional gauges, PIV 

combines microscopy and particle tracking algorithms to reconstruct velocity 

vectors for a particular fluid domain.165–168 

Prior to PIV analysis, calibration of the test procedure and software 

parameters was performed using a single microfluidic channel (cross-sectional 

dimensions 1500µm x 150µm) with tracer beads delivered by a syringe pump at 

10µL/min. A cross section of the velocity magnitude yielded the characteristic 

parabolic velocity profile, with an average velocity in agreement with the theoretical 

velocity field (Figure 3.6.A,B). Additionally, repeated measurements on separate 

devices across a range of flow rates demonstrated a strong linear relationship (R2 = 

0.992, p-value < 0.0001) with the resultant calculated PIV values. The strong 

agreement of these results indicates that similar PIVlab conditions can be used to 

obtain correct representations of experimental velocity fields.  
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Figure 3.6 – PIV calibration results. A) Theoretical (dashed red) and 
experimental (solid blue) interpolated particle velocity (y-axis) for particle 
cross-channel distance (x-axis). B) Average velocity field for simple 
microfluidic channel. Black arrows indicate direction and magnitude of 
particle velocity vectors within the analysis region of interest (yellow box). 
The fluid path is shaded red against the background for visualization. C) PIV 
measurements at 4 different delivery flow rates (1, 5, 10, and 15µL/min) to 
establish correlation between calculated root mean square flow rate and 
theoretical flow rate. 

Velocity measurements for an experiment involving the first generation 

device where all 4 outlet pads were run to completion are shown in Figure 3.7, 

where error bars indicate standard error across 3 separate device repeats. Flow 

rates reached a maximum of 50-60µL/min for the first 2 minutes following 

absorbent pad initiation. Minimum flow rates occurring near 100% pad saturation 
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plateaued at 10µL/min. Overall, experimental fluid velocities showed excellent 

agreement with theoretical values.  

 

Figure 3.7 – Periodic fluid flow rate through passive microfluidic device PIV 
experiments. Panel I) Resultant flow rate calculations derived from PIV 
measurements. Panel II). Photographs depicting sequential assay process: A) 
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manual chip priming to fill outlet channel prior to assay initiation, B) Red dye 
uptake by the first outlet pad after foil barrier puncture (triggering), C) PBS 
wash delivered through inlet channel with remaining red dye absorbed by 2nd 
outlet pad after triggering, D)Delivery of blue dye following 3rd outlet pad 
triggering, and E) Final PBS wash delivery through inlet channel with 
remaining blue dye absorbed by 4th outlet pad following triggering. 

Additional PIV experiments were performed to map the flow rate profiles of 

outlet channels with alternative pad geometries. By violating the assumptions of a 

non-limiting source fluid and constant cross-sectional area required by the 

Washburn equation, absorbent pads can be strategically designed to promote 

different velocity profiles.169–171 The goal of this experiment was to determine if this 

flexible, passive microfluidic design concept could accommodate different absorbent 

pad geometries to further customize fluid delivery protocols.  

In addition to the standard 8x30mm (256mm2 area) absorbent pad geometry 

utilized in the first set of PIV experiments, two alternative absorbent pad geometries 

were evaluated, each with cutout regions to narrow the fluid path (Figure 3.8). The 

larger pad geometry (A) exhibited the highest flow rate of approximately 42µL/min. 

Designs (B) and (C), while achieving a lower maximum flow rate, respectively, 

exhibited sustained flow rates for longer durations than pad geometry (A), which 

immediately experienced a decrease in flow rate as the advancing fluid front 

saturated the entire cross section of the absorbent pad. All pads displayed roughly 

the same minimum flow rate of 8µL/min at 100% pad saturation after 12 minutes. 
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Figure 3.8 – Fluid flow profiles for alternative absorbent pad designs  

3.3.3. Cell density and distribution 

Flow rates during the cell delivery stage were approximately 30 times 

greater for the active pumping method than the passive mechanism (1.5mL/min 

and 50µL/min, respectively). The distribution of cells in 3 paired assays with FaDu 

cells are represented as a density heatmap of cell positions across the membrane 

surface (Figure 3.9). In this visualization, dark red areas indicate regions of high cell 

density and dark blue regions (seen at the border edges of the membrane area) 

indicate low cell density. Overall, the passive cell delivery method resulted in more 

uniform distribution of FaDu cells than the flow-cell.  
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Figure 3.9 – Cell density for (A) flow-cell device and (B) passive microfluidic 
device. Density heatmap is used to emphasize areas of high cell density (red) 
compared to low cell density (blue) for aggregated data from 3 paired assays 
with FaDu cells.  

Cell counts of FaDu cells across 5 paired assays on the pumpless device and 

the flow-cell were compared to ensure consistent delivery of cells despite upstream 

design modifications and differences in cell delivery flow rates. Paired results from 

these assays are shown in Figure 3.10 where the median number of cells per image 

is represented as a point along with respective error bars depicting the standard 

error specific to the delivery platform. Overall, an excellent correlation between the 

two devices was found with an adjusted R-squared value of 0.96188. For the 3 

assays used to assess cell density and position across the membrane, TOST 

equivalence test results with an equivalence range of 50 cells (α=0.05) indicated 

that the passive platform captured an equivalent number of cells per image as the 

active pumping platform for a common cell density of 5e5 cells/mL (p < 0.0001). 

Cell counts per image between the two platforms across different cell densities were 

evaluated for equivalence using TOST equivalence tests with an equivalence range 
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equal to the individual standard deviations of cell counts per image of each flow-cell 

device. These values ranged from 79.9 to 100.0 cells per image (for densities of 1e5 

to 5e5 cells/mL). Results were statistically significantly for each cell density, 

indicating equivalence in the ability to capture and isolate single cells between the 

two pumping modalities (p-values = 0.00146, 0.00007, 0.00088, 0.00880, 0.00560, 

for increasing cell densities, respectively).  

 

 

Figure 3.10 – Cell counts from 8 assays on flow-cell with active fluid pumping 
and multi-assay platform with passive fluid pumping. X-axis and Y-axis 
represent median cell count per field for the flow-cell and passive device, 
respectively. Vertical and horizontal error bars = ± standard error per assay 
for the respective platform.  
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3.3.4. Target range for Phalloidin-SNR 

Obtaining a sufficiently high signal-to-noise ratio (SNR) following 

immunofluorescence labeling of cells is required to achieve consistent, 

automatically generated profiles at high fidelity. Intrinsically, it has been observed 

that higher signal contrast results in a greater probability of “correct” cell profiles 

than low SNR. “Incorrect” cell profiles are defined as outlines that clearly do not 

conform to the visual cytoplasmic or nuclear boundary, but instead incorporate 

regions of neighboring cells or background.  

 

Figure 3.11- Selected examples of various automated profile types.  

Examples of different automatically generated profiles for correct and 

incorrect boundaries are provided in Figure 3.11. Both cases (a) and (b) show 

correct outlines and delineation for cells and nuclei with excellent contrast in the 

Cy5 and DAPI channels. Outlines in (c) and (d) also correctly outline cellular 

material, but represent cases where nuclei are identified without accompanying 
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cytoplasm outlines. Case (c) is an example of a “true lone nuclei” where a nuclear 

object is clearly identified in the DAPI channel but the Cy5 channel does not register 

any activity for the Phalloidin stain as no cytoplasm is present. Case (d), on the other 

hand, includes examples of two “false lone nuclei” where nuclear objects are 

identified in the DAPI channel (blue and magenta arrows), but the accompanying 

cytoplasm stain in the Cy5 channel is too dim for the algorithm to detect a cytoplasm 

border (blue and magenta arrows). 

Additionally, several types of incorrect outlines are presented and serve as 

input for identifying factors that contribute to assay performance and cellular image 

quality. Case (e) is an example of an over-profiled cell, where a single cell is divided 

into two or more separate objects. Since the automated algorithm attempts to pair a 

single nuclei with a single cell, in cases where multiple nuclei are identified, as seen 

in the DAPI channel of case (e), the accompanying cytoplasm profile will often 

sequester each nuclei to its own cellular region. Alternatively, case (f) is an example 

where two nuclei are present, but only one is correctly identified (blue arrow), 

causing the overlapping cytoplasm profiles to combine into a single cellular region. 

In this case, if the intensity of the second nuclei was greater than the cutoff 

threshold, two correct cytoplasm profiles would likely have been created. However, 

this assumption does not hold in case (g), where two nuclei and their accompanying 

cytoplasm are correctly identified, but the delineation between the two cells does 

not match the visual inspection of cytoplasm borders in the Cy5 channel. This 

example emphasizes the challenges in correctly profiling overlapping cells, 

compared to isolated cells, such as case (a). Case (h) illustrates the challenges of 

obtaining correct profiles when the signal-to-noise ratio in the Cy5 channel is 

sufficiently low. In case (h), two nuclei with excellent contrast are correctly outlined 

along with a cellular object in the Cy5 channel (blue arrow), though the dimly 

stained cytoplasm object (magenta arrow) is erroneously profiled. In identifying 

potential sources of error that result in incorrectly profiled objects, an experiment 

was devised to obtain a target value for Cy5 SNR that could serve as a benchmark 

for assay performance. 
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To artificially lower the SNR of single cells, 4 different wash volumes were 

administered ranging from 1mL to 5mL for 3 separate assays. For each wash 

volume, the Cy5 SNR of correctly profiled cells was significantly higher than that of 

incorrectly outlined cells (1mL: p = 0.00018, 1.5mL: p = 6.08E-6, 2mL: p = 0.00017, 

5mL: p = 3.54E-6). The median difference in Cy5 SNR values was 1.21, 1.48, 0.97, 

and 0.77 for each wash volume, respectively. Comparing the absolute difference in 

Cy5 SNR between correctly and incorrectly outlined cells for each wash volume 

revealed only one significant difference among the 6 wash volume combinations 

between volumes 1.5mL and 2mL (p = 0.0104, Δ1.5mLmedian = 1.57, Δ2mLmedian = 

1.12). A target Cy5 SNR range of 2.5 to 3 was selected for the following Cy5 SNR 

comparisons, indicating that cytoplasm staining intensity should be roughly 2.5 – 3 

times greater than the immediate surrounding area to ensure the highest 

probability of correct automatically generated profiles. 
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Figure 3.12 – Results from target Cy5 SNR experiment. Panel I) Y-values 
indicate median Cy5-SNR for pooled correct and incorrect outlines for each 
wash volume (x-axis). Error bars indicate the difference in standard error for 
each of these cases. Panel II) Cy5 SNR as a function of wash buffer volume 
during final rinse step (constant exposure of 2 seconds for each image). Wash 
volumes included (A) 1mL, (B) 1.5mL, (C) 2mL, and (D) 5mL. 
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3.3.5. Immuno-labeling performance results 

As a conjugated primary antibody, the anti-F-actin reagent (Phalloidin-

AF647) must be transported to the cell capture region at a flow rate that allows for 

sufficient incubation to specifically label the fixed cells and also must be thoroughly 

rinsed in subsequent steps to remove unbound antibodies that contribute to high 

background signal. Nuclear DAPI SNR was also measured, but intrinsically suffers 

from greater signal variation due to the non-synchronous nuclear DNA content of 

heterogeneous cell samples.  

Prior to analysis and data visualization, raw single-cell data was processed 

through a series of customized filtering algorithms in order to remove suspected 

incorrectly outlined objects and cellular debris. Additionally, several object labeling 

algorithms were applied to identify certain cell types such as lone nuclei and 

leukocytes. Boxplots of single-cell Cy5 SNR values grouped by individual assays are 

shown in Figure 3.13.  
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Figure 3.13 – Phalloidin cytoplasmic stain (Cy5) signal-to-noise ratio 
comparison between (A) prototype flow cell platform, (B) passive multi-assay 
platform, and (C) 50 healthy volunteers from the clinical trial in Chapter 2. 
Blue lines represent median Cy5 SNR across data sampled from clinical trial 
database, thick red line = 1 SD, 2 SD. (D) 12-multi-assay-device plate. X-axis 
labels indicate well-plate position of assays (assembly failure at position B2 
resulted in 11 complete assays across 3 separate 12-assay devices). 
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The TOST equivalence tests revealed that the flow-cell device and single 

assay passive device were equivalent to each other and to results from 50 healthy 

volunteer controls for single-cell and assay averaged values of Cy5 SNR at the 

α=0.05 significance level (Table 3.1). 

Table 3.1  - Significance level results (p-values) for TOST equivalence tests of 
Cy5 SNR across previous trial data, flow-cell device, single passive device, and 
multi-assay passive device. Bold values indicate statistical significance at the 
α=0.05 level. 

 Single-cell Per Assay 

 Trial Data Flow-cell Passive  

(single) 

Trial Data Flow-cell Passive 
(single) 

Flow-cell 5.28e-114 - - 6.038e-7 - - 

Passive 
(single) 

1.12e-33 1.75e-6 - 0.04656 0.04597 - 

Passive 
(plate) 

5.44e-6 1.78e-31 0.9992 0.00997 0.01636 0.48457 

 

Across the cytology-on-chip measurements of single-cell Cy5 SNR, single-cell 

variation (intra-assay CV) ranged from 25-48%, while inter-assay variation ranged 

from 9-22% (Table 3.2). The best performance across all scenarios was reflected by 

the inter-assay CV (9.02%) for the flow-cell processing repeats of healthy volunteer 

samples. Repeated assay processing on the second generation, 12-assay passive 

device achieved intra-assay (intra-well) variation of 25.39% and inter-assay (inter-

well) variation of 21.97%. Compared to common CV measurements for 

immortalized cell line assays in high throughput screening settings,172 this range 

between 10%-20% for inter-assay CV is very consistent, given the inherent 

heterogeneity of primary cell samples. 
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Table 3.2 – Intra- and Inter- assay variability performance measured by %CV 

 Overall CV (%) Intra-Assay CV (%) Inter-Assay CV (%) 

Trial Data 42.35 35.68 20.14 

Flow-Cell 35.61 32.59 9.02 

Passive (single) 51.03 48.71 22.55 

Passive (plate) 35.32 25.39 (Intra-Well) 21.97 (Inter-Well) 

3.4. Discussion 

One of the most important considerations in developing clinical technologies 

is the concept of accessibility, encompassing both clinician and patient access to the 

new technology. In order to increase patient and clinician access to the oral cancer 

risk stratification adjunct detailed in Chapter 2, bottlenecks in the sample 

processing pipeline must first be addressed. As with many microfluidic systems, the 

dependence on external laboratory equipment of the prototype flow-cell device 

creates significant challenges when attempting to scale up processing for high 

throughput, parallel sample testing.144,145 The goal of this chapter was to develop a 

pumpless approach for carrying out cytology-on-chip assays and evaluate the 

performance of such a device with respect to the previously described prototype 

flow-cell device dependent on external laboratory equipment. 

Typical passive microfluidic devices are linear in operation once the assay has 

been initiated. However, cytology-on-chip processing and other immuno-labeling 

protocols require variable flow rates for different reagent delivery steps, such as low flow 

rates to improve sample delivery homogeneity and achieve target incubation times for 

labeled antibodies and high flow rates to deliver efficient buffer rinses. The concept for a 

passive microfluidic device with triggerable absorbent pad sinks was motivated by the 

need to combine laminate microfluidic channels for transporting cells with a scalable 

pumping mechanism that could achieve a range of flow rates, particularly high flow rates 

following immuno-labeling to reduce background signal.  
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While outlet triggering does require extra input, this operation can be performed 

both manually and by robotic liquid dispensing equipment. Since the footprint of this 

platform was designed according to high throughput industry standards of 384-well 

plate positions, outlet triggering can be performed by piercing the foil barrier with 

the end of a robotically controlled pipette tip and fluids can be added to the inlet 

well through automated fluid dispensing. Likewise, these steps can easily be 

performed manually with a hand-held pipette.  

Flow rate approximations calculated via particle image velocimetry (PIV) 

indicate that the sequential outlet absorbent pad design is capable of achieving 

consistent flow rates that reach a maximum of 50-60µL/min following outlet 

triggering that strongly agree with theoretical results for one-dimensional capillary 

driven flow through porous media. Furthermore, PIV results confirmed that this 

versatile fluid pumping strategy is compatible with alternative absorbent pad 

designs to achieve a range of velocity profiles. Additional flexibility can be achieved 

in targeting specific flow rates or sequences by tailoring absorbent pad 

characteristics, namely pore size and pore volume, which alter the constants in the 

Washburn equation. It is also worth noting that the PIV technique used to estimate 

fluid flow rates through the laminate channels has potential as a new method for 

calculating the fluid flow rate in paper microfluidic devices. By combining laminate- 

and paper- microfluidic features, subtle changes in flow patterns driven by porous 

media sinks can be measured through PIV, which is more sensitive than traditional 

techniques of imaging the advancing front of dyed fluids.  

Cell counts across a range of concentrations on the paired devices confirmed 

that the cell delivery function of the pumpless microfluidic device was capable of 

delivering comparable cell densities as the prototype flow-cell. This finding also 

confirms that cell loss due to aggregation upstream of the capture membrane is 

negligible, even at the slower delivery rate in the pumpless device. Though previous 

studies have demonstrated that high flow rates in excess of 1mL/min are required 

to achieve uniform cell distribution across cell-capture membranes,173 density 

heatmaps of cell position (Figure 3.9) revealed regions of cell clumping for the flow-
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cell device. Alternatively, the pumpless device achieved a more uniform cell 

distribution across the membrane. Though the higher delivery rate for the flow-cell 

device is necessary to overcome the fluidic resistance associated with the cell-

capture membrane, the higher resultant viscous effects at the channel walls may 

lead to increased variation in cell distribution than previously noted. 

The intensity of the F-actin stain, Phalloidin-AF647, was selected as a key 

parameter throughout the evaluation of the passive fluid routing device because, as 

a conjugated primary antibody, its measurement allowed for direct analysis of the 

balance between reagent delivery performance and buffer rinse efficiency. 

Furthermore, experience gained from Chapter 2 indicated that the signal to noise 

ratio of the Phalloidin stain (Cy5 SNR) was an important factor related to automated 

profile integrity. As all data acquired in the cytology-on-chip assays is dependent on 

appropriate cell outlines, this represented a crucial parameter to study and 

optimize. 

Empirical evidence collected through visual inspection of cytology-on-chip 

raw fluorescence images led to the hypothesis that the cytoplasmic signal-to-noise 

ratio was correlated to the probability of obtaining correct profiles following 

automated thresholding in CellProfiler.  

As demonstrated in the examples in Figure 3.11, cells with a higher staining 

intensity of Phalloidin-AF647within the cytoplasm compared to the immediate 

surrounding background were more likely to have profiles that correctly delineated 

the cell border from background pixels than objects with dimly stained cytoplasm or 

objects located in areas with higher background signal. By altering the final buffer 

wash volume, the Cy5 SNR was artificially increased due to incomplete removal of 

unbound, excess fluorophore. Objects identified through CellProfiler analysis of each 

imaging scan required a trained user to manually confirm if the generated outlines 

corresponded to boundary limitations of the cell by visual inspection of the Cy5 

channel. 
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Analysis of Cy5 SNR equivalence revealed that the passive device achieved 

similar performance to the paired flow-cell assays when processing cells from the 

same pooled volunteer sample and also achieved equivalent performance to 

historical data from 50 randomly selected healthy volunteers from the clinical trial 

in Chapter 2. Interestingly, while the 12-multi-assay plate also achieved equivalent 

performance to the paired flow-cell device, not enough evidence was found to 

support the claim for equivalence between the single unit passive assays and the 

parallel run passive assays. This dichotomy represents an area for future study and 

improvement.  

The coefficient of variation is a commonly used performance measure in high 

throughput screening applications as it allows for simple, unit-less evaluation of the 

variability between different multi-well plates or among duplicated assay 

measurements. For high throughput processing, standardized controls and 

calibrators are used to ensure consistent performance at clinically relevant 

detection levels. Not surprisingly, these tests are met with strict performance 

requirements, where inter-assay CV must be under 15% and intra-assay CV must be 

under 10%.172 Typically, inter-assay CV, which refers to plate-to-plate variation, is 

higher than intra-assay CV, which reflects the repeatability of parallel 

measurements. Additionally, performance measurements over time can inform 

quality control interventions. For example, poor intra-assay CV (>10%) can signify 

user handling error or instrument calibration requirements. 

The definitions of intra- and inter-assay variability differ in the context of 

cytology-on-chip testing to reflect the unique data structure. In this context, intra-

assay variability, referring to the amount of variability within a single assay, reflects 

the variation in measurements across typically 1,000-2,000 cells. Due to sample 

heterogeneity with respect to the appearance of cells collected from different layers 

within the oral epithelium, this measure is expected to be very high. Across the 

cytology-on-chip measurements of single-cell Cy5 SNR, single-cell variation, 

reflected through intra-assay CV, ranged from 25-48%. However, repeated testing of 

the same cell source (or among healthy volunteers not expected to demonstrate a 
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high degree of variability) is anticipated to achieve much more consistent measures. 

Inter-assay variability, which reflects the variation in condensed single-cell data 

from repeated assays, indeed achieved much more consistent measures, and ranged 

from 9-22%. 

The substantially lower variation observed in the flow-cell assays (inter-

assay CV = 9.02%) compared to previous trial data (20.14%) is not surprising given 

that the trial data involved separate patients and the flow-cell samples were run 

from the same pooled volunteer samples. The higher variation observed in the 

passive device (22.55%/ 21.97%, single/multi-assay device inter-assay CV), while 

matching that of the trial data, reflects the need for further improvements in device 

fabrication that rely less on manual assembly. While both the flow-cell and passive 

device are assembled according to the same xurography technique, the passive 

device is much more dependent on consistent assembly tolerances than the flow-

cell device, due to the higher number of layers and alignment features. Furthermore, 

assay performance is directly influenced by subtle spacing differences in the 

interface between the outlet channel and the absorbent pad sink in the passive 

device, whereas many assembly alignment defects in the flow-cell can be 

compensated by the high flow rates used through external fluid control. 

While the passive pumping approach presented here was designed to 

accommodate the unique requirements of microfluidic, membrane based, cell-

capture assays, this hybrid laminate-paper structure has the potential to impact 

research efforts in other applications, especially point-of-care diagnostics in 

resource-poor settings. The ability to selectively trigger sequential outlet channels 

can be leveraged to embed complex fluid manipulation protocols within a 

microfluidic device that could not be achieved with conventional passive techniques 

such as capillary action or hydrostatic flow. 

By incorporating industry design standards related to microtiter plate well 

positioning into the development of the passive multi-assay device, existing 

laboratory automation equipment can be utilized in the transition from low to high 
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throughput processing of patient samples. The key assay steps of metering reagent 

volumes, driving fluid through the device, and capturing fluorescent images of the 

labeled cells can all be performed with standard laboratory automation equipment. 

While customized instruments would also be capable of performing these tasks, the 

significantly lower barrier to adoption of a standardized, cross-compatible device by 

the research community has the potential to drive future commercial development 

for large scale oral cytology processing and PMOL risk assessment.  

3.5. Conclusion  

An automated, pumpless approach has been developed to process cytology 

samples in a microfluidic device. Unlike devices that rely on external pumping, this 

design strategy can be readily parallelized in a high throughput, multi-sample 

format using scalable assembly practices.  After this final design concept was 

implemented, a series of experiments that evaluated delivery flow rates, cell 

isolation and distribution, and immuno-labeling performance confirmed that this 

passive fluid routing scheme was capable of achieving comparable performance to 

laboratory based active pumping systems for performing immuno-assays on oral 

cytology samples. Significant improvement in inter-assay and intra-assay variability 

is anticipated as assembly practices for final iterations of the multi-assay format 

increase in automation and rely less on manual feature alignment. Additionally, this 

strategy for designing hybrid laminate-paper microfluidic systems using a pierce-

able separation layer has the potential to impact future point-of-care diagnostic 

efforts, especially in applications that concern isolation of cells or microparticles 

from a solution with limited instrumentation. 

The next chapter will address a similar theme of increasing access to this 

cytology-on-chip technology for impacting oral cancer and pre-cancer clinical 

management by demonstrating the adaptation of a fully integrated lab-card enabled 

by high volume manufacturing for future chair-side testing of PMOL.



 

 

Chapter 4 

Adaptation of a Fully Integrated Lab-

Card for Cell Based Assays at the 

Point-of-Care 

4.1. Introduction  

Given the significant improvement in survival rate when oral cancer is 

localized at time of diagnosis, early disease identification and prompt referral to a 

specialist are critical. However, delayed diagnoses have been implicated as an 

important factor influencing the proportion of late stage cases identified at 

presentation.79,80 In fact, one study reported a median delay of 3 months from the 

first sign of symptoms.174 Point-of-care testing would have tremendous implications 

in the management of patient disease by enabling dental practitioners and primary 

care physicians to circumvent the need for multiple referrals and consultations 

before obtaining an assessment of the molecular risk of PMOL. This chapter 

summarizes the major advancements made in transitioning a laboratory developed 

test to ultimate chair-side PMOL analysis through the adaptation of a fully 

integrated lab-on-a-chip system for processing oral cytology samples. 
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4.1.1. Motivation 

According to Onizawa et al. (2003),80 there are typically 4 steps in the oral 

cancer diagnostic process: (1) The first patient consultation with a medical 

professional following the first noticeable symptoms, (2) the decision by the medical 

professional to refer the patient, (3) the consultation between the patient and the 

specialist referred to, outlining the need for scalpel biopsy, and (4) the 

histopathological diagnosis of the suspicious lesion. Each of these steps has been 

associated with potential delays, either due to patient factors such as lack of 

awareness of the signs, symptoms, and risk factors of oral cancer, or medical 

professional factors, such as failure to render a referral decision in an appropriate 

time frame.79 Furthermore, the high non-compliance rate for patients advised to 

seek biopsies175 often results in missed opportunities for patient referrals until 

cases become much more severe. While patient delay factors may require further 

patient education and public awareness campaigns, delays associated with the 

numerous follow-up consultations and reevaluations can be drastically minimized 

through the adoption of reliable, non-invasive, point-of-care risk assessment tools. 

Recent efforts in the McDevitt laboratory have driven the development of a 

fully integrated microfluidic cartridge with self-contained wash buffers, reagent 

storage, and waste reservoirs deployable with a benchtop analyzer.130 This point-of-

care bio-analysis system represents a major advancement in accessible, clinical 

monitoring technologies. This chapter describes the adaptation of this assay 

cartridge for cellular analysis, specifically in the context of oral cytology for future 

point-of-care oral cancer risk assessment. 

4.1.2. Point-of-care testing requirements 

The promise of miniaturizing existing laboratory procedures to the point 

where sophisticated clinical measurements can be performed quickly and 

inexpensively at the point-of-care has fueled the explosive growth of the 

microfluidics field over the last 2 decades.176,177 In order to impact the future of 

health care and achieve significant commercial adoption, point-of-care diagnostic 
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devices must address several requirements. These include: (1) simplistic operation 

with minimal external equipment, (2) scalable pricing models and manufacturing 

practices, (3) disposable elements that contact biological samples, (4) miniaturized 

device footprint, and (5) integrated detection capability.176 The transition from the 

laboratory validation setting to the ultimate point-of-care setting has proved to be a 

major hurdle for many promising technologies due to the challenges associated with 

integrating external processing steps into a robust lab-on-a-chip device.  

The point-of-care analysis tool resulting from over 10 years of collaborative 

research in the McDevitt laboratory addresses these requirements through a 

disposable “lab-card” consumable and a bench-top analyzer unit for point-of-care 

testing of soluble chemistries, specifically biomarker detection and quantification in 

non-invasively acquired samples (Figure 4.1).  

4.1.3. Description of fully integrated point-of-care bio-sensor 

The recently developed fully integrated bio-sensor system, referred to 

previously in the literature as the programmable-bio-nano-chip (p-BNC), is a 

versatile, multiplexed analysis system for chemical- and bio-sensing for bioscience 

and clinical measurements. The disposable assay cartridge (Figure 4.1, panel I) 

combines on-chip reagent storage via foil encased blister packs filled with buffer 

and a universal on-chip reagent pad chamber that can be swapped for different 

stabilized reagents. A novel fluid driving mechanism utilizes stepper-motor-

controlled blister actuators that depress the fluid filled blister packs at carefully 

defined step sizes to cover a dynamic range of fluid flow rates over the course of an 

immunoassay. The biosensor unit is composed of a grid of functionalized agarose 

beads that capture free biomarker in solution. Analogous in operation to a 

microarray, different arrangements of beads conjugated to unique capture 

antibodies can analyze different biomarker signatures, resulting in a versatile assay 

platform. Waste fluids are collected and stored on-chip to minimize the number of 

contacting surfaces that could impose concerns of contamination. These integrated 

cartridges allow for simplistic operation where a user is only required to add the 
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sample fluid to the inlet port, cap the device, and insert the cartridge into the 

analyzer for assay initiation, imaging, and data processing. Furthermore, these 

sensitive bio-analyses are carried out in single use, customizable plastic cartridges 

that can now be manufactured in high volumes using injection molding. 130 

 
Figure 4.1 - Schematic diagram of fully integrated lab-card (I) and associated 
analyzer instrumentation (II) for performing sensitive clinical measurements 
at the point-of-care (adapted from McRae, et al, 2015130)  
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In this chapter, the results from key experiments are presented that were 

instrumental in defining the operating procedures and design considerations 

pertaining to the adaptation of the fully integrated lab-card for cell-based assays. 

Due to the fluid volume processing constraints of the integrated lab-card, initial 

experiments sought to optimize the methods required for membrane priming and 

reduction of background fluorescence intensity. Major differences in the membrane 

support and drain structure of the lab-card device compared to the prototype flow-

cell necessitated the optimization of key parameters influencing the delivery and 

distribution of oral squamous cells, accomplished through computational fluid 

dynamics (CFD) simulation and confirmation through experimental analysis. In an 

effort to adapt the direct immunoassay platform for indirect immuno-labeling, the 

effects of primary antibody pre-incubation time and secondary antibody delivery 

rate were investigated using an immortalized cell line. Finally, assay platform 

equivalence between the flow-cell and integrated lab-card was assessed using 

paired assays for cell line controls and 30 prospectively recruited patients with 

PMOL. 

Key questions that will be addressed by these experiments include the following: 

1. Can a bead array grid be used as both a membrane support and fluid drain 

interface? 

2. Can membrane priming be performed given the flow rate and buffer volume 

constraints in a miniaturized assay platform? 

3. How does the integrated fluidic routing design of the lab-card influence cell 

delivery and isolation in cell-based assays? 

4. Can fluorescence images of patient lesion samples be recorded during fluid 

delivery in order to reduce background signal? 

5. Can a direct immunoassay platform be adapted for indirect immuno-assays 

by including a static pre-incubation step within a microfluidic channel? 
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4.2. Experimental Methods 

4.2.1. Assay protocol adaptation  

Primary and secondary antibody volumes were adjusted to maintain similar 

concentrations as those from the prototype flow-cell (10 α-Ki67: Flow-Cell = 

29µg/mL, Lab-Card = 35µg/mL; 20 GαR-AF488: Flow-cell = 64µg/mL, Lab-Card = 

90µg/mL). Nuclear and cytoplasmic stains were concentrated approximately 10 

times more than in the flow cell protocol to achieve similar signal-to-noise ratios in 

light of wash buffer volume and flow rate limitations. The bulk solution Phalloidin-

AF647 stain was pre-concentrated from 6.6µM to 198µM to accommodate the 

volume limitations of the on-chip sample reagent pad. The same volume of the 

nuclear stain DAPI was used in both assay formats, as the sub-microliter volume 

conformed to volume constraints of both platforms and because the selectivity of 

DAPI ensures that higher concentrations do not contribute to excessive background 

signal. 

4.2.2. Membrane Priming 

The priming of the cell-capture membrane is an important step prior to the 

delivery of cells and reagents where the resistance of the membrane pores is 

overcome by fluid wetting. Various priming fluids, volumes, and flow rates were 

tested to identify a methodology for achieving consistent and complete membrane 

priming. Incomplete priming can occur when incoming fluid preferentially selects a 

sub-region of the membrane to wet, which can trap residual air in the fluid channel 

above the membrane element, resulting in assay failure.  Priming fluids included 

ethanol, isopropyl alcohol, Triton™-x-100 (Sigma Aldrich), and Tween®-20 (Sigma 

Aldrich). Solutions of Triton-x-100 and Tween-20 varied from 0.001% to 1% in PBS. 

Priming flow rates were adjusted from 20µL/min to 250µL/min. Visual 

interpretation of bright field video sequences recorded of the membrane region 

during the priming stage was used to evaluate the efficiency of different wetting 

agent and flow rate combinations. In these images, dark pixels corresponded to fully 
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wetted membrane regions and lighter pixels indicated regions where air was still 

present. 

4.2.3. Integrated-waste storage and imaging under flow 

Though on-chip waste storage is a desired feature of many point-of-care 

devices, the potential for waste fluid to reverse direction when the forward driving 

pressure decreases can result in significant background fluorescence and loss of 

data integrity. To address this issue, an “imaging under flow” strategy was adopted 

to avoid waste backflow during critical image collection. This strategy was evaluated 

by recording time lapse videos of the centermost field of view of the cell-capture 

membrane during a typical cytology-on-chip assay and measuring the Phalloidin-

AF488 (Cy5) signal-to-noise ratio (SNR) for each profiled cell over time for 20 

minutes following the delivery of the secondary antibody cocktail (Figure 4.4). 

4.2.4. Cell delivery and distribution  

In order to optimize the distribution of cells across the membrane during the 

cell delivery stage, both the fluid flow rate and design of the sample delivery channel 

were investigated in the context of a computational fluid dynamics (CFD) model 

(COMSOL version 5.2.0.166) and experimental results.  

Computational modeling of sample delivery flow rate and channel design 

Alternative two-dimensional sample delivery channel designs were created 

in AutoCAD® (version J.51.0.0) and imported into SolidWorks® (version 2013 

SP5.0) to construct a three dimensional assembly consisting of 3 main elements: (1) 

the top delivery channel, (2) inverted pyramidal bead holders approximated as 

cones with an equivalent hydrodynamic diameter of 100µm for the bottom 

interfacing surface, and (3) the bottom drain cavity with bifurcated channels leading 

to the on-chip waste reservoirs. A range of inlet flow rates was tested including 10, 

50, 100, 150, 200, and 250µL/min. For context, sustainable maximum flow rates for 

the integrated lab-card are between 250 and 300µL/min.  
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The modules for momentum transport via Navier Stokes and mass transport 

via convection-diffusion were used to simulate the transport of a cell suspension 

with a diffusion coefficient and density similar to that for water at 250C across the 

membrane region as fluid drained through the bead-holder array to the drain cavity 

and out through the bifurcated outlet channels. Conversion of the solid 3D geometry 

file to single tetrahedron elements was done using the normal mesh density default 

in COMSOL. For each sample delivery channel geometry, a parametric analysis was 

performed by altering the inlet flow rate and re-computing the solution. Simplified 

results were obtained by extracting cross-sectional concentration profiles along the 

x-axis at the center of the membrane region. Designs and flow rates that resulted in 

extreme bias along these profiles were deemed inferior to conditions that achieved 

more stable cross-section profiles. 

Experimental comparison to CFD model 

The effect of cell delivery flow rate and channel design was tested by 

comparing two flow rates (20µL/min and 140µL/min) and two different top 

channel designs (“standard” and “focused”) with each condition run in triplicate. A 

surrogate metric for assessing cell distribution was defined as the fraction of 

“isolated cells” – cells in which 0% of their cytoplasmic border was shared by 

neighboring cells, divided by the total number of cells identified.  

4.2.5. Adaptation for indirect immunoassays 

To adapt the direct immuno-labeling lab-card platform for indirect immuno-

labeling, cell suspensions were incubated in primary antibody solutions within the 

sample delivery loop on-chip. This compromise, incorporating a static reagent 

delivery step, maintained the function of the lab-card in terms of sample delivery, 

buffer rinsing, and secondary cocktail delivery, while allowing both direct and 

indirect assays to be performed.  

Two key variables that affect antibody binding kinetics include the duration 

of the pre-incubation period and the delivery rate of the secondary antibody 
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cocktail. To evaluate these parameters, a total of 20 assays were performed using 

the oropharyngeal squamous cell carcinoma cell line, FaDu (ATTC # HTB-43™), in 

which Ki67 staining intensity was compared for 3 different pre-incubation times 

(10, 20, and 60 minutes) and 3 different secondary delivery flow rates (25, 50, and 

100 µL/min). A negative control was run for each of the 5 combinations by omitting 

the primary α-Ki67 antibody.  Prior to data collection, a threshold was calculated for 

distinguishing cells expressing Ki67 from those not based on negative control 

populations (Figure 4.7, panel I). Cells expressing Ki67 were aggregated across the 3 

repeats for each condition and evaluated based on their signal-to-noise ratio for 

nuclear FITC fluorescence intensity (Figure 4.7, panel III). 

4.2.6. Paired assays with cell line controls 

Further analysis was performed using the FaDu cell line as a positive control 

for Ki67 expression as well as a surrogate for Phalloidin and DAPI staining. Equal 

concentrations of fixed FaDu cells (5e5 cells/mL) were assayed in triplicate on the 

flow-cell and lab-card platforms. Flow-cell processing was performed using the 

standard protocol described in Chapter 2. Lab-card processing, with the indirect 

immunoassay adaptation, included a static pre-incubation of the cell suspension in 

10α-Ki67 within the sample loop of the lab-card for 10 minutes. Flow rates for the 

various protocol steps and concentrations for remaining reagents are provided in 

Table 4.1. Following assay completion and data collection via automated cell 

profiling and image analysis routines, the distribution of median values per image 

for several parameters were compared with two-one-sided tests (TOST) for 

equivalence. These parameters included morphometry measures (cell and nuclear 

area and circularity); staining intensity and consistency (cytoplasm and nuclear 

median, median absolute deviation (MAD), and standard deviation of Cy5 and DAPI, 

respectively); and per-cell signal-to-noise ratios for the 3 fluorescence channels. 

Analysis of FITC intensity was restricted to Ki67-positive cells, identified according 

to the threshold set in section 4.2.5.  Each equivalence test was performed at the 

α=0.05 significance level with an equivalence margin equal to the standard 
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deviation of the parameter distribution across combined assays on the flow-cell 

device. 

4.2.7. Paired patient assays on flow-cell and lab-card 

Based on gold standard histopathological scalpel biopsy review of 

prospectively recruited patients from an ongoing study protocol, 30 previously 

frozen patient samples were selected for testing, with equal distribution across the 

diagnostic categories of Benign, Dysplastic (including mild, moderate, and 

severe/CIS), and Malignant. Each sample was thawed rapidly in a 370C water bath 

and fixed with 0.5% formaldehyde according to the standard pre-treatment 

methods described in Chapter 2. Each sample was divided among paired assays on 

both the flow-cell and lab-card platforms incorporating the molecular biomarker 

Ki67. For each paired assay, the same cell volume was processed on both platforms 

according to the cell pellet size following centrifugation during the wash step 

(“large” pellet = 1µL, “medium” = 5µL, “small” = 10µL, “not visible” = 15µL of total 

30µL cell suspension in 0.1% PBSA). Patient samples were processed on each assay 

platform according to the optimized protocol specific to each (flow-cell assay 

protocol described in Chapter 2, lab-card protocol described in Table 4.1). Data 

extraction through automated image thresholding and cell profiling routines was 

performed similarly on multi-spectral fluorescence images collected from each 

platform. Single-cell data from each assay was then condensed into single summary 

measures as described in Chapter 2. 

To evaluate the agreement between summary measures obtained from 

paired patient samples processed on the flow-cell and lab-card platforms, results 

were plotted in two-dimensions and benchmarked against the linear model y=x 

(slope =1, x-intercept=0). Both R-squared and root mean squared error (RMSE) 

were recorded as relative and absolute measures of the goodness-of-fit, 

respectively. In addition to the paired assays run on the microfluidic platforms, an 

additional 30 patients evenly distributed across benign, dysplastic, and malignant 

diagnoses were randomly selected from the clinical trial database, each with data 
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from 6 molecular biomarker assays. By considering the data collected from each 

biomarker assay for a specific patient as a repeat of the same lesion sample, multiple 

paired assays were analyzed, resulting in 15 unique combinations per patient. 

Equivalence tests (TOST) were also performed to compare the distribution of 

residuals for paired assays, using an equivalence level equal to the standard 

deviation of residuals across the 15 paired clinical trial biomarker assays. Based on 

4 key parameters identified in Chapter 2, parameter analysis included cell area (25th 

percentile), cell circularity (90th percentile, log-sq. transformed), NC-ratio (median, 

log-sq. transformed), and Ki67 expression (10th percentile, log transformed). 

4.3. Results 

4.3.1. Protocol adaptation 

The adaptation of the laboratory based flow-cell device and protocol for 

assessing oral cytology samples to future point-of-care testing with a fully 

integrated lab-card presents a number of opportunities as well as several new 

challenges. A major strategic goal during this effort was to maintain the maximum 

amount of synergy between soluble protein analysis and cell-based assay 

applications of the micro-total-analysis (µTAS) system to increase its flexibility. 

Where possible, design modifications required for cell-based assays favored 

changes to non-essential structures such as the cell delivery channel fabricated in 

DSA. Design modifications of structures embedded in the injection molded bulk 

cartridge layer, while possible in future design generations, represent a much larger 

hurdle requiring expensive and time consuming tooling of master molds and re-

optimization of injection molding parameters, thus hampering the ability to iterate 

through different prototypes. Likewise, protocol adaptations that avoided altering 

fundamental processes were favored.  

One of the most significant design modifications of the integrated lab-card as 

compared to the previous prototype flow-cell involves the cell-capture membrane 

support and fluid drain (Figure 4.2). In previous designs, the membrane was 
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supported by a porous, stainless steel frit. The term “frit” refers to commonly used 

porous metal filters in high performance liquid chromatography systems. With an 

average pore diameter of 250µm, the solid membrane support constituted a total 

surface area of the liquid interface equal to 6.38mm2 compared to the total 

membrane surface area of 20mm2. In contrast, the 4x5 bead holder array, consisting 

of drafted, inverted hexagonal geometries each with a top surface area of 0.18mm2 

and a bottom drain surface area of 0.01mm2, resulted in a much higher fluidic 

resistance with a total sub-membrane drain surface area of 0.2mm2. The nearly 30x 

smaller drain surface area within the lab-card coupled with limitations in fluid 

volume and delivery flow rate necessitated systematic testing and optimization of 

the membrane priming process and cell delivery and distribution, as these stages 

are directly impacted by the fluid draining mechanism. 

 

Figure 4.2 – Membrane support and drain configuration for (A) integrated lab-
card and (B) prototype flow-cell. All dimensions shown are in mm. Exposed 
membrane area represented by gray rectangle with dashed outline. 
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A side-by-side comparison of the two final assay protocols is shown in Table 

4.1. The volume scaling effect of the miniaturized integrated assay platform resulted 

in a per assay cost reduction of 85%.  

Table 4.1 – Prototype flow cell device and fully integrated lab-card assay final 
protocol comparison 

Prototype Flow cell 

Protocol Stage Volume Concentration 
Delivery flow 

rate Cost/ Assay 

Priming fluid 1.47mL - 735µL/min - 

Cell suspension 500µL - 1.5mL/min - 

10 Antibody 
25µL 

(500µL total) 
29µg/mL 250µL/min $103.75 

Wash buffer 2.5mL - 1mL/min - 

20 cocktail        

GαR-AF488 

Phalloidin- 

AF647 

DAPI 

500µL - 250 µL/min  

25µL 64µg/mL  $14.4 

42.5µL 

0.33µM 

(stock = 
6.6µM) 

 $11.33 

0.5µL 5µM  $0.02 

Wash buffer 5mL - 1mL/min  

Totals 10.47mL   $129.50 

Injection Molded Lab-card 

Protocol Stage Volume Concentration 
Delivery flow 

rate Cost/ Assay 

Priming fluid 80µL - 250µL/min - 

Cell suspension 20µL - 20µL/min - 

10 Antibody 
0.7 - 1µL 

(20µL total) 
35µg/mL 

(on-chip 
incubation) 

$4.15 

Wash buffer 250µL  200µL/min - 
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20 cocktail 

GαR-AF488 

Phalloidin- 

AF647 

DAPI 

100µL  25µL/min  

4.5µL 90µg/mL  $2.59 

1.5µL 

2.97µM 

(stock = 
198µM) 

 $12.00 

0.5µL 54.6µM  $0.02 

Wash buffer 550µL**  300µL/min - 

Totals 1.02mL   $18.76 

** Wash buffer volume does not include buffer during “imaging-under-flow” operation 

 

The two main volume constraints of the miniaturized microfluidic platform 

included the volume of wash buffer contained in the sealed blister packs (~1mL 

each) and the maximum reagent volume that could be accommodated on the glass 

fiber conjugate pad within the reagent storage chamber (~ 11µL). As a closed 

system, the integrated lab-card required defined fluid volumes for each protocol 

stage, unlike the open flow-cell platform that could process an unlimited amount of 

fluid via external fluid reservoirs and injection valves. Concentrations of primary 

and secondary antibodies were approximately maintained in transitioning from the 

flow-cell device to the miniaturized lab-card system by scaling down the volume of 

reagents from the same stock concentrations. The nuclear stain, DAPI, due to its 

specificity for DNA and low auto-fluorescence in an unbound state, was used at the 

same stock concentration and total volume in both platforms, resulting in a 10x 

molar concentration in the lab-card device. Due to the limited reagent volume 

allowed on the conjugate pad, Phalloidin-AF647 required pre-concentration to 

obtain similar molar concentrations as used in the flow-cell. It was also discovered 

that smaller volumes of concentrated Phalloidin resulted in lower background 

signal from non-specific binding than larger volumes of less concentrated solutions. 

Stock solutions of Phalloidin-AF647 were prepared at 30x the standard 

concentration (198µM and 6.6µM, respectively) and a final volume of 1.5µL was 
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used per assay, resulting in a delivered concentration of 2.97µM, approximately 9x 

more concentrated than in the flow-cell assay protocol. 

Buffer wash volumes were approximately 10x less in the lab-card assay per 

protocol step than in the flow-cell device. Additionally, flow-rate limitations resulted 

in delivery rates ranging from 20 - 300µL/min in the lab-card compared to the 250 – 

1500µL/min range used in the flow-cell device. These buffer volume and flow rate 

limitations, while affecting all assay steps, had important implications on the 

membrane priming process, which is traditionally performed without fluid volume 

limitations.  

4.3.2. Membrane priming 

In commercial systems that rely on porous polymeric membranes for 

microfiltration or ultrafiltration processes, wetting agents are often used to achieve 

higher fluxes by “activating” the pores of a filtration membrane178 which can 

significantly decrease membrane resistance. Pore activation involves overcoming 

intrinsic resistance due to variation in pore size and surface energy, resulting in 

fully wetted pores that increase the overall flux. Common wetting agents such as 

isopropyl alcohol, ethanol, and acetone are not all compatible with the adhesive 

layers within the laminate micro-device. Non-anionic surfactants, generally 

compatible with adhesives used in laminate micro-devices, can also be used to lower 

the priming liquid’s surface tension to the point where wetting can occur.179 

Based on video sequences captured of the membrane surface during the 

priming stage, it was determined that high flow rates contributed to the most 

complete membrane priming (Figure 4.3). Of the different wetting agents, a 0.01% 

Triton-X-100 solution in PBS was determined to promote the most complete and 

reliable membrane wetting under the limited volume and flow rate constraints. To 

implement this two stage delivery of a priming fluid immediately followed by the 

sample fluid, capillary action of the hydrophilic sample inlet channel was leveraged 

to advance 90µL of the priming solution into the sample loop, halting fluid 

movement once the full volume had been delivered, due to the surface tension at the 
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interface between the priming fluid and the inlet chamber. This allowed cartridges 

to be loaded with priming fluid and stored before cytology samples were added, 

reducing the number of steps performed by an end user. 

 

 

Figure 4.3 – Video frames of cell-capture membrane during priming phase. A) 
Stochastic priming pattern seen at low flow rates (<50µL/min); B) Uniform 
membrane priming at high flow rates (250µL/min) and “focused” delivery 
channel design. Time lapse between each frame = 50ms (total time = 6s). 
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4.3.3. Background signal and Cy5 SNR 

The on-chip storage of reagent waste, while desirable for limiting sources of 

contamination and the need for external fluid connections, can influence the 

background signal of the analysis region. To mitigate the risk of unbound 

fluorophores stagnating underneath the transparent membrane and drain structure, 

a strategy was implemented to initiate the image capture sequence while wash 

buffer was constantly flowing over the membrane, creating a driving pressure that 

prevented backflow from the waste reservoirs.  

Video sequences of Cy5 fluorescence activity were used to construct the 

volume dependent fluorescence intensity response of single cells in a single field of 

view (Figure 4.4). This diagram clearly illustrates the potential for reagent waste 

backflow once the forward driving motion on the blister packs subsides, noted by 

the sharp increase in median Cy5 fluorescence intensity and the corresponding drop 

in single-cell SNR (Figure 4.4 – step v). The flow rate of the final wash step was 

adjusted to accommodate the full image collection sequence (30 fields of view, 5 z-

slices each, 3 spectral channels), resulting in 750µL delivered at 60µL/min. Visual 

inspection of recorded images confirmed that the flow rate was low enough to avoid 

disruption to cell position by introducing motion artifacts and high enough to 

ensure constant positive pressure within the waste reservoir to avoid reagent 

backflow. 
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Figure 4.4 – Time lapse recording of single-cell Cy5 SNR during a standard 
assay following secondary antibody cocktail delivery. Assay events 
correspond to i) initiation of secondary cocktail delivery, ii) end of secondary 
delivery stage, beginning of 1st wash stage, iii) toggle between Left and Right 
blister to stabilize internal pressure, iv) beginning of 2nd wash step for 
imaging under flow, v) end of assay, forward pressure subsides. 

4.3.4. Cell delivery and distribution results 

Proper cell delivery and distribution across the embedded nano-porous 

membrane is a critical process for cytology-on-chip processing. Since single-cell 
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data is extracted from fluorescence image analysis, areas of cellular overlap or a 

high degree of cellular clumping result in data loss. The challenge for automated cell 

profiling algorithms to delineate borders of adjacent cells (Figure 3.11) emphasizes 

the need for robust protocols and designs to promote uniform cell distribution.  

The CFD simulations of cell delivery for 5 different channel geometries and 6 

different delivery flow rates resulted in two significant observations. First, cell 

delivery rates at the low end of the spectrum (< 100µL/min) were more likely to 

result in fewer variable regions than higher delivery rates. Secondly, channel 

designs that promoted a hydrodynamic focusing of cells towards the center 

streamline (designs d and e) were also more likely to promote uniform cell densities 

across membrane cross-sections than alternative designs.  
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Figure 4.5 – Theoretical results for CFD simulation of cell distribution as a 
function of cell delivery flow rate and microfluidic channel design. Panel I) 
Selected sample delivery channel geometries ((a) original design) used in CFD 
model. Panel II) CFD results represented as a series of cross section plots (a-e 
refers to designs a-e in Panel I). X-axis = position across the midplane of the 
membrane region (dashed red line in Panel I), Y-axis = normalized 
concentration of cells. 

Experimental results of these conditions confirmed the optimization of cell 

distribution at low delivery flow rates (20µL/min) using a “flow focusing” design 

(design e) (Figure 4.6). A surrogate endpoint for assessing the degree of cellular 

clumping known as the isolated cell fraction measured the percentage of cells 
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present across the membrane with no cytoplasm border pixels shared by adjacent 

cells. Empirically, these isolated objects have been shown to result in very reliable 

cell profiling under automated thresholding (Figure 3.11).  

Using the standard sample delivery channel design, the lower flow rate of 

20µL/min was associated with a modest but statistically significant increase in the 

fraction of isolated cells compared to a flow rate of 140µL/min (p =  0.00012, 

mean(20µL/min) = 7.70%, mean(140µL/min)= 4.98%). The challenge of 

immediately transitioning from high membrane priming flow rates to low cell 

delivery flow rates results from the intrinsic delay between any action occurring at 

the fluid pump and its downstream effect. To overcome this challenge, an 

intermediate stage was added that effectively prolonged the fluid response delay by 

delivering 2µL of fluid at a rate of 2µL/min. This stabilization stage allowed flow 

rates to stabilize prior to cell delivery to avoid delivering cells at a higher flow rate 

than intended. A compound effect was observed in measuring the cell distribution at 

20µL/min between the standard and focused design geometry. The revised channel 

design was associated with an additional gain of over 10% in isolated cell fraction 

compared to the standard design (p <0.0001, mean(Focused) = 21.24%, 

mean(Standard) = 7.70%). 
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Figure 4.6 – Experimental comparison of cell delivery flow rate and channel 
design. Panel I) Isolated cell fractions for different flow rate and channel 
design combinations. Panel II) Cell distribution comparison of two different 
sample delivery channel designs: A) Original design, B) Design “e” from Figure 
4.5. Both examples utilized a cell delivery rate of 20µL/min. 

4.3.5. Adaptation of direct immunoassay platform to indirect staining 

Since Ki67 is a cell proliferation marker, heterogeneous cell samples that are 

asynchronous in the cell cycle express variable amounts of Ki67.180,181 Based on the 

aggregate data from negative controls of each combination, a nuclear Ki67-intensity 

SNR threshold of 1.437 (75% quantile for negative control) was used to identify 
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positive cells (Figure 4.7, Panel I). The omission of the primary α-Ki67 antibody in 

the control assays resulted in a robust negative control, where less than 0.8% of 

identified cells had a high enough FITC SNR signal to be mislabeled as positive 

(Figure 4.7, Panel I). This step ensured that only cells expressing Ki67 were included 

in the analysis. After identifying these Ki67-positive cells based on average nuclear 

FITC SNR, these objects were aggregated by the different pre-incubation times and 

secondary antibody delivery rates and compared over a series of Welch’s T-Tests 

(Figure 4.7, Panel III). 

 

Figure 4.7 – Indirect immuno-assay adaptation of integrated lab-card. Panel I) 
FaDu cell Ki67 expression in terms of nuclear FITC SNR for experimental and 
negative control assay. Panel II) Fluorescence images of Ki67/Phalloidin/ 
DAPI-stained FaDu cells in indirect assay format on integrated lab-card: Each 
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set of 3-spectral channel images represents one field of view from a particular 
assay. All assays carried out at 10min 10 pre-incubation. A, B) 20 delivery rate 
of 100µL/min, C.D) 20 delivery rate of 25µL/min. A, C) Full assays with both 10 
and 20 α-Ki67 reagents, B, D) Negative control assays with 10 α-Ki67 omitted. 
Panel III) Evaluation of (A) pre-incubation time and (B) secondary antibody 
delivery rate for adapting lab-card to perform indirect immunoassays. Bar 
plots indicate the mean value for a specific condition, with error bars 
indicating ± standard error. Red dashed line indicates threshold for 
identifying “Ki67-positive” cells. 

Consistent cell densities were observed across all 20 indirect immunoassays 

performed with FaDu cells on the integrated lab-card, with a median count of 1,476 

cells per assay (SD: 340 cells). Increasing duration of cells incubated with primary 

α-Ki67 resulted in an increase in the average FITC SNR of FaDu cells (10min = 3.24, 

20min = 3.34, 60min = 3.45), but the variation across replicate assays resulted in a 

lack of evidence to suggest a significant difference at the α=0.05 level. By altering 

secondary antibody delivery flow rates, slower flow rates resulted in increased 

average FITC SNR (25µL/min = 4.059, 50µL/min = 3.77, 100µL/min = 3.24), 

significantly different between the 25 and 100µL/min flow rates (p = 0.0435).  It is 

worth noting that the increase in FITC SNR, indicating enhanced positive staining of 

Ki67, did not create more false positives, but rather enhanced the signal from the 

same population of positive cells (Figure 4.7, panel II). 

 

4.3.6. Cell line controls in paired assays 

The Ki67 positive control cell line, FaDu, was used as a surrogate cell sample 

for comparing assay performance between the flow-cell and lab-card platforms in 

terms of the distribution of morphometry and immuno-labeling intensity 

parameters. This cell line was used prior to testing primary patient cells due to 

higher cell uniformity resulting in more homogenous sampling than oral cytology 

samples collected from full thickness epithelium. To compare the distribution of 

measurements between images recorded on both platforms in triplicate assays, 
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single-cell data were summarized as median values per image resulting in 

approximately 30 degrees of freedom for the subsequent equivalence tests.  

Results from equivalence tests between triplicate assays run on the flow-cell 

and lab-card platforms with the control FaDu cell line are provided in Table 4.2. 

Several parameters were investigated that spanned nuclear and cellular 

morphometry, immuno-fluorescence staining intensity across all three spectral 

channels, and signal-to-noise ratio measurements. Morphometry measures 

(including cell and nuclear area and circularity) showed good agreement at the 

α=0.05 significance level (p < 0.0001). Direct measures of cell and nuclear immuno-

labeling intensity varied slightly, with not enough evidence to suggest equivalent 

means for cytoplasm median Phalloidin intensity. Nuclear median DAPI intensity 

was considered equivalent, though the corresponding p-value was higher than that 

for the morphometric variables (p = 0.01307). Measures of single-cell immuno-

labeling intensity variation including the median absolute deviation (MAD) and 

standard deviation for Phalloidin and DAPI were equivalent between both 

platforms, as were Phalloidin and DAPI SNR values.  

Average FITC intensity of Ki67-positive FaDu cells, as defined by direct 

intensity measurements (integrated and median nuclear FITC intensity) was not 

significantly similar between platforms, with a higher average value observed for 

assays on the integrated lab-card (p = 0.4629, 0.3482, respectively). Additionally, 

there was not sufficient evidence to suggest equivalent nuclear background FITC 

intensity, where average values were also higher for the integrated lab-card than on 

the flow-cell device. However, the combination of these two effects in calculating the 

average FITC SNR for Ki67-positive FaDu cells was determined to be statistically 

equivalent between both platforms (p < 0.0001).  
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Table 4.2 – Results from equivalence tests (TOST) for FaDu cell assays on flow-
cell and lab-card platforms 

 

DF 
Equivalence 

interval 

Lab-
Card 

(mean) 

Flow-
cell 

(mean) Pr(>|t|) (*) 

Cell Area 30.733 118.36 463.66 452.82 3.08e-19 **** 

Cell Circularity 25.729 0.140 0.7409 0.8128 0.0009 *** 

Nuclear Area 26.726 63.10 270.7 252.58 5.839e-8 **** 

Nuclear 
Circularity 

24.978 0.0776 0.8485 0.8658 7.318e-7 **** 

Cytoplasm 
median Cy5  

47.093 0.1789 0.5685 0.7316 0.3021 ns 

Nuclei median 
DAPI  

39.126 0.1561 0.5092 0.61506 0.0131 * 

Cytoplasm MAD 
Cy5  

39.72 0.06489 0.11274 0.11082 2.34e-15 **** 

Cytoplasm SD 
Cy5  

26.531 0.03891 0.17210 0.1826 1.24e-5 **** 

Nuclear MAD 
DAPI  

32.664 0.06993 0.1585 0.1573 2.13e-10 **** 

Nuclear SD 
DAPI  

44.853 0.06385 0.2001 0.2195 1.243e-6 **** 

Cy5 SNR 41.98 4.873 11.084 11.251 1.862e-6 **** 

DAPI SNR 40.137 6.254 14.353 17.065 0.0063 ** 

FITC SNR 43.208 1.2513 2.635 2.6131 2.63e-25 **** 

Nuclei 
Integrated 

Intensity FITC 
21.542 13.0025 29.520 17.151 0.4629 ns 

Nuclei Median 
FITC 

21.76 0.0433 0.0992 0.06384 0.3482 ns 

Nuclear 
Background 

Median FITC  
21.237 .01100 0.0377 0.0225 0.6688 ns 
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4.3.7. Paired device patient sample analysis 

The final comparison of the two assay platforms included 30 previously 

frozen, prospectively recruited PMOL samples that included 10 benign, 10 

dysplastic, and 10 malignant cases, with diagnoses confirmed through gold standard 

scalpel biopsy. Paired assay data for each patient was plotted in two-dimensions 

with the flow-cell assay summary measure on the x-axis and the lab-card assay 

summary measure on the y-axis (Figure 4.8). Perfect agreement between the 

measurements obtained from the two platforms was expected to take the form of a 

straight line with equation y=x, implying a slope equal to 1 and an x-intercept of 

zero. Parameter analysis focused on key attributes identified in Chapter 2, namely 

cell area (25th percentile), cell circularity (90th percentile, log-sq. transformed), NC-

ratio (median, log-sq. transformed), and Ki67 expression (10th percentile, log 

transformed). To place the results of this study in context, data was also collected 

from an additional 30 patients from the clinical trial database, spanning the same 

category distribution as the assays described above. Since each of these patients had 

recorded morphometry measures across 6 different molecular biomarker assays, 

each biomarker assay combination was treated as a repeat of a paired assay, similar 

to the flow-cell / lab-card assay comparison. Across each pair, R-squared and RMSE 

values were recorded for the same parameters above except for Ki67 expression, 

since each patient assay from the clinical trial was unique to a single biomarker. 

Relative and absolute goodness-of-fit measured by the R-squared value and 

RMSE ranged from 0.4266/0.92994 for Ki67 intensity (p10, log transformed) to 

0.7642 / 480.567 for cell area (p25). Across the 15 paired clinical trial assays, 

median [25%, 75%] R-squared values equaled: 0.710 [0.6444, 0.7888], 0.91264 

[0.8978, 0.9249], 0.76706 [0.71567, 0.90125] and RMSE values equaled: 515.85, 

[452.48, 538.03], 0.02258, [0.02097, 0.02371], 2.8187 [1.2257, 2.9564] for 

parameters cell area (p25), cell circularity (p90, log-sq), and NC-ratio (median, log-

sq). While the R-squared and RMSE values for cell circularity were outside of the 
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interquartile range calculated for the clinical trial assays, both values agreed 

strongly with the calculated range for cell area and NC-ratio. Two-one-sided tests 

for equivalence (TOST) at an equivalence level equal to the standard deviation of 

residuals for the 15 paired clinical trial biomarker assays confirmed that the 

distribution of residuals for the paired flow-cell/lab-card assays agreed with the 

expected confidence margin calculated for repeated clinical trial assays on the flow-

cell device: cell area (p = 0.00012), cell circularity (p = 0.0172), and NC-ratio (p < 

0.0001). 
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Figure 4.8  - Results from paired device assays for 30 patients with PMOL (10 
benign, 10 dysplastic, 10 malignant). X-axis = Flow-cell assay data, Y-axis = 
Lab-card assay data. A) Cell area (25th %), B) Cell circularity (90th%, log-sq), C) 
NC ratio (median, log-sq),  D) Ki67 expression (10th%, log). Trendlines 
represents y=x, i.e. perfect agreement between both assay platforms.  Gray 
regions (A-C) represent the error margin from the line y=x (flanked by lines 
with slope =1 and x-intercept = ± median RMSE from clinical trial dataset). 



143 

 
 

4.4. Discussion 

The development of a fully integrated lab card for quantitative biomarker 

and cytological analysis has profound implications on future point-of-care testing 

applications. However, the processing requirements of this new sensor platform 

introduced several new challenges not present in previous implementations due to 

fewer restrictions imposed in a laboratory-based setting.  

Volume constraints due to miniaturized fluid routing paths, capacity of on-

chip waste reservoirs, and sealed buffer-filled blister packs were addressed early, 

resulting in an 85% cost reduction per assay due to increased efficiency at lower 

reagent volumes, which has long been touted as an advantage of microfluidic 

processing.182 The use of a pre-concentrated solution of the fluorescently labeled F-

actin stain, Phalloidin-AF647, required subsequent experiments to confirm that the 

higher fluorophore concentration did not generate higher background signal for 

unbound antibodies. 

Though membrane priming can be simply addressed when fluid flow rates 

and volumes are not constrained by delivering a bolus of fluid at a high rate to break 

the initial surface tension of the nano-pores within a membrane, achieving a 

consistent, reliable priming action within an integrated lab-card was an initial 

challenge. Inconsistent or incomplete membrane priming can lead to immediate 

assay failure if residual air remains in the above-membrane chamber or can cause 

undesired flow patterns that result in non-homogenous reagent delivery and cell 

delivery failure. After many different combinations of priming agents and delivery 

flow rates were tested, a solution of 0.01% triton-x-100/PBS delivered at a flow rate 

of 250µL/min was selected as the final priming stage protocol, resulting in robust, 

consistent priming with no residual air bubbles above or below the membrane 

surface. The addition of the priming fluid prior to adding the cell sample currently 

involves a second user step; however, initial experiments have shown that, as long 
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as the assay cartridge is kept in air-tight packaging, the priming fluid can be added 

several days before an assay is run, potentially during device assembly.  

Another challenge discovered in optimizing the lab-card platform for cell-

based assays was overcoming a consistent distribution bias of cells on the 

membrane surface. Rather than attempt to normalize the distribution of single-cell 

x- and y- positions a surrogate endpoint, isolated cell fraction, was used to compare 

different top channel designs and delivery flow rates in several experiments. As 

discussed previously, the automatic profiling of single cells is more likely to result in 

correct outlines when cells are completely surrounded by pixels that belong to the 

background region. Therefore, the aim for cell distribution optimization was to 

achieve the highest fraction of isolated cells possible. Through the use of a modified 

top channel design and optimal delivery flow rate, this distribution bias was 

mitigated and resulted in a 4x increase in the number of isolated cells. 

Another significant difference between the integrated lab-card platform and 

previous lab based flow-cell involved their intended assay format. While the flow-

cell was not restricted to a particular assay format and was used to perform indirect 

immuno-labeling assays on oral cytology samples, the lab-card device was designed 

specifically for direct immuno-assays. Direct immuno-assays operate by targeting a 

biomarker of interest by a specific antibody that is conjugated to a fluorescent 

molecule. Any unbound antibody that remains in the system following sufficient 

incubation is washed away leaving the true fluorescence signal at the specific 

locations where the target biomarker is expressed. In the oral cytology protocol 

described here, the Phalloidin–F-actin label follows a direct immunostaining format. 

Indirect immunoassays involve a coupling process with the goal of signal 

amplification, which can be necessary when probing rare biomarkers that are 

expressed in low concentrations. In this format, a primary antibody specific to the 

target biomarker is allowed to react with the sample. After unbound primary 

antibody is washed away, a secondary antibody conjugated to a fluorophore and 

specific to particular regions of the primary antibody is introduced. Because 

multiple labeled secondary antibodies can bind to a single primary antibody, the 
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overall signal for each biomarker antigen is amplified. Though signal amplification is 

often desired, especially in quantitative fluorescence image analysis, the indirect 

staining approach is more complex and requires additional steps than the direct 

staining format. Using FaDu cells as control cells, reagent delivery rate and pre-

incubation timing was optimized to enhance the signal detected from Ki67-positive 

cells. 

Assay platform equivalence was assessed by testing the same cytology 

samples on both platforms and comparing the resultant summary measures for 

different features. Initially, control cells (FaDu) were used to assess the image-to-

image variation in both platforms. Cell lines are frequently used for process control 

experiments due to superior consistency regarding cytomorphometric and 

molecular phenotypes compared to primary human cells. As expected, these paired 

assays showed strong equivalence in most of the analyzed parameters. Both the 

background intensity and cell staining intensity recorded in the FITC channel (Ki67) 

was higher in the lab-card platform, though this compound effect achieved a 

significantly equivalent SNR measure. Risk assessment models place more emphasis 

on the SNR measures in order to provide robust solutions for accommodating a 

range of background intensities. 

To obtain a more realistic estimate of platform equivalence, patient cytology 

samples were assayed on both platforms in a similar manner. Since single-cell data 

is consolidated into summary measures for patient risk analysis, these values were 

compared for each patient to evaluate their consistency. In order to calibrate these 

results with expected confidence intervals, previous molecular biomarker assay 

data for PMOL patients was reanalyzed as a series of paired assays. By omitting the 

molecular biomarker data, each of these pairs was used to evaluate the consistency 

of summary cellular and nuclear morphometric features. With an R-squared value 

equal to 1.0 representing perfect agreement along the line y=x, 3 morphometric 

features resulted in strong agreement from 0.681 – 0.762. The highest variation was 

seen for Ki67 intensity, which could not be calibrated since each assay pair in the 

previous dataset represented two distinct molecular biomarker assays. However, it 
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is reasonable that molecular biomarker features would express the highest amount 

of variability since their molecular expression is heterogeneous throughout cytology 

samples and dependent in part on the epithelial layer of origin. Additionally, the 

difference in confidence interval bounds between cell area, cell circularity, and NC-

ratio from the previously run assay pairs indicates that some features may be more 

highly conserved among repeated cytology analyses than others. Further 

exploration into this effect may uncover key insights that could lead to more robust 

risk model development by accounting for naturally occurring variability.  

Future design adaptations may incorporate primary antibody delivery by 

designing a second on-chip reagent pad that interfaces with the right blister sample 

loop, allowing for two independent delivery systems to transport reagents to the 

membrane region. Another future consideration that was not addressed in this 

study is the use of a custom analyzer for performing the assay, recording raw data, 

and presenting a final readout to the end user in a point-of-care setting. The current 

analyzer system used to perform quantitative biomarker analyses at the point-of-

care will require further adaptation to enable fluorescence imaging of cytology-on-

chip assays. As this system was built with flexibility in mind, the use of different 

excitation light-emitting diodes, tuning of emission sensors, and integration of a 

robotically controlled stage to collect raster scanned images, will enable current 3-

spectral channel imaging operation.  

4.5. Conclusion 

Through a series of experiments designed to adapt a fully integrated 

microfluidic lab-card for cell-based analysis, a final assay protocol and optimized 

design have been developed to enable cytology-on-chip processing of oral brush 

samples. As a significant first step towards future point-of-care testing, these efforts 

have resulted in the adaptation of an injection molded bead holder array grid as a 

membrane support and drain interface, improvement in cell delivery and 

distribution resulting in a 4 times greater fraction of isolated cells, a strategy for 

recording fluorescence images of cytology samples under flow to enhance the 
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signal-to-noise ratio, and the incorporation of an indirect immuno-labeling 

methodology.  A key design modification was introduced, confirmed through both 

CFD modeling and experimental design to improve the delivery of cells to the 

membrane and achieve uniform cell distribution. Final validation through paired 

assays with patient samples across benign, dysplastic, and malignant diagnoses 

confirmed that the variation of summarized cellular features across paired assays 

was within the range determined by previous repeated patient assays on the flow-

cell device for different molecular biomarkers. While future efforts will focus on 

integrating the data acquisition and analysis components, a robust cytology-on-chip 

assay cartridge has been developed that incorporates simplistic user operation and 

scalable manufacturing practices in a miniaturized, disposable device for chair-side 

analysis of suspicious oral lesions.



 

 

Chapter 5 

A Continuous Numeric Index for 

Monitoring PMOL 

5.1. Introduction 

In Chapter 2, binary classification models were developed that grouped 

patients into "low-risk" and "high-risk" categories,183 intended to serve primary 

clinical settings where the major concern is assessing which patients should receive 

immediate referrals for scalpel biopsy and which should be closely monitored in 

follow-up examinations. While a binary response variable is suitable for this clinical 

setting, finer resolution is required in the secondary and tertiary settings where 

adjunctive tools that can lend insight to the staging of oral epithelial dysplasia (OED) 

for monitoring progression are most needed. This chapter outlines the development 

of a continuous “numeric index” capable of monitoring PMOL at the single-cell level 

using objective cytology-on-chip measurements. Additionally, an immediate 

application of this risk score is provided for a group of high-risk patients with the 

autoimmune disease, Fanconi Anemia, in which the risk of developing oral cancer is 

approximately 800 times greater than the general population. Preliminary studies 
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that evaluate the cytological composition of PMOL from these patients and potential 

sub-group classifications are provided.  

5.1.1. Clinical calculators and assisted medical decision making 

Clinical decision making has relied in part on algorithms and numeric indices 

since the early 1980’s with applications primarily aimed at stratifying patient risk in 

the intensive care unit (ICU) setting.184 Despite the limitations of these early models, 

they have improved the quality of intensive care through efficient planning of how 

limited resources are used.185 Currently, clinical algorithms play a part in predicting 

adverse outcomes in at-risk patient populations following an event or 

procedure,186,187,188 selecting optimal personalized medicine therapies,189 and 

predicting the patient quality of life190 to evaluate the use of different treatments or 

procedures. Clinical algorithms are most needed where there is a demand to 

supplement conventional medical wisdom with insights derived from 

heterogeneous data sources devoid of human bias. The dependency of current 

PMOL monitoring on subjective interpretation of histopathological results 

exemplifies this clinical need in the context of oral cancer risk assessment. A 

continuous risk score based on non-invasive sampling that could respond to subtle 

changes at the molecular and cellular levels could enable surveillance for recurrent 

disease and lesion monitoring over time in order to better predict which lesions are 

likely to undergo malignant transformation into OSCC.  

Historically, an attempt to create an index for oral dysplasia was made in 

1969 by Smith and Pindborg that aggregated scores recorded for cellular and 

molecular features in histopathology slides on a 1-10 scale, known as the “epithelial 

dysplasia index” (EDI).191 The combined score ranging from 0-75 had the following 

cutoffs for classifying oral dysplasia: 0-10 = no dysplasia, 11-25 = mild dysplasia, 26-

45 = moderate dysplasia, 46 – 75 = severe dysplasia. When compared to the 

Brothwell grading system95 (similar to the 5-stage grading criteria used in the 

pathologist adjudication study described in Chapter 2),108 the EDI was associated 

with a 47% inter-observer agreement rate, compared to 62% for the Brothwell 
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system.192 The failed adoption of the EDI demonstrates the subjectivity among 

pathologists in diagnosing OED192 and emphasizes the need for risk metrics that are 

based on quantitative measurements free from human bias. 

This chapter outlines the development of a continuous numeric index based 

on gold standard, adjudicated pathologist review of histopathology slides for the 

purposes of monitoring PMOL. In order to calculate the numeric index, a series of 

models were trained on single-cell morphometric and biomolecular features 

extracted from non-invasively collected cytology samples of 506 prospectively 

recruited patients with PMOL. These models formed the basis of a multi-class 

classifier to predict the histopathological diagnosis of each patient sample. An 

aggregation method was used to combine these class predictions using optimized 

weight assignments into a single value that tracks with the severity of oral dysplasia. 

Two possible applications of this risk score are presented including a simulation of 

lesion progression and a method for identifying unique cell phenotypes as they 

occur at distinct intervals across the numeric score spectrum. In a more general 

context, strategies are outlined for coupling discrete class scores from multi-class 

classifiers into a continuous numeric index that could have significant implications 

in a variety of medical decision making applications based on large amounts of 

biomedical data.  

5.1.2. High-risk patient populations: Fanconi Anemia 

Fanconi anemia (FA; MIM 227650) is a rare, chromosomal instability 

disorder caused by mutations of DNA repair genes and is primarily inherited as an 

autosomal recessive trait. Though only affecting about 1 in 100,000 births, FA is the 

most frequent inherited cause of bone marrow failure.193 The germline mutations in 

one of 15 FA genes results in the increased risk of bone marrow failure, leukemia, 

and solid malignancies.194 Fanconi Anemia patients are 800-times more likely to 

develop OSCC than the general population, and are more likely to be diagnosed at an 

earlier age (median = 27 years).195,196 Although hematopoietic stem cell 

transplantation (HSCT) has been shown to greatly extend the life expectancy of FA 
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patients, it further compounds the risk of developing OSCC. Due to their 

compromised DNA repair pathways, chemotherapy (particularly DNA interstrand 

crosslink (ICL)-inducing agents such as cisplatin and mytomycin C) and radiation 

therapy are contraindicated for FA patients.  

Although tissue biopsy combined with histopathological grading is the 

current gold standard for diagnosing and monitoring the progression of PMOL 

towards oral cancer, frequent re-biopsy of PMOL in FA patients is impractical, 

expensive, invasive, and associated with significant complications.82 Furthermore, 

sampling limitations exist for scalpel biopsy in FA patients because of diffuse and 

often multifocal involvement of PMOL. Thus, the only option currently available to 

detect and monitor PMOL in this patient population involves regular and meticulous 

clinical examination by expert clinicians beginning at a young age.197 However such 

expert clinicians are usually not available in community dental and medical clinics 

where most FA patients seek care,82 further emphasizing the need for surveillance 

and monitoring tools for PMOL that can be performed in a community dentist’s or 

physician’s office. 

Though Fanconi Anemia is a very rare disease, these patients represent a 

potential model for studying the malignant transformation of PMOL due to their 

compromised DNA repair pathways and unique disease etiology. Unlike the general 

population, FA patients carry an inherited risk of developing oral cancer even in the 

absence of common risk factors and at an earlier age. Oral lesions are also more 

likely to be multifocal in FA patients and are associated with a poor prognosis due to 

a highly aggressive biological nature.198 New molecular level insights derived from 

studying this rare patient group may have implications for developing new 

diagnostics and therapeutics that could benefit the general population of patients 

carrying a risk of developing oral cancer. 

Several pilot study phases were designed to investigate the unique 

cytological sample composition of these rare patients and apply risk stratification 

models developed with non-FA PMOL to evaluate the relative risk of different 
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subgroups of FA patients. This study began with a biomarker expression analysis of 

FA-OSCC cell lines compared to sporadic OSCC cell lines,82 evaluation of a FA patient 

presenting with leukoplakia compared to cytology samples from a group of healthy 

volunteers in the form of a case study,82 enrollment of 28 FA patients during an 

patient advocacy meeting in March 2014, and follow-up enrollment of 7 of the same 

patients in February 2016 as an opportunity to study progression of oral cancer 

risk. 

5.2. Materials and Methods 

The dataset used in this study consisted of lesion samples from 125 healthy 

volunteers, 344 prospectively recruited patients with PMOL, and 37 patients with 

recently diagnosed malignant lesions. Across the 7 diagnostic categories proposed 

by the 2005 WHO guidelines for oral mucosa cancer and precancer typing,98 the 

sample makeup consisted of 125 normal/non-neoplastic, 253 benign, 40 mild-

dysplastic, 13 moderate-dysplastic, 10 severe-dysplastic, and 65 malignant lesions. 

Approximately 300 parameters describing the morphometric appearance and 

biomarker staining intensity profiles of each individual cell, recorded using the open 

source software, Cell Profiler,103 were stored in a MySQL database (Amazon Web 

Services RDS). All data analysis and model development was carried out in the 

statistical computing environment, R (v 3.2.1).199 

5.2.1. Data preprocessing 

In addition to a common nuclear (DAPI, Life Technologies #A22287) and 

cytoplasmic (Phalloidin-AF647, Life Technologies #D3571) stain, each patient 

sample was divided among multiple parallel assays to interrogate the molecular 

biomarkers αvβ6 (Abcam, Cambridge, MA, #Ab124968), CD147 (R&D Systems, 

Minneapolis, MN, #AF972), EGFR (Life Technologies, Carlsbad, CA, #MS-378-P), 

Geminin (Abcam# Ab12147), MCM2 (Abcam #Ab108935), and Ki67 (Abcam 

#Ab15580), selected based on their association with disease progression towards 

OSCC.109,110,112–114,200 Of the 506 patients analyzed in this study, the following 
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biomarker assays were missing due to reagent supply shortages while attempting to 

ensure consistent lot formulations: αvβ6: 9, Geminin: 17, Ki67: 1, MCM2: 9. Missing 

data for these patients was imputed by randomly dividing the full dataset in half, 

storing the median imputation output (using the preprocess function in the caret 

package201 in R) and applying it across the entire dataset.  

Prior to model training, raw data was scaled and centered by similarly 

dividing the full dataset in half, storing the mean and standard deviation values for 

each parameter, and applying the scaling and centering transformation to the full 

dataset. A hold-out dataset for final validation was reserved consisting of 25% of the 

raw data using stratified random sampling to achieve equal class proportions in 

both datasets. The remaining 75% of the data was used for training and testing 

classification models to develop the numeric index.  

5.2.2. Model development 

Due to the competing nomenclatures of different machine learning 

procedures and algorithms between statisticians, computer scientists, and data 

scientists, Table 5.1 provides a reference to the terminology used throughout this 

chapter for disambiguation.  
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Table 5.1 – Definition of terms used in model development process for 
disambiguation 

Diagnosis 

Final adjudicated pathologist diagnosis from sample matched 
histology slide (for all patients with lesions): Normal/non-
neoplastic, Benign, Mild Dysplastic, Moderate Dysplastic, 
Severe Dysplastic, or Malignant. 

Class 

Refers to the simplified 4 classes used to develop the multi-
class classifier: Normal, Benign, Dysplastic, and Malignant. The 
pairwise base models and fuser models attempt to differentiate 
between two of these classes, e.g. Benign vs Malignant. 

Case 

In binary models (such as the base Lasso pairwise models), 
“Case” (1) refers to the response variable that the model seeks 
to differentiate from “Non-Case” (0). Note that a binary model 
involving two of the 4 classes above still needs to determine 
which of the classes to regard as “Case.” In this study, since the 
classes are ordered by severity, for each pairwise model, the 
class with the greatest severity is regarded as “Case.” (Example: 
for the Dysplastic vs Malignant pairwise model, the Malignant 
class is regarded as “Case” due to its greater severity.) 

Base model 
The 10 Lasso binary models created for each of the 6 pairwise 
classifiers 

Observation(s) 
(patients) 

per-row data 

Parameters / 
Features 

Columns in the dataset – represent metrics related to cell 
morphometry and biomarker intensity for each cell 
(observation) 

5.2.2.1. Base model training and class size imbalance 

Class size imbalance was addressed by adopting the approach described by 

Krawczyk and Schaefer (2015),202 involving an ensemble of base models trained on  

random under-sampled majority classes across iterative disjoint training (2/3) and 

testing (1/3) sequences. For each classifier, observations were randomly removed 

from the majority class until a balanced class size was achieved. This approach was 
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iterated for an ensemble of 10 base models to cycle through the remaining majority 

class data, each trained on a unique, balanced training set. To compare the 

performance of base models with ensemble classifiers, a second test set was 

included, composed of observations from all classes. Class balance was achieved by 

matching the number of “Case” and “Non-Case” observations to those from the in-

class testing set.  Due to previous success in applying L1-regularized logistic 

regression (Lasso) models to successfully predict binary risk stratification of PMOL 

samples in Chapter 2, the Lasso algorithm was utilized in this study to build base 

classification models.  

5.2.2.2. Model aggregation via classifier fusion 

Classifier fusion involves aggregating the separate base model probabilities 

into a single prediction of “Case” versus “Non-Case.” Prior to fuser training, the 

model development dataset was re-randomized and split into training (2/3) and 

testing (1/3) sets. Similarly, the same majority class under-sampling technique 

described above was performed during fuser development to achieve balanced class 

sizes. Unlike the pairwise model development, fuser models were not restricted to 

observations within the model class pair. In addition to simple majority voting, 

classifier fusers were also trained using Naïve Bayes and random forests, to assign 

weights that correspond to base model training performance.  

5.2.2.3. Class aggregation into continuous risk score 

The pairwise coupling method described by Price et al. (1995)203 was used to 

convert binary model scores into class probabilities for Normal, Benign, Dysplastic, 

and Malignant. Since probabilities calculated by this method do not necessarily sum 

to 1, the final class scores were normalized by dividing by each observation’s sum of 

scores.  

Within the model training dataset, the overall classification accuracy based 

on majority class probabilities was 75%. Of the 25% misclassified observations, 

71% achieved the correct classification by their second greatest class probability. 
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Therefore, 93% of the true classification labels can be explained with the 

information contained in the two largest class probabilities. By weighting these two 

probabilities as well as their difference, resultant class probabilities were 

aggregated for each observation according to the following equation:  

, 

Equation 3 – Numeric index class probability aggregation 

where x is the observation (patient), Pi and Pi+1 are the highest and second 

highest class probabilities, respectively, αi is the class weight assignment, and β is 

the weight applied to the probability difference between Pi and Pi+1. Note that α is 

specific to each class but β is a static weight assignment. The second term in the 

above equation was added to the first term if Classi+1 was more severe than Classi 

and subtracted from the first term otherwise. For example, the numeric index of a 

patient with class probabilities of PNormal = 0, PBenign = 0.8, PDysplastic = 0.2, and PMalignant 

= 0 would involve a weighted combination of the Benign and Dysplastic class 

probabilities and the addition of a term proportional to the difference in the two 

class probabilities. In this example, the numeric index would be slightly elevated 

from a patient with PBenign = 1.0, who in turn would have a higher numeric index 

than a patient with PNormal = 0.2 and PBenign = 0.8.  

Class weights were implemented to account for the increase in severity in the 

ordered diagnoses from Normal through Benign, Dysplastic, and Malignant classes 

and were determined through an iterative process to maximize the performance of 

the numeric index applied to the training dataset. Performance metrics evaluated in 

this process included measures of class rank and class prediction accuracy. Class 

rank, labeled “vote order” and “class order,” was assessed by applying Pearson’s 
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correlation to the multi-class vote or true class label, respectively, arranged by 

increasing numeric index. Class prediction accuracy was assessed by discretizing 

the numeric index by multi-class vote or by true class label and measuring the 

overall accuracy.  The discretization step used the minimum description length 

principle (MDLP) (discretization package in R) as the stopping rule for minimizing 

class entropy. After testing 2,400 weight combinations on the model development 

dataset, with values ranging from 1 to 35 for the class weights and 0.01 to 1 for β, 

final weights were selected based on the combined maximum score of these 

performance metrics: αNormal = 1, αBenign = 5, αDysplastic = 18, αMalignant = 22, β = 0.2.  

5.2.3. Cell reassignment simulation 

The ability of the numeric index to respond to subtle changes at the single 

cell level was evaluated by simulating the progression of PMOL from normal 

appearing oral mucosa into OSCC. In this simulation, 10 randomly selected patients 

with no clinical lesion had a percentage of their cells randomly exchanged with cells 

from a pooled set of 25 OSCC patients, ranging from 1% to 90%. Median numeric 

index values were recorded across 10 repeats for each percentage.  

5.2.4. Automated cell phenotype query 

Using a training set of manually labeled cell phenotypes, similar cells were 

extracted from the entire single-cell database by iteratively computing a 

dissimilarity matrix based on the Euclidean distance between objects in the single-

cell database and the training set (dist function in the proxy204 package in R). The 

cellular features used to compute the dissimilarity matrix were restricted to 42 

parameters that covered cellular and nuclear morphometry, staining intensity, and 

background signal. A manual cutoff for the similarity range was tuned to confirm the 

integrity of returned cells by only selecting objects with a distance less than 50 to 

the target cell. Dissimilarity matrices with 42 morphometry and fluorescence 

intensity parameters across 774,000 objects for 94 target cells were computed in 

under 2.5 minutes (Intel®Core™i7-950, 3.07GHz, 16GB RAM). The set of cell 

phenotypes in the training set included: medium sized, round squamous cells with 
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enlarged nuclei; large, homogenous-stained cytoplasm, normal-appearing squamous 

cells; small, round, reactive-appearing cells with dense networks of F-actin 

filaments; lymphocytes; and lone nuclei. Cell phenotypes were aggregated into 

frequency plots for 3 ranges of the numeric index covering low (0-30), medium (30-

60), and high (60-100) risk scores. 

5.2.5. Fanconi Anemia patient recruitment and sample processing 

Twenty-eight patients were recruited from the Meeting for Adults with 

Fanconi Anemia held in Baltimore in March, 2014 with an additional 17 patients 

recruited at the same meeting in February, 2016 in Orlando. Of the 17 patients 

recruited in 2016, 7 had previously been recruited in 2014, 6 of which presented 

with the same site-matched lesions. All patients voluntarily consented to participate 

in an oral cancer screening and undergo brush biopsy and autofluorescence 

visualization (AFV) using VELscope (Visually Enhanced Lesion scope; LED Dental 

Inc., Burnaby, BC, Canada ) if a PMOL was detected during screening (Figure 5.5). 

Brush samples of identified oral lesions from conventional oral exams were 

collected and shipped in ThinPrep® Cytolyt® (Hologic, Marlborough, MA), room 

temperature cell transport media to Rice University for molecular and 

morphometric cytology-on-chip analysis. Brush cytology data from healthy 

volunteers recruited from an earlier study were also included in comparative 

analyses. Brush samples of normal appearing tissue on the right or left buccal 

mucosa and right or left lateral tongue were collected from these lesion free 

participants for site matched cytological controls. Sample collection procedures 

were performed identically for both groups using a soft Rovers® Orcellex® oral 

cytology brush (Rovers Medical Devices B.V., Oss, The Netherlands). To obtain the 

cytology sample, the brush was applied directly to the lesion or control oral mucosa 

using mild pressure and rotated 360° approximately 10-15 times in the same 

direction. Patient brush samples were assayed using identical protocols, where cells 

were labeled for the nuclear biomarker, minichromosome maintenance complex 

protein-2 (MCM2) using an indirect immunoassay approach [primary anti-MCM2: 

(rabbit monoclonal [EPR4120], Abcam, Cambridge, MA, #ab108935), secondary: 
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goat anti-rabbit IgG F(ab’)2-AlexaFluor-488 conjugate, (Life Technologies, Carlsbad, 

CA, #A11070)] as well as the F-actin stain, Phalloidin-AlexaFluor647 (Life 

Technologies #A22287), and DNA-specific compound, DAPI (Life Technologies 

#D3571). Selection of MCM2 as the main molecular biomarker target was influenced 

by results from PMOL binary risk stratification models developed in Chapter 2 and 

from published studies reporting on the prognostic value of MCM2 in distinguishing 

grades of OED.205 

In order to evaluate the frequency that various nuclear aberrations occur 

among FA patients and within different FA sub-groups, 4,000 objects were 

randomly presented to an expert user for manual classification. The agreed upon 

categories for classification included binucleated cells, polynucleated cells, cells with 

micronuclei, cells with nuclear budding, cells with irregular nuclear membranes, 

cells with normal appearing nuclei, and junk/debris. Examples of select 

morphologies can be seen in Figure 5.7(A-C). 

Following the development of the continuous numeric index for PMOL 

described above, a modified version of the final model was created by re-training 

the base pairwise models on a subset of the original data omitting parameters 

derived from non-MCM2 biomarker assays. This modified numeric index model was 

then applied to cytology samples from the recruited FA patients to assess PMOL 

severity in the context of histopathologically graded and adjudicated diagnoses from 

non-FA patients.  

5.3. Results 

Raw data from the 506 patients in the form of fluorescence cytology-on-chip 

images was re-analyzed with optimized cell identification and profiling routines in 

addition to smart filters to identify noisy object profiles and debris. To reduce the 

magnitude of the single-cell data to a computationally reasonable level, summary 

measures and transformations were applied as described in Chapter 2, resulting in a 

total of 4,900 features used to develop the models. Following data imputation, 
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scaling, and centering, a hold-out dataset was reserved using stratified random 

sampling to achieve equal class proportions between the validation dataset (25%) 

and the training dataset (75%). Due to the low number of dysplastic cases 

commonly observed with prospective PMOL recruitment, mild, moderate, and 

severe dysplasia cases were grouped into one Dysplastic category resulting in 4 

discernable classes with at least 50 patients each (Normal, Benign, Dysplastic, 

Malignant). 

Probabilities for these 4 classes were computed by implementing a strategy 

involving simplification to 6 pairwise binary models (Normal/Benign, 

Normal/Dysplastic, Normal/Malignant, Benign/Dysplastic, Benign/Malignant, and 

Dysplastic/Malignant), classifier fusion to build ensembles of 10 base, Lasso (L1- 

regularized logistic regression) models for each class pair (Krawczyk and Schaefer 

(2015)),202 and pairwise coupling (Price et al. (1995)).203 Single numeric risk index 

values were then computed using a weighted combination of the top 2 class 

probabilities for each patient. The numeric index development process is 

summarized in equation form in Figure 5.1. 
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Figure 5.1 - Equation flow diagram for developing continuous risk index. The 
process for aggregating class probabilities from pairwise, multi-class 
classifiers into a continuous score is shown, from developing base models, 
training fuser algorithms, coupling pairwise class probabilities, and weighting 
final class probabilities. 

5.3.1. Model performance  

Overall error rate and mean square error (MSE) representing 

misclassifications for the 6 ensemble pairwise models are shown in Table 5.2. As 

anticipated, error rates increased between training and testing datasets (in-class) 

and further increased for the “all-classes” test dataset. The best performing pairwise 

model differentiated Normal and Malignant classes (MSE = 0.0164 (training), 0.0167 

(testing in-class), 2.417 (testing all-classes)). In general, pairwise models discerning 
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classes with greater separation outperformed those discerning classes with less 

separation at the binary model level.   

Table 5.2 - Lasso base model performance across 10 disjoint training/testing 
sets  

Error Rate (Median ± SD) (%) 
Model Pair Train Test (in-class) Test (all-classes) 

Normal / Benign 
Normal / Dysplastic 
Normal/ Malignant 
Benign / Dysplastic 
Benign / Malignant 

Dysplastic/ Malignant 

0 (± 0.49) 
0 (± 0.88) 
1.6393 (± 1.51) 
13.1944 (± 15.46) 
5.7377 (± 7.75) 
19.6721 (± 12.76) 

0.7812 (± 0.82) 
0 (± 4.86) 
1.6667 (± 2.74) 
41.6667 (± 10.31) 
25 (± 7.71) 
33.3333 (± 10.56) 

36.7188 (± 5.45) 
40.2778 (± 6.47) 
28.3333 (± 7.34) 
50 (± 9.56) 
23.3333 (± 6.81) 
26.6667 (± 12.52) 

MSE (Median ± SD) 
Model Pair Train Test (in-class) Test (all-classes) 

Normal / Benign 
Normal / Dysplastic 
Normal/ Malignant 
Benign / Dysplastic 
Benign / Malignant 

Dysplastic/ Malignant 

0 (± 0.01)       
0 (± 0.02) 
0.0164 (± 0.04) 
1.0486 (± 4.64) 
0.2049 (± 0.86) 
1.8852 (± 4.75) 

0.0078 (± 0.01) 
0 (± 0.19) 
0.0167 (± 0.05) 
3.6111 (± 3.75) 
1.15 (± 0.66) 
1.9333 (± 2.36) 

8.2891 (± 2.52) 
4.7083 (± 1.28) 
2.4167 (± 1.41) 
4.6111 (± 3.4) 
1.15 (± 0.73) 
1.7 (± 2.54) 

 

Base model diversity was assessed by comparing variable frequency across 

each model for the 6 pairwise classifiers. The relationship shown in Figure 5.2, 

which visually mimics a power law distribution, indicated that less than 10% of 

parameters occur in more than half of the models for each pairwise classifier, thus 

indicating strong diversity across base models.  
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Figure 5.2 – Relationship between parameter frequency and number of base 
models, emphasizing model heterogeneity 

Overall error rates and MSE for the Naïve Bayes, random forest, and majority 

voting fuser models across 10 disjoint training/testing datasets are shown in Table 

5.3. Comparing the performance of the ensemble fuser models in Table 5.3 to the 

Lasso base models for the all-classes test dataset, the ensemble method resulted in a 

decrease in the median overall error rate from 2.78 – 34.4% (avg: 14.2%) for the 

Naïve Bayes fuser, 4.8 – 28.1% (avg: 12.1%) for the random forest fuser, and 2.78 – 

10.8% (avg: 6.7%) for the majority vote ensemble method. Though the random 

forest fuser model achieved a lower training error rate than both the Naïve Bayes 

fuser and the majority voting method, this model suffered the largest increase in 

error rate between training and testing sets (RF: 6.4 – 17.2% (avg: 12.9%), NB: 1.3 – 

4.7% (avg: 2.7%), Vote: 0.4-5.1% (avg: 2.9%)), indicating possible overfitting of the 

training data. Ultimately, the Naïve Bayes fuser was selected in moving forward due 
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to its lower error rate in both training and test sets than simple majority voting and 

better stability compared to the random forest fuser.  

Table 5.3 - Fuser model performance across 10 disjoint training/testing sets 

   Training (all-classes) Testing (all-classes) 

 
Model Pair 

Error Rate (%) 
(Median ± SD) 

MSE 
(Median ± SD) 

Error Rate (%) 
(Median ± SD) 

MSE 
(Median ± SD) 

N
B

 

Normal / Benign 
Normal / Dysplastic 
Normal / Malignant 
Benign / Dysplastic 
Benign / Malignant 

Dysplastic / Malignant 

20.1581 (± 1.35) 
32.8125 (± 5.56) 
15.3846 (± 2.41) 
14.0625 (± 2.36) 
9.2308 (± 2.32) 
19.2308 (± 1.31) 

5.9881 (± 2.45) 
3.4531 (± 0.92) 
0.7692 (± 0.24) 
0.7031 (± 0.24) 
0.3077 (± 0.18) 
1.2231 (± 0.16) 

21.4286 (± 3.95) 
37.5 (± 6.39) 
18.75 (± 3.91) 
15.625 (± 4.18) 
10.9375 (± 4.9) 
15.625 (± 4.28) 

3.2262 (± 2.92) 
2.7969 (± 1.37) 
0.5938 (± 0.22) 
0.4531 (± 0.31) 
0.2344 (± 0.33) 
0.4688 (± 0.32) 

R
F

 

Normal / Benign 
Normal / Dysplastic 
Normal / Malignant 
Benign / Dysplastic 
Benign / Malignant 

Dysplastic / Malignant 

14.8221 (± 0.82) 
16.4062 (± 4.5) 
12.3077 (± 1.63) 
4.6875 (± 1.87) 
0.7692 (± 0.81) 
6.1538 (± 1.21) 

3.1028 (± 0.4) 
1.0312 (± 0.62) 
0.4923 (± 0.12) 
0.0781 (± 0.08) 
0.0077 (± 0.01) 
0.1462 (± 0.04) 

21.8254 (± 1.8) 
32.8125 (± 8.39) 
18.75 (± 3.91) 
21.875 (± 7.58) 
15.625 (± 6.39) 
21.875 (± 5.11) 

3.25 (± 0.54) 
2.1875 (± 1.08) 
0.7031 (± 0.29) 
0.9062 (± 0.98) 
0.6562 (± 0.38) 
0.7812 (± 0.37) 

V
o

te
 

Normal / Benign 
Normal / Dysplastic 
Normal / Malignant 
Benign / Dysplastic 
Benign / Malignant 

Dysplastic / Malignant 

53.1621 (± 1.99) 
32.8125 (± 2.47) 
15.3846 (± 2.51) 
23.4375 (± 2.78) 
10 (± 2.62) 
23.8462 (± 2.08) 

43.7292 (± 3.27) 
3.5469 (± 0.61) 
0.8308 (± 0.25) 
2.3906 (± 0.61) 
0.6538 (± 0.39) 
2.2077 (± 0.4) 

52.7778 (± 3.84) 
37.5 (± 4.93) 
18.75 (± 4.11) 
25 (± 5.55) 
12.5 (± 4.98) 
18.75 (± 4.84) 

22.1667 (± 3.45) 
2.5469 (± 0.91) 
0.625 (± 0.24) 
1.5625 (± 0.73) 
0.5 (± 0.37) 
0.7188 (± 0.52) 

 

Multi-class classifier performance before and after calculation of the numeric 

index is shown in Table 5.4. The overall accuracy of the multi-class classifier 

following the coupling method described by Price et al. (1995)203 is referred to as 

the “Max Score Vote” in Table 5.4, where class labels were assigned based on the 

highest class probability.  To compare the overall class prediction accuracy of the 

continuous risk score to the standard multi-class voting probability, the numeric 

index was discretized into 4 bins corresponding to the 4 disease classes.  Optimal 

cut-points were determined by minimizing class entropy by the MDLP method. The 

process of aggregating discrete class probabilities into a continuous variable was 
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associated with a minor decrease in overall accuracy of 6.4% in the validation 

dataset.  

The ability of the numeric index to correctly order all observations was 

evaluated by Pearson’s coefficient on a scale from 0 to 1 where 1 implies perfect 

ordering. Pearson’s coefficient value for the rank order of class labels (Testing = 

0.827, Validation = 0.805) are slightly lower than for the rank order of the voting 

labels (Testing = 0.876, Validation = 0.886), reflecting the minor decrease in overall 

accuracy between the two methods. The validation dataset achieved extremely 

consistent performance based on sensitivity and specificity (average drop in 

sensitivity = 0.42%, specificity = 0.56%), compared to reported median validation 

performance drops of 15% in biomarker classification studies.107 Strong 

performance agreement between the testing and validation dataset indicated model 

robustness with potential to generalize well to future data.  

Table 5.4 - Ensemble continuous risk index performance across 10 disjoint 
training/testing sets 

 Testing  Validation Data 

Max score Vote (ACC, %) 79.8% 79.2% 

 
Class Binning (ACC, %) 74.54% 72.8% 

Vote Order (Pearson’s rho) 0.876 0.886 
Class Order (Pearson’s rho) 0.827 0.805 

 

Accuracy 
(%) 

Sensitivit
y (%) 

Specificit
y (%) 

AUC 
Accuracy  

(%) 
Sensitivity 

(%) 
Specificity 

(%) 
AUC 

Normal 97.37 100 96.52 0.983 97.6 100 96.81 0.984 

Benign 78.74 59.47 97.91 0.787 76.0 55.56 96.78 0.762 

Dysplastic 82.68 72.92 84.01 0.785 82.4 73.33 83.64 0.785 

Malignant 90.29 85.71 90.96 0.883 89.6 87.5 89.91 0.887 

 

The value of a continuous risk score in the context of monitoring disease 

severity associated with suspicious oral lesions over time will require future studies 

to define clinical decision making guidelines and boundaries. However, the 

performance of this metric can be currently evaluated by discretizing the risk score 
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to categorize patients in the 4 diagnostic categories of Normal, Benign, Dysplastic, 

and Malignant. Furthermore, by reducing classification results to a binary system 

where each observation for a specific category is defined as “Case” and observations 

for the alternative categories are defined as “Non-Case,” traditional performance 

measures of sensitivity, specificity, and area under the receiver-operator 

characteristic (ROC) curve (AUC) can be evaluated. Confusion matrices for class 

assignments in both training and validation datasets are provided in Table 5.5 and 

Table 5.6. 

Table 5.5 – Confusion matrix for risk index training data set 

 Predicted Class Labels 

T
ru

e
 C

la
ss

 L
a

b
e

ls
 

 Normal Benign Dysplastic Malignant 

Normal 94 0 0 0 

Benign 8 113 45 21 

Dysplastic 2 2 35 9 

Malignant 0 2 5 42 

 

Table 5.6 - Confusion matrix for risk index validation data set 

 Predicted Class Labels 

T
ru

e
 C

la
ss

 L
a

b
e

ls
 

 Normal Benign Dysplastic Malignant 

Normal 31 0 0 0 

Benign 2 35 16 10 

Dysplastic 1 2 11 1 

Malignant 0 0 2 14 

 

In terms of diagnostic accuracy, lesions at the low and high end of the disease 

spectrum were more likely to be correctly classified by the risk index than 
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intermediate dysplastic cases. The risk index achieved an accuracy of 97.37% for 

normal brush samples with a sensitivity/specificity of 100%/96.52% in the training 

dataset compared to 97.6% accuracy and sensitivity/specificity of 100%/96.81% in 

the validation dataset. Likewise, for malignant brush samples the risk index 

achieved an accuracy of 90.29% with a sensitivity/specificity of 85.71%/90.96% in 

the training dataset and an accuracy of 89.6% with sensitivity/specificity of 

87.5%/89.91% in the validation dataset. Alternatively, accuracy / sensitivity / 

specificity for Benign and Dysplastic cases in the training set were calculated at 

78.74%/59.47%/97.91% and 82.68%/72.92%/84.01%, respectively, and 

76%/55.56%/96.78% and 82.4%/73.33%/83.64% for the validation set, 

respectively.  

After performance values for the training and validation datasets were 

recorded, the numeric risk index model was applied to all patients and plotted 

against their gold standard diagnoses (Figure 5.3, A-B). Original class labels agreed 

well with discretized numeric risk score class bins and further reiterated the strong 

level of agreement between testing and validation performance. Boxplots of patient 

risk scores (Figure 5.3,C) demonstrated a strong positive relationship against the 

original patient diagnoses based on the 2005 WHO criteria.98 Average risk scores for 

confirmed normal (n=125) and OSCC (n = 65) lesions were significantly different 

from all other categories (unpaired t-test, p < 0.0001). Average scores for patients 

diagnoses with benign (n = 253), mild (n = 40), moderate (n=13), and severe 

dysplasia (n = 10) were not significantly discernable from each other (unpaired t-

tests, p = 0.0758 - 0.5619). At the 4-class level, where dysplasia cases were grouped 

into a single category, risk score means for each group were significantly different 

except between patients in benign (n = 253) and dysplastic (n = 63) categories 

(unpaired t-test, 306 df, p = 0.2297).  
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Figure 5.3 - Numeric Index Performance. Barplots scaled to class densities (y-
axis) across the numeric index (x-axis) for (A) Training and (B) Validation 
datasets. Color-coding represents the true patient class according to 
histopathology. C) Box-plot of numeric index values (y-axis) across the 6 
different diagnostic categories (center line = median value, top/bottom box = 
inter-quartile range) 
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In binary classification systems, cut-points can be adjusted to influence the 

balance between sensitivity and specificity by controlling for the number of false 

positives or false negatives. In different clinical settings, the impact of one of these 

misclassification types often has greater consequences than the other. For example, 

with disease screening tools, developers often err on the side of generating false 

positives, subjecting more disease-free subjects to non-invasive interventions than 

risking the possibility of missing a true positive case. Alternatively, adjusting cut-

points for multi-class classification affects the categorization of all class 

observations, inadvertently changing the balance between sensitivity and specificity 

for several classes at once. Therefore, binary performance values of sensitivity, 

specificity, and AUC calculated for the risk index are the result of optimized 

discretization and represent an estimate of true model performance devoid of 

human bias. 

The spacing between the average class scores and the selection of the 

optimal cut-points for categorization is a direct result of the class weight selection 

and assignment in computing the aggregated risk index. Optimal weight selection 

involved an iterative process of applying different class weights and computing the 

resultant accuracy of class predictions and their rank order following discretization. 

Therefore, the final weight assignments are a reflection on the ability to properly 

order and divide each observation by class. As expected, ascending values were 

selected for class weights, representing the increased severity from classes Normal 

to Benign, Dysplastic, and Malignant (1, 5, 18, and 22, respectively). One interesting 

observation is the fact that the weight differential between Normal and Benign is the 

same as that of Dysplastic and Malignant, yet the differential between Dysplastic and 

Benign is approximately 3 times greater. Most likely this result is influenced by the 

challenge of differentiating cases within the intermediate OED spectrum, where 

scores for the accompanying pairwise models are more variable than at the low and 

high ends of the spectrum, and thus require more separation from low grade lesions 

in Normal and Benign categories.  
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Final cut-points for risk index scores between 0 and 100 were defined at 

positions 4, 25, and 75, resulting in classification intervals of 0-4 for Normal, 4-25 

for Benign, 25-75 for Dysplastic, and 75-100 for Malignant. The large score range for 

the dysplastic category agrees well with conventional OED grading98 given the 

aggregation of low, moderate, and severe/CIS dysplastic cases into a single category 

which in reality represent a range of disease severity and an accumulation of genetic 

alterations.  

5.3.2. Simulated PMOL progression and cell phenotype frequency 

In order to evaluate the ability of a continuous numeric index to respond to 

single-cell changes in PMOL brush samples, a simulation was performed to 

artificially mimic malignant transformation by exchanging random cells between 

lesion-free patients and OSCC patients. Results from the risk index progression 

simulation are shown in Figure 5.4, panel III, where samples from 10 healthy 

volunteers were supplemented with cells from confirmed OSCC patients. Each of 

these 10 patients is represented as a line where the median risk index across 10 

iterations is plotted against the percentage of reassigned cells. All patients exhibited 

a spike in numeric risk score shortly after more than half of the patients’ cells were 

replaced with cells from pooled OSCC samples. This simulation also indicates that 

the calculation of the numeric index is sensitive enough to track changes in a 

cytology sample when only a few percent of cells display a morphometric or 

biomarker expression alteration. 
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Figure 5.4 - Results from cell reassignment simulation and phenotype query. 
Panel I) Representative images of cell phenotypes for frequency tables in 
Panel II: A) Medium round cell with enlarged nuclei, B) Large, normal 
appearing squamous cell, C) Small, reactive round cell, D) Leukocyte, E) lone 
nuclei. Panel II) Distribution of phenotype frequencies for patients with the 
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identified range of risk scores (Blue: 0-25, Orange: 30-60, Red: 75-100). Panel 
III: Results from cell reassignment simulation where solid lines represent 
median numeric index values for each of 10 randomly selected healthy 
volunteer samples across the increasing percentage of their cells exchanges 
for cells from a corpus of OSCC patient cells (x-axis). Gray boundaries 
surrounding each line represents +/- standard error across 10 replicates. 

In addition to the numeric risk score, the cytology-on-chip data used to 

develop these algorithms was also leveraged to supplement the visual 

interpretation of raw fluorescence cytology images. By automatically identifying all 

instances that are similar to a set of target cells, user defined cell phenotypes were 

efficiently mined throughout a large single-cell database to identify common 

features at different intervals of the numeric index. Frequencies of different cellular 

phenotypes across 3 regions of the numeric index spectrum are shown in Figure 5.4, 

panel II. Progression of the numeric index from 0 to 100 was associated with a 

change in the distribution of the 5 selected cell phenotypes. Phenotypes A, C, and D 

displayed the greatest increase in frequency for increasing risk index values. 

Notably, the greatest increase in phenotype frequency occurred between the 

medium and high risk score ranges, exemplified by the 4x increase in frequency of 

phenotype C and the almost 2x increase of phenotype D. Lymphocyte frequency 

(phenotype D) in patient samples for medium range risk scores was lower than both 

low and high range scores. While most of the 5 phenotypes increased in frequency 

at higher risk score values, the large, normal-appearing squamous cells (phenotype 

B) dropped in frequency approximately 30%. The ability to summarize the 

frequency of various cell phenotypes on an individual patient level has the potential 

to indicate cellular features that are overexpressed at different stages in the OED 

spectrum and can be used to identify unique cell phenotypes in an effort to gain 

enhanced molecular level insight behind the malignant transformation process of 

PMOL. 
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5.3.3. Fanconi Anemia pilot analysis 

Prior to Fanconi Anemia patient recruitment, a preliminary analysis of three 

human FA-OSCC cell lines (VU-1365, VU-1131, OHSU-974) and three human 

sporadic OSCC cell lines (UMSCC-22A, UMSCC-101A, MDA-686Tu) using the same 

protocols and flow-cell device for sample processing described in Chapter 2 was 

performed to identify intrinsic limitations to cytology-on-chip processing of FA-

derived cells and to compare biomarker expressions between the two groups for  

αvβ6, CD147, Geminin, EGFR, Ki67, and MCM2.82 Results revealed variable 

biomarker expression patterns for the different biomarkers, but no notable 

differences between the two cell line groups, consistent with previously published 

reports that the molecular phenotypes of FA and sporadic OSCC are similar except 

for the increased sensitivity of FA cells to cisplatin.206   

A flow chart of the study design for recruited patients with Fanconi Anemia is 

provided in Figure 5.5. Briefly, 28 prospective patients received a conventional oral 

exam and patients with visually detected lesions followed-up with autofluorescence 

visualization using VELscope and cytology-on-chip processing of a brush sample of 

the lesion.   
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Figure 5.5 – Fanconi Anemia pilot study design 

Obtaining contralateral control brush biopsies from normal appearing 

mucosa for FA patients is challenging due to increased prevalence of chronic oral 

mucositis, common multifocal disease, and baseline genetic alterations that may be 

harbored in normal appearing tissue. Therefore, site matched controls using non-FA 

healthy volunteers were used to evaluate the cytological features of FA PMOL in 

context. Preliminary analysis revealed no significant differences in cyto-

morphometric features of FA patients compared to healthy volunteers. Additionally, 

since signs of genetic instability within FA cytology samples are likely to be 

manifested as nuclear aberrations, the majority of the cytology-on-chip analysis in 

this study focused on nuclear morphometric parameters. 

5.3.3.1. Nuclear morphometric analysis 

Nuclear area was found to be significantly higher in the FA patient 

population than in the healthy volunteer cohort, with an average of 275px2 for the 
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FA group and 163px2 for the healthy volunteers (Welch’s T-test p < 0.0001). For FA 

patients that were HSCT and LOF positive, nuclear area was found to be significantly 

lower than all other groups (HSCT+/LOF-: p = 0.0467, HSCT-/LOF-: p <0.0001, 

HSCT-/LOF+: p < 0.0001) (Figure 5.6.A).  

The median absolute deviation (MAD) is a measure of variability similar to 

standard deviation but thought to be more resistant to outliers and therefore more 

robust. Since nuclei with fully saturated pixel intensities registered MAD intensity 

values of zero, these objects were omitted prior to analysis. The MAD Intensity of 

DAPI fluorescence intensity was significantly higher in FA patients than the healthy 

normal controls (p < 0.001) and significantly different among the sub-groups of FA 

patients. FA patients with HSCTs on average displayed a significantly higher MAD 

DAPI intensity than FA patients who had not received HSCTs. FA patients with LOF 

had significantly higher MAD DAPI intensity values if they were HSCT recipients (p < 

0.024); similarly, FA patients without LOF displayed the same trend for those that 

were HSCT recipients (p < 0.0001). Among those FA patients without HSCTs, those 

with LOF were found to have significantly higher MAD DAPI intensity (p = 0.022). 

However, FA patients with HSCTs showed lower MAD DAPI intensities if they also 

displayed LOF (p = 0.018) (Figure 5.6.B). 

Median nuclear FITC intensity, a surrogate for MCM2 expression, was 

significantly higher in all FA patient groups than in the healthy volunteer cohort (p < 

0.0001). Additionally, FA patients with LOF had significantly higher median nuclear 

FITC intensity regardless of their HSCT status (p < 0.0001) (Figure 5.6.C). WBC 

counts for FA patients ranged from 3 to 85. Two patients were determined to have 

significantly higher WBC counts (defined as greater than 2 standard deviations from 

the median count) and were both HSCT positive and displayed LOF.  
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Figure 5.6 – Results from cytology-on-chip parameter analysis for FA patients 
and normal controls. A) Nuclear area, B) Median absolute deviation (MAD) 
nuclear DAPI intensity, C) MCM2 expression, D) lymphocyte (WBC) count 
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5.3.3.2. Nuclear aberration analysis 

Following manual classification of nuclear aberrations, the distribution of 

various nuclear morphologies was evaluated for different FA sub-groups (Figure 

5.7). In general, the distribution of these nuclear aberrations was consistent across 

various sub-groups of the FA patients, based on HSCT and LOF status. The most 

frequently occurring nuclear aberration was the appearance of binucleated cells 

which made up 2.79% of scored objects. Cells characterized by an irregular nuclear 

membrane, identified as a rough, asymmetrical border, made up an additional 

2.23%, and cells with micronuclei made up 1.40% of the scored objects. When 

comparing the distribution of these rare cell types among different FA sub-groups, 

patients without AFV loss of fluorescence had significantly fewer cells with 

micronuclei than FA patients in the other sub-groups.  

 

Figure 5.7 – Nuclear abnormalities discovered in Fanconi Anemia patient 
samples. Nuclear phenotypes included: A) Binucleated cells, B) Polynucleated 
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cells, and C) cells with micronuclei. Observed counts for binucleated (D) and 
micronuclei (E) cells are shown for the different sub-groups of FA patients 
based on autofluorescence visualization (AFV) and hematopoietic stem cell 
transplant (HSCT) status. Scale bar = 50µm. 

5.3.3.3. Risk Index analysis for Fanconi Anemia 

A modified continuous numeric index for PMOL severity removed from the 

dependency on molecular biomarker data from non-MCM2 assays was applied to all 

FA patient cytology samples. The resultant range of risk scores for this patient 

cohort ranged from 0.56 to 100 (median =48.2, sd = 35.2, IQR: 21.4-87.4), 

demonstrating a large degree of variability in the presentation of suspicious oral 

lesions from this high-risk patient group (Figure 5.8). Though significant differences 

for several nuclear features on a single-cell level were observed for different sub-

groups of FA patients based on AFV and HSCT status, no significant differences were 

observed for risk index comparisons for FA with HSCT (unpaired t-test, df = 13.95, p 

= 0.7033) or with AFV loss of fluorescence (unpaired t-test, df = 4.10, p = 0.2107). Of 

the 6 site-matched follow-up cases, risk scores significantly progressed for 2 

patients (>+40%), significantly regressed for 2 patients (<-40%), and plateaued for 

the remaining 2 patients (± 5%). One patient in particular was associated with a 27x 

increase in risk score for the 2 year period and was notified to seek additional 

guidance from the patient’s oral medicine practitioner. As part of an ongoing study, 

additional follow-up information will be required to ascertain the malignant 

potential of these lesions. 
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Figure 5.8 – Numeric Index applied to Fanconi Anemia patients in pilot trial. 
Panel I) Sample cytology raw data from two patients at the high end and low of 
the risk spectrum. Panel II) Frequency of automatically identified cell 
phenotypes for the same 4 patients. Panel III) Range of numeric risk scores for 
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the 17 recruited FA patients, colored by classification of Transplant status (T) 
and VELscope loss of fluorescence (V). Panel IV) Slopegraphs illustrating 
changes in risk scores for 7 patients recruited at 2014 and 2016 FA patient 
advocacy meetings. 

5.4. Discussion 

The challenges pathologists face when imposing artificial categories on a 

continuous biological process result in potential bias and missed opportunities to 

signify intermediate cases that may not conform to a particular classification. 

Though these categories are needed to calibrate newly developed risk algorithms, 

we hypothesize that multiple pairwise models along the diagnostic spectrum can be 

combined into a single continuous measure to enable clinicians to monitor PMOL in 

finer detail. While a highly performing, simple class prediction model of PMOL 

would certainly have clinical relevance as an adjunctive aid for OED grading, a 

continuous numeric index that serves as a measure of disease severity would have 

far reaching implications that transcend the utility of simple class predictions.  

To address the clinical need for robust, non-invasive risk assessment tools 

that can evaluate molecular and cellular alterations over time, we have presented a 

methodology to combine discrete class assignments from a multi-class classifier into 

a single, measurable unit. The combination of a continuous risk score for PMOL with 

point-of-care measurements of non-invasively collected samples could be leveraged 

to monitor patient response to treatment, determine when to refer a patient for 

initial biopsy or re-biopsy, map the oral mucosa for signs of recurrence, or evaluate 

novel therapeutics and devices in clinical trials.  

Unlike the previously developed binary risk stratification models, the 

numeric index included data from healthy volunteer buccal mucosa cytology 

samples in addition to prospectively recruited PMOL.  The binary risk stratification 

models were developed to detect dysplastic changes and therefore made an attempt 

to discern between benign and mild dysplasia as the earliest sign of dysplastic 

transformation. Since the binary method combined diagnostic categories less than 
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the split position as “non-case” and the remaining categories as “case,” inclusion of 

healthy volunteers with a normal diagnosis during the development of the binary 

risk stratification models would have skewed the class distribution in favor of “non-

case” and potentially masked the subtle cytological feature variation between 

benign cases and mild dysplasia. 

5.4.1. Comparison of multi-class classifier and aggregate numeric index 

The main purpose of classification models is to correctly predict the label of 

an unknown observation by returning a single class probability. Multi-class 

classifiers follow the same objective, but instead return a class probability for all 

possible classes, in which the final class label is assigned based on the highest class 

probability. The internal benchmark for the performance of the aggregate risk score 

was the base performance using the maximum class probability method. In this 

study, the overall accuracy of the numeric index scored just 6.4% lower than the 

maximum class probability method in the validation dataset and 5.3% lower in the 

model development dataset, indicating strong performance agreement between the 

conventional labeling method and the aggregate numeric index. Ordering based on 

true class labels and maximum class probabilities were also in close agreement in 

both model development and validation stages, indicating that the majority of 

patients were correctly ordered by disease severity (Figure 5.3, A-B). The high level 

of accuracy obtained by the numeric risk index, correctly predicting the patient 

disease category across 4 trained classes in 72.8% of the patients in the validation 

dataset, improves upon the initial diagnostic accuracy of independent expert 

pathologists of 69.9%.108 

5.4.2. Risk index performance as compared to literature precedent 

While achieving an overall accuracy of 72.8% that rivals expert pathologist 

accuracy of 69% in classifying PMOL, the risk index developed here demonstrated 

variable performance depending on the region of the dysplastic spectrum. As 

desired, the ability to accurately distinguish normal mucosa from reactive benign 

conditions and various grades of epithelial dysplasia resulted in excellent 
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performance (sensitivity/specificity: 100%/96.52%, 100%/96.81% in training and 

validation, respectively). At the other end of the diagnostic spectrum, the risk index 

was accurately able to distinguish malignant lesions from non-malignant lesions in 

90.29% and 89.6% of the cases in the training and validation datasets, respectively. 

The risk index also achieved much higher sensitivity and specificity in identifying 

these malignant lesions (training: 85.71%/90.96%, validation: 87.5%/ 89.91%) 

compared to our previously developed binary risk stratification models183 (training: 

90.8%/73.8%, validation: 85.7%/80.0%). Though both models were trained on 

similar data, the inclusion of ensemble models in the risk index calculation likely 

encompassed a wider selection of variables that led to enhanced model 

performance.  

The lower sensitivity of Benign classification compared to the other 

categories is due in part to the challenge of distinguishing particular benign, reactive 

inflammatory conditions from chronic conditions seen in malignant tumors. 

Additionally, the subtle cellular changes that underscore the grading criteria for 

distinguishing benign lesions from mild dysplastic lesions have confounded 

pathologists in addition to computer algorithms, where lower inter-observer 

agreement and accuracy have been reported for low grade dysplastic lesions 

compared to high grade disease.91 Future studies will seek to enrich the recruitment 

of patients within the intermediate range of the dysplastic spectrum to develop 

models that can more accurately differentiate the subtle grades of mild, moderate, 

and severe dysplasia. Furthermore, additional molecular biomarkers and 

morphometric features may be incorporated to achieve finer molecular level detail 

that reflects the altered genetic state of these low grade lesions. 

Many examples of multi-class classifiers developed using gene expression 

profiling data for cancer diagnostics or molecular subtyping have been reported, 

though classification accuracy varies for particular disease sites. For example, 

classification accuracy for thyroid cancer (k = 4 classes), esophageal cancer (k=3 

classes), and leukemia (k = 3 classes) datasets has ranged from 74.8 – 79.8%,207,208 

68.8-73.8%,207,208 and 98.5%,208 respectively. Multi-class classifiers have also been 
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developed to find unique molecular signatures to identify particular tumor types 

from unknown samples using microarray data and gene expression profiles. In one 

example differentiating among 14 tumor types, a prediction accuracy of 78% was 

achieved for well-differentiated tumors, though performance dropped to 30% for 

poorly-differentiated tumors.209 Additional studies have reported a range of 

accuracy including 74-90.4%207 (k = 5 classes) and 82%210 (k=15 classes) for similar 

models.  

Very few examples of published multi-class classifiers exist for oral cancer. 

One recent study involving spectroscopic evaluation of oral epithelium developed a 

multi-class classification algorithm to distinguish 4 classes including high grade 

OSCC, low grade OSCC, leukoplakia, and normal tissue with accompanying reported 

accuracies of 90%, 90%, 85%, and 88%, respectively. Irregular category definitions 

used in these studies create challenges for comparing the performance of different 

methodologies. Additionally, skewed class sizes that fail to represent the estimated 

prevalence in the target patient population can influence reported performance. For 

example, a recent study involving the commercial brush cytology service, OralCDx® 

(Suffern, NY, USA), for 298 patients had an inflated prevalence of dysplastic and 

malignant lesions of 82% and reported a sensitivity and specificity of 92% and 

94%,134 respectively. Alternatively, a retrospective study with a more reasonable 

disease prevalence of 19% reported a sensitivity and specificity of 71% and 32%, 

respectively.211 

5.4.3. Simulated PMOL progression 

The ability to condense the complex biological information contained in a 

PMOL cytology sample into a single numeric risk index affords many opportunities 

to gain unique insight into molecular phenomena associated with disease 

progression. While prospectively recruited PMOL samples better reflect the true 

heterogeneity of the real world patient population, they do not offer information 

into individual disease progression on a fine time scale. However, the progression of 

disease can be simulated by randomly exchanging cells between patients with 
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different initial diagnoses. Iterating this process so as to randomly sample the 

various cell types in these heterogeneous samples can evaluate how the risk index 

behaves as patient samples are altered at the single-cell level. By performing this 

simulation for a sample of healthy volunteers and OSCC patients, we have confirmed 

that the method for developing the numeric index is sensitive enough to identify 

alterations in an oral cytology sample down to 1% of total cells (~15 – 20).  

As a supplement to the visual interpretation of the raw fluorescence cytology 

images, the frequency of 5 different cell phenotypes was measured across low, 

medium, and high risk score values by identifying objects in the single-cell database 

that were similar to a set of target cells. The resulting cell frequency trends agree 

well with conventional assessment of oral cytology and histology across the 

diagnostic spectrum. The increase in frequency of small, highly circular cells and 

cells with enlarged nuclei has been observed previously in the literature and has 

been attributed to the decrease in the amount of cytoplasm and reduction in the 

degree of cellular cohesion that occurs with increased dysplasia  grade.125 The high 

frequency of lymphocytes in the low risk score range is likely due to the presence of 

reactive atypia and ulcerative lesions among patients with benign PMOL. By 

interactively selecting target cells and tuning the similarity range, future studies 

could employ this novel cell query approach to investigate or label unique cell 

phenotypes in an effort to uncover molecular level insights into PMOL progression. 

5.4.4. FA pilot study 

Fanconi Anemia, a genetic condition that results in an 800 times greater risk 

of developing oral cancer than the general population, represents a unique patient 

group for cytology-on-chip assessment of suspicious oral lesions. Due to frequent 

diffuse, multifocal involvement, contraindications for chemo- and radiation-therapy, 

and the aggressive biological nature associated with FA-PMOL, these patients are in 

desperate need of non-invasive monitoring tools that can impact disease 

management. The goal of this pilot study was to identify quantitative metrics with 

significantly different measures between FA patients and healthy volunteers and 
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within sub-groups of FA patients that could serve as potential indicators for disease 

monitoring of Fanconi Anemia as it relates to the risk of developing OSCC.  

Several quantitative parameters were shown to differ significantly between 

FA patients and healthy volunteers, including nuclear area, median absolute 

deviation (MAD) of DAPI intensity, and MCM2 expression via the surrogate median 

FITC intensity measure. Additionally, following manual nuclei classification, the 

appearance of micronuclei was found to differ significantly in their distribution 

among FA patient sub-groups. Since early signs of genetic instability commonly 

manifest themselves as nuclear aberrations, cytopathological grading of cytology 

smears primarily consists of the identification of nuclear abnormalities in squamous 

cells.212 Using diagnostic criteria similar to those in cervical exfoliative cytology,127 

common cytological findings for oral dysplasia include nuclear hyperchromasia, 

increased nuclear to cytoplasmic (NC-) area ratio, ansionucleosis, nuclear 

membrane irregularities, nuclear crowding, and irregular distribution of 

chromatin.127 Many of these features, though often identified visually, can be 

quantified once cellular and nuclear regions are extracted from raw images. For 

example, nuclear and cellular pleomorphism can be identified by quantifying the 

variability and distribution of specific variables that measure the size, shape, and 

staining intensity of nuclear and cellular regions, such as the median absolute 

deviation (MAD) of DAPI intensity. As a measure of DAPI intensity variation, this 

parameter is useful in identifying nuclei with unequal distributions of genetic 

material. At a magnification of 10x, the current cytology-on-chip approach is 

incapable of resolving sub-nuclear detail necessary for ploidy analysis or other 

sensitive DNA cytometry techniques. However, the MAD DAPI intensity value serves 

as a robust measurement of DNA variation within a nucleus by reporting the 

deviation of DAPI pixel intensities within the nuclear region.   

In recent years, molecular subtyping has enabled physicians to determine 

prognosis, predict chemotherapy efficacy, and implement targeted therapies.213 As 

an early attempt to discover if significant differences in cytology measurements 

exist among sub-groups of FA patients, patients were divided into groups based on 
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HSCT and AFV status. Loss of fluorescence is largely attributed to a decrease in the 

stromal autofluorescent collagen crosslinks underlying a neoplastic lesion214 but is 

also dependent on fluorescent metabolic cofactors and influenced by the absorption 

and scattering properties of the anatomic site (based on tissue morphology, 

vascularization, and hemoglobin content).215 Though AFV has limited utility in 

resolving the mechanism behind LOF, its combination with quantitative cytology 

may inform clinicians about the cellular processes of a PMOL.  

On average, FA patients with loss of fluorescence from AFV had significantly 

higher expression of MCM2 than FA patients with no loss of fluorescence and 

healthy volunteers. MCM2 is a nuclear protein involved in the initiation of DNA 

replication and its overexpression may indicate constant cell cycle re-entry in oral 

dysplasia and carcinoma.205 Since the expression of MCM2 is correlated with higher 

proliferative and metabolic activity, it seems reasonable that these lesions also 

exhibited LOF under AFV. Furthermore, quantitative cytology may be useful to 

identify potential false positives in AFV. In this study, 2 patients with LOF also had 

significantly higher WBC counts than all other patients. Though further testing 

would be required to identify the true biological nature of these lesions, this initial 

finding can be useful to identify cases of possibly AFV false positives due to localized 

inflammatory processes.  

The FA patients with the highest risk scores were both HSCT recipients and 

exhibited LOF under AFV, both known as potential risk factors. Hematopoietic stem 

cell transplantation is known to greatly extend the life expectancy in FA patients, 

but has been linked to an increased risk of developing malignancies. The cumulative 

incidence of head and neck cancers in patients who have received HSCTs is 

estimated to be 100% by age 45 contrasted with the risk in FA patients without 

transplants of 50%.216 HSCT patients who develop chronic oral graft-versus-host-

disease (GVHD) have an increased risk of developing oral cancer. Furthermore, 

prolonged immunosuppressive treatment for chronic GVHD also increases the risk 

of developing oral cancer. While there was not enough evidence across all 17 

patients to demonstrate a significant increase in risk associated with HSCT, further 
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analysis may elucidate these patterns by accounting for donor relation, age at 

transplantation, and duration of immunosuppressive treatment. 

Fanconi Anemia leukoplakia case study 

During screening, a 34-year-old male FA patient presented with leukoplakia 

on a large portion of the right lateral and ventral surfaces of the tongue that was 

brushed and analyzed on the cytology-on-chip platform. Comparative data was 

collected from previously digitized healthy volunteer assays (n=10) who had a 

brush biopsy performed from the normal appearing mucosa on the lateral surface of 

the tongue. 

Through a site matched comparison of morphometric and biomolecular 

features of cytology samples from the FA patient and pooled healthy volunteers, 

significantly higher values for nuclear area, cell circularity, NC-ratio, and MCM2 

intensity were discovered in the FA patient sample using one-way analysis of 

variance (ANOVA) (significance level α=0.05). Based on these results and the clinical 

impression from the conventional oral exam, the patient was advised to consult with 

his head and neck surgeon for further evaluation and treatment. The lesion was 

later excised and sent for histopathological examination, where microscopic 

analysis revealed the presence of mild epithelial dysplasia. No evidence of invasive 

cancer was found and the surgical margins were determined to be free of dysplasia.  

However, when the numeric risk index was applied to this patient, a score of 

78 was calculated, which, according to the ranges of scores identified for 

histologically confirmed PMOL diagnoses, refers to an interval that includes severe 

dysplasia. The patient self-reported a follow-up biopsy approximately 12 months 

following presentation during the study recruitment that also revealed mild 

dysplasia. Finally, a decision to excise the lesion was made 15 months following 

initial presentation during the study recruitment. Histopathological analysis of the 

excised tissue confirmed the presence of OSCC which required glossectomy and 

lymph node dissection. This information was obtained from the patient during the 

follow-up recruitment at the 2016 Meeting for Adults with Fanconi Anemia, in 

which he presented with an erythroleukoplakia on the floor of mouth. While it is not 
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possible to confirm that the risk index was able to detect unseen molecular and 

cellular alterations through cytology-on-chip analysis of the FA patient lesion 

compared to standard histopathological grading, the score differential may have 

conveyed a heightened risk of malignant transformation, which was confirmed 

through surgical resection. Further analysis of this high-risk population using the 

numeric index as a severity monitoring aid is needed to substantiate these claims, 

but results from this initial proof-of-concept are promising for impacting the clinical 

management of such patients. 

5.5. Dissertation Conclusion and Future Outlook 

In summary, this dissertation has demonstrated the successful development 

of a non-invasive, sensitive, and quantitative risk assessment capability 

accompanied by the design optimization of two different microfluidic assay 

platforms for performing scalable parallel cytology-on-chip analysis in a pumpless 

system and future chair-side analysis using a fully integrated lab-card. This new 

clinical decision-making tool has been developed and validated in the context of a 

major clinical study and has resulted in a rich database that has been exploited to 

develop new routines that provide insights into cytology characteristics associated 

with PMOL. Through application of statistical machine learning algorithms, risk 

stratification models have been developed to assist primary oral medicine and 

dental practitioners with challenging biopsy referral decisions and patient 

management. 

The current chapter has demonstrated that a multi-class classifier can be 

adapted to achieve a single, continuous severity score while achieving high 

performance (72.8% accuracy) to provide clinicians with a metric to track PMOL 

progression at the patient level. Based on robust performance agreement between 

the model development and validation datasets (±1.72% in terms of accuracy), 

these methods are anticipated to generalize well with future collected data.  
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Furthermore, a promising pilot study involving patients with the rare yet 

very high-risk condition, Fanconi Anemia, confirmed an ability to process cytology 

samples from these patients and apply the same risk index and cytological analysis 

used with PMOL patients. A case study involving a visually identified leukoplakia 

demonstrated that results obtained from cytology-on-chip analysis and the numeric 

risk index can supplement clinical insight and histopathological grading to impact 

patient disease management. While the numeric index was able to convey a 

heightened risk of malignant transformation that was absent in pathologist 

interpreted histopathology analysis, further research through outcomes studies are 

required to substantiate these claims. 

As a unique system for investigating the molecular and cytological transition 

of oral epithelium from dysplasia into OSCC, this cytology-on-chip methodology has 

the potential to serve the oral medicine research community in future trials by 

extracting new, molecular level insights and developing new data processing 

methods to identify and monitor at-risk patients.  

Many opportunities exist for future research to impact the utility of this 

clinical tool. First, the incorporation of new image analysis procedures to extract 

data from immuno-fluorescence cytology raw data has the potential to greatly 

expand the current capabilities of analyzing morphometric and molecular 

biomarker profiles of patient samples. Cutting edge tools developed during the 

recent wave of “deep learning” research, such as computer vision algorithms for 

facial recognition applications, may be able to analyze future cytology data without 

the need for automated single-cell thresholding, which may provide more 

informative data. Furthermore, an increased emphasis on nuclear analysis, possibly 

at a higher magnification, may be able to probe subtle genetic alterations as they 

manifest themselves in nuclear aberrations.  

Future efforts will also be aimed at evaluating the numeric risk index for 

monitoring patients over time through the design of new clinical trials. By recording 

baseline risk values for individuals at discrete time points, clinical monitoring 
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guidelines can be established for identifying the associated thresholds that will 

inform clinicians that a dysplastic or malignant transformation has occurred. 

Further research will also be required to assess the variability of these 

measurements and how they can be attributed to the innate heterogeneity of oral 

cytology samples. Additionally, future studies that recruit Fanconi Anemia patients 

will be necessary to evaluate the unique cytologically-derived risk factors of this 

high-risk patient group. Monitoring the progression of oral lesions over time in this 

patient population may also inform concurrent efforts in establishing monitoring 

guidelines for non-FA PMOL. 

These future efforts will further transform this cytology-on-chip 

methodology into a sensitive, non-invasive adjunctive aid that will empower oral 

clinicians and dental practitioners to monitor suspicious oral lesions and provide 

more tailored and guided patient management.  
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