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Abstract  
 
 

The process of oncogenesis in the oral mucosa to oral squamous cell carcinoma 

(OSCC) initiation by tobacco smoke has been studied extensively worldwide. However, 

many questions remain. Across many fields, clinical and epidemiological data has 

shown that there is an association between tobacco and the development of OSCC and 

its oncogenic pathways1. Different studies have shown that tobacco can cause 

abnormal expression of key regulatory proteins, such as p53, MGMT, P13K, GLUT-1, 

p16, DAPK, along with other regulatory genes in the oral epithelium associated with the 

incidence of OSCC2. Despite the advancements in preventive and therapeutic treatment 

methods, there still remains a delay in OSCC diagnosis that contributes to 

predominantly elevated morbidity and mortality2,3. The majority of OSCC cases are 

identified in advanced clinical stages, such as stage III or IV. After primary treatment, 

recurrences of OSCC are found in more than half of patients, with 80% of cases found 

within the first 2 years following primary treatment3. Additionally, the 5-year survival rate 

is still lower than 50%, despite preventative and therapeutic strategies3. These factors 

indicate a serious public health issue.  

Currently, histological investigation is considered the “gold standard” of OSCC 

diagnosis. However, recent studies are now looking at the potential of using saliva, or a 

“liquid biopsy”, to detect biomarkers in the bodily fluids of OSCC patients. While 

promising, it is important to point out that these techniques are still dependent on the 

collection of saliva and our ability to detect cytokines, DNA molecules, RNA molecules, 
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and circulating biomarkers. There is another promising method to detect biomarkers in 

the early diagnosis of OSCC patients: karyometry. Karyometry provides a process to 

identify a quantifiable integrating biomarker by looking at small nuclear changes that 

cannot be detected by the trained eye. A karyometric analysis may give us useful 

information regarding the early diagnosis of OSCC and disease progression.  

Our primary objective is to access the functionality of karyometric analysis in 

identifying and integrating biomarkers on the progression of OSCC. We will be running 

karyometric analysis on the oral epithelium to see the impact of smoking tobacco on the 

development of carcinogenesis to OSCC. It is our intent to show the several promising 

clinical uses karyometry and how it can be used in the detection and management of 

OSCC. Karyometry is painless, accessible, and low-cost source of helpful data for 

diagnostic and prognostic biomarker detection. It is worth exploring the potential 

benefits karyometry may have in cancer prevention.  
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Project Narrative 
 
 

Oral cancer is the sixth most common cancer type worldwide, with 90% of oral 

cancer cases represented by oral squamous cell carcinoma (OSCC). The proposed 

research will investigate how a karyometric signature could detect nucleic changes 

based on a patient’s smoking status, as defined by smoking pack-years. This study will 

allow us to assess the validity of karyometry on the progression of OSCC and its utility 

in the early detection of OSCC. We will also be able to assess the use of smoking pack-

years for patient clinical and research evaluation through the use of karyometry. 
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Chapter I 
 

Background   
 

Oral Squamous Cell Carcinoma 

 
Oral squamous cell 

carcinoma (OSCC) is a 

type of oral cancer that 

occurs in the mouth 

between the lip line, or 

the vermillion border, 

the connection of the 

soft and the hard 

palates, and the 

anterior two thirds of 

the tongue (Figure 1).  

The majority of people afflicted with oral squamous cell carcinoma are either tobacco 

users, drink alcohol, or both4. While the early stages of OSCC progression are fairly 

curable, these curable lesions are rarely symptomatic, and so they are rarely caught 

early on. Because of this, it is necessary to achieve early detection by meticulously 

screening the oral mucosa for early diagnosis and to avoid the progression of the 
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disease that could lead to fatal outcomes. Most treatment options for OSCC are 

surgical, but it can also be treated with radiation, or a combination of both4. 

Combining all the locations and staging of OSCC, the overall five-year rate of 

survival is greater than 60 percent4. In the United States, over 35,000 people are 

diagnosed with OSCC each year4. It comprises of 3% of cancers in males and 2% in 

females, with a majority of the cases occurring in adults over 50 years of age5.  

Squamous cell carcinoma is the most common form of head and neck cancer, 

and the most common form of oral cancer4-6. The most common risk factors for OSCC 

are the use of tobacco products (especially > 2 packs/day) and alcohol use.4-6 When 

daily alcohol use surpasses 6 oz. of liquor, 16 oz. of wine, or 38 oz. of beer, these risk 

factors are increased significantly.4-6 When heavy smoking and alcohol abuse are 

combined, the estimated risk of developing OSCC is raised 100-fold in women and 38-

fold in men4-6. Chronic irritation is an additional risk factors for developing OSCC. 

Chronic irritation can include irritation caused by dental caries, overusing mouthwash, 

chewing tobacco or the use of betel quid.4-6 Human papillomavirus (HPV) acquired 

through oral-genital contact is more often identified as a risk factor in oropharyngeal 

cancer than in oral cancer.4-6 Forty percent of intraoral squamous cell carcinomas start 

on the floor of the mouth or on the lateral and ventral surfaces of the tongue.4-6 Around 

38% of all oral squamous cell carcinomas occur on the lower lip.4-6. These lesions are 

usually related to sun exposure cancers on the external surface of the lips.4-6 However, 

not all patients diagnosed with OSCC fit within these risk factor categories; not all 

patients are heavy smokers or drink alcohol. Therefore, it is highly probable that other 
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risk factors contribute to the development of tumorigenesis, disease progression, and 

metastasis of OSCC. 

 Oral lesions are initially asymptomatic, which highlights the need for a tool that 

would allow the evaluation of the oral cavity. Currently, the majority of dentist or oral 

hygienist professionals examine the oral cavity and oropharynx during scheduled 

visits.4-6 If need be, they may also do a brush biopsy of abnormal areas. However, 

according to the United States Preventive Services Task Force (USPSTF)’s the current 

evidence is insufficient in assessing the balance between the benefits and drawbacks of 

screening for oral cancer in asymptomatic adults7. Because of this, there are no current 

recommendations for the screening of oral cancer in asymptomatic adults (Table 1). 

 
Table 1. Clinical summary of oral cancer recommendations risk assessment. 
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From “Oral Cancer Screening: Final Recommendation Statement” by U.S. Preventive Services Task 
Force (USPSTF), 2020.  
 
 

These cancers are often indurated and firm with a rolled border, however, these 

specific lesions may appear as areas of erythroplakia or leukoplakia and may be 

exophytic or ulcerated. As these lesions increase in size, pain, dysarthria, and 

dysphagia may result. We will discuss in later chapters the histology and the clinical 

presentation in more detail. 

 

Specific Aims  

 
Our understanding of cancer progression, from its haphazard stepwise process 

of cellular differentiation and accumulation of gene mutations, has prompted us to 

intervene during tumor progression. By focusing on the advancements of tumors from 

benign to malignant, we can develop preventive surveillance programs. The presence of 

these benign lesions and a familial history of cancer can also act as indicators of 

predisposition, and the identification of mutations may indicate a higher risk of disease. 

With the advancement of chemoprevention strategies, we have been able to provide 

opportunities for clinicians and patients to take a proactive approach to predisposing 

factors. 

Chemoprevention is defined as the use of any agent, either natural or synthetic, 

through different actions that suppresses carcinogenesis and tumor progression. The 

field of chemoprevention has shown great promise. However, it is difficult to pursue the 

activity of an agent as studies require a large population and complicated designs. The 
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cohort should be appropriate for quantifying the activity of the chemopreventive agent 

and the identification of intermediate biomarkers chosen. Additionally, tissue 

accessibility can be difficult to obtain for biopsy and, consequently, the presence of 

precancerous lesions is more difficult to confirm.  

Karyometry offers an elegant way to detect and identify differentiation prognosis 

in cancer pathology with smaller sample sizes. Karyometry is a powerful tool for the 

early detection, identification, and prevention of cancer. The core of karyometry is a 

computer analysis of high-resolution images of histopathologic sections that are stained 

with H&E. This analysis looks at about 100 distinct cellular nuclei characteristics to allow 

for the detection and identification of pre-neoplastic or malignant cells8. Through 

multivariate statistical analysis of the pixel patterns of the digitized image, it is possible 

to constructs a distinct signature of the cellular status8,9. This provides an “integrating 

biomarker” capable of tracking progressive changes that are quantifiable and are 

attributed to cellular transformation. 

In 2012 a study in the University of Arizona, it harnessed the power of 

karyometry looking at uterine cancer in an attempt to derive an objective 

characterization of dysplastic nuclei in patients with atypical endometrial hyperplasia 

(AEH) and its progression to superficially invasive endometrial cancer (SIEC).10 A 

disease progression curve was built to compare AEH and SIEC phenotypes by 

quantifying the percentage of premalignant/neoplastic nuclei.10 The study showed that 

the difference between AEH and SIEC is the percentage of premalignant nuclei, and 
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that 50-60% superficial invasion is likely, thus showing SIEC may develop at the low 

end of the progression curve.10 

My goal is to harness the benefits of cancer biomarkers in patients with 

intraepithelial neoplasias and integrate them into clinical trials. In addition, it is my 

objective to integrate biomarkers into clinical practice as a preventative tool for the 

identification of people at risk of cancer progression. The sooner and more accurately 

we can identify cancer types, the sooner we will be able to truncate their progression 

and develop individual treatment strategies. Through karyometry and other forms of 

biomarkers, we can detect and identify differentiation prognosis in cancer pathology. 

An important component of improving clinical outcomes in cancer treatment is 

early detection. Currently, histological investigation represents the ideal method of 

diagnosing oral squamous cell carcinoma (OSCC). Recent advancements in early 

detection have expanded to include the use of bodily fluids of oral cancer patients, such 

as saliva, also known as a “liquid biopsy.”11 However, these techniques still need further 

development and are dependent on the collection of saliva and our ability to detect 

cytokines, DNA and RNA molecules, and circulating biomarkers. Because karyometry 

uses direct quantifiable changes in nuclear chromatin structure, we can directly track 

cancer progression with a higher degree of sensitivity and specificity.  

We intend to show the potential use of karyometry as an integrating biomarker in 

the detection of OSCC.  
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Our scientific question is: can karyomeric analysis be used in the identification of 

disease progression based on tobacco smoking pack-years? We will be focusing on two 

specific aims that will help us answer this question. 

Aim 1: Quantitate the degree of chromatin damage related to the degree of 

smoking exposure based on the number of smoking pack-years. Comparison 

groups will be created based on smoking history by smoking pack-years. The degree of 

nuclei abnormality will be determined by using quantitative histopathology karyometric 

measures on buccal mucosa cell scrapings. 

Aim 2: (A) Determine a karyometric quantitative analysis to support 

smoking pack-years as a measurement of cigarette smoking exposure using 

karyometric signatures of the buccal mucosa  

 (B) If we are able to detect changes in nuclear chromatin structure based 

on smoking pack-years document its dysplastic progression. This will be done by 

analyzing tissue slides at various degrees of smoking pack-years. Starting with “normal” 

tissue and quantifying oral epithelial dysplasia using karyometric measures on buccal 

mucosa cells. 

 (C) If we are able to develop a progression curve, determine the degree of 

abnormality of oral epithelium based on the slope of the progression curve of 

smoking pack-years. The abnormality will be determined by using quantitative 

histopathology karyometric measures on buccal mucosa cells.  
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Chapter II 
 

Literature Review  
 

Cigarette Smoking and Oral Cancer  

 
 More important than the detection of oral cancer is the prevention of oral cancer. 

It is the most effective, long-term strategy for reducing the burden of oral cancer. When 

looking at patient history, most oral cancer cases can be traced back to the use of 

tobacco and smoking. This also includes oral cancers in nonsmokers, as a significant 

proportion of cancers can be traced back to exposure to secondhand smoke12. The 

promotion of smoking cessation programs is of the utmost importance, as it has been 

shown that smoking is the main cause of 85 to 90 percent of all oral cancers13. 

Advances in smoking cessation programs have shown its greatest efficacy in a 

reduction in oral cancer incidence and mortality in men in the United States. Despite 

these efforts, the smoking rate in the United States still remains high. As illustrated in a 

study conducted in 2019 that nearly 14 out of 100 adults in the United States smoked 

cigarettes14. In addition, these rates are compounded in many parts of the world, the 

smoking rates are increasing. However, smokers are not the only population that is at 

risk of developing oral cancer. Since the inception of tobacco causes of cancer and 

expanded research it has been shown that there is also an elevated rate of oral cancers 

that occurs ex-smokers. This is due to the fact that the risk of oral cancer does not 

decrease for many years after quitting smoking15.  
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In 2013, the United States Preventive Services Task Force (USPSTF) developed 

expert committees to address the specific demographic and smoking variables that 

contribute to oral cancer. However, despite age recommendations from almost all 

expert committees, oral cancer screening has been poorly received and is very poorly 

studied. In fact, it is estimated that only about 15 percent of eligible candidates with an 

extensive smoking history that should be screened oral cancer have met the screening 

recommendations16.  Furthermore, through a 2020 literature review that included data 

from MEDLINE, DARE, PubMed database, and the Cochrane Library, the USPSTF 

found that there is not enough sufficient evidence that oral cancer screening 

examinations accurately detect oral cancer4,16. What this research is telling us is that 

there are not sufficient tools that could aid both the researchers and clinicians in the 

detection of oral cancer.  

 

Cigarette Smoking Epidemiology  

 
The United States Centers for Disease Control and Prevention (CDC) defines 

cigarette smokers as people who have a clinical history of tobacco use of over 100 

cigarettes during the span of a lifetime17. In 2019, the CDC surveyed the American 

population and found that current cigarette smokers reported smoking every day or 

most days17. Overall, smoking in the United States has been on a steady decline. In 

2005, about 20.9% (nearly 21 of every 100 adults) of the population were current 

smokers. In 2019, that number dropped to 14.0% (14 of every 100 adults)17. 
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Additionally, the proportion of ever smokers, or people who smoked at some point in 

their lives, who have quit smoking has also decreasing since 2005 to 2019.   

While these statistics are promising, cigarette smoking continues to be the 

leading cause of preventable disease, disability, and death in adults in the United 

States. The 2014 Surgeon General’s Report: The Health Consequences of Smoking—

50 Years of Progress reported that cigarette smoking accounts for almost 500,000 

deaths every year, or about 1 in 5 deaths in the United States18. More than 16 million 

people living in the United States have a smoking-related disease18. 

There is an estimated 35 million people in the United States that currently smoke 

cigarettes, with 14% of U.S. adults reported to be currently smoking in 201918. Adults 

between 25 to 66 years of age have the highest rates of cigarette smoking, while adults 

between 18 to 24 years of age have the lowest reported rates of current cigarette 

smoking. Currently, 8 out of every 100 adults between 18 to 24 years of age smoke 

cigarettes, while 17 out of 100 adults between 25 to 44 years of age, and 17 out of 100 

adults between 45 to 64 years of age currently smoke cigarettes14,19 (Table 2).  

 
Table 2. Current Smoking Among Adults in 2019 (Nation) By Age. 
Age Group (years) Rate of Current Cigarette 

Smokers 
Percentage of Current 
Cigarette Smokers (%) 

18 – 24 8 out of every 100 adults 8.0 

25 – 44  17 out of every 100 adults 16.7 

45 – 64  17 out of every 100 adults 17.0 

≥ 65 8 out of every 100 adults 8.2 
Adapted from “Tobacco Product Use Among Adults — United States, 2019”, by Cornelius ME, Wang TW, 
Jamal A, Loretan CG, Neff LJ. T, MMWR Morb Mortal Wkly Rep, 2020, 69, p. 1736–1742. 
http://dx.doi.org/10.15585/mmwr.mm6946a4external icon. 
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 When looking at the distribution of cigarette smokers across the United States, 

the highest percentage of current cigarette smokers is found in the Midwest region with 

between 18.6% to 25.2% of adults currently smoking cigarettes14,19 (Table 3). The 

lowest concentration of smokers is in the Western region, particularly in California, Utah, 

and Washington. In the Western region of the country, between 9.4% to 11.4% of adults 

are current smokers14,19 (Figure 2). 

 
Table 3. Current Smoking Among Adults in 2019 (Nation) By U.S. Census Region. 
U.S. Census Region Rate of Current Cigarette 

Smokers 
Percentage of Current 
Cigarette Smokers (%) 

Northeast 13 out of every 100 adults 12.8 
(11.5 – 14.1) 

Midwest 16 out of every 100 adults 16.4 
(15.2 – 17.6)  

South 15 out of every 100 adults 15.4  
(14.5 – 16.3)  

West 10 out of every 100 adults 10.4 
(9.4 – 11.4)  

Adapted from “Tobacco Product Use Among Adults — United States, 2019”, by Cornelius ME, Wang TW, 
Jamal A, Loretan CG, Neff LJ. T, MMWR Morb Mortal Wkly Rep, 2020, 69, p. 1736–1742. 
http://dx.doi.org/10.15585/mmwr.mm6946a4external icon. 
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Figure 2. Current Cigarette Use Among Adults, 2018.  

 
From the Centers for Disease Controls and Prevention (CDC), 2018 
(https://www.cdc.gov/tobacco/data_statistics/fact_sheets/adult_data/cig_smoking/index.htm). 

 

Regarding race and ethnicity, cigarette smoking is highest among non-Hispanic 

American Indians/Alaska Natives and non-Hispanic, other races14,19. The CDC defines, 

non-Hispanic, other races as, “persons who were categorized as Non-Hispanic 

American Indian, Alaska Native and any other group or other single and multiple race 

person.”19 Cigarette smoking is lowest among non-Hispanic Asians. This does not 

include native Hawaiians or other Pacific Islanders19. 

https://www.cdc.gov/tobacco/data_statistics/fact_sheets/adult_data/cig_smoking/index.htm
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Nearly 21 of every 100 non-Hispanic American Indians/Alaska Natives and 

nearly 20 of every 100 non-Hispanic, other races currently smoke cigarettes. About 16 

of every 100 non-Hispanic, white adults currently and nearly 15 out of every 100 non-

Hispanic, back adults currently smoke cigarettes. Nearly 9 out of every 100 Hispanic 

adults and about 7 out of every 100 non-Hispanic, Asian adults currently smoke14  

(Table 4).  

 
Table 4. Current Smoking Among Adults in 2019 (Nation) by Race and Ethnicity.  
Race/Ethnicity Rate of Current Cigarette 

Smokers 
Percentage of Current 
Cigarette Smokers (%) 

White, non-Hispanic 16 out of every 100 adults 15.5  
(14.8 – 16.2) 

Black, non-Hispanic 15 out of every 100 adults  14.9  
(13.4 – 16.4) 

Asian, non-Hispanic 7 out of every 100 adults  7.2  
(5.4 – 9.0) 

American Indian/Alaska 
Native, non-Hispanic 21 out of every 100 adults  20.9  

(9.9 – 31.9) 

Hispanic 9 out of every 100 adults 8.8  
(7.8 – 9.8) 

Other, non-Hispanic 20 out of every 100 adults 19.7  
(15.7 – 23.7)  

Adapted from “Tobacco Product Use Among Adults — United States, 2019”, by Cornelius ME, Wang TW, 
Jamal A, Loretan CG, Neff LJ. T, MMWR Morb Mortal Wkly Rep, 2020, 69, p. 1736–1742. 
http://dx.doi.org/10.15585/mmwr.mm6946a4external icon. 
 

Smoking Pack-Years  

 
An important factor to consider is how do researcher and clinicians define and 

quantifying the use of tobacco. One such measure is the use of the term “smoking pack-

years”. Smoking pack-years is a quantifiable term that measures the number of cigars 

or cigarettes that a person has smoked over their life. This term comes with the 

assumption that one packet of cigarettes, or “pack”, usually contains 20 cigarillos or 
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cigarettes. Pack-years is calculated by taking the number of years a person has 

smoked, or is currently smoking, and multiplying it by the average number of cigarillos 

or cigarettes smoked per day (Figure 3).  

 
Figure 3. Example calculation of smoking pack-years.  

 
 

 For example, if a person has smoked a pack a day (or 20 cigarettes per day) for 

the past 30 years, that person has consumed 30 pack-years (30 × (20/20)). In the same 

vein, a person who smoked 2 packs a day (or 40 cigarettes per day) for the last 15 

years would also have a numerical designation of 30 smoking pack-years of (15 × 

(40/20)).  

 The use of smoking pack-years provides clinicians and researchers a way to 

measure tobacco use among patients. In a clinical setting, smoking pack-years is used 

to evaluate a patient’s smoking status and if the patient is eligible for certain cancer 

screenings20. Smoking pack-years has also been used in clinical research as an 

inclusion criteria20. Currently, having a 30 or older pack-year history is a criterion in most 

lung cancer screening guidelines in the United States (Table 5).  
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Table 5. Guidelines for lung cancer screening.  

 
*Risk factors include personal history of cancer or lung disease, family history of lung cancer, radon 
exposure, and occupational exposure to carcinogens. From Guidelines from lung cancer screenings from 
UpToDate, 2021 (https://www.uptodate.com/contents/image?imageKey=PULM%2F64078).  
 
 

The Value of Smoking Pack-Years  

 
 It is widely known that cigarette smoking is highly correlated with most novel 

cases of lung cancer each year in the United States. While it is considered to be a risk 

factor in developing lung cancer, it is important to note that a history of smoking can 
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encompasses a wide range of frequencies21. Patients with a history of cigarette smoking 

can include those who smoked less than five cigarettes for less than 5 years to patients 

who have smoked twenty cigarettes daily for decades21. Simply stating that a patient 

has a history of cigarette smoking does not provide an accurate or realistic look at how 

much a patient has realistically smoked in his or her life. Additionally, there is an 

incidence of over 29,000 new cases each year of non-small cell lung cancer (NSCLC) in 

patients who have never smoked cigarettes21. For these patients, who are also referred 

to as “never smokers”, a history of tobacco use is considered a negative prognostic 

factor21.   

 There is a wide range of what can be considered a history of tobacco use and is 

the precise reason why being able to quantify the volume of tobacco consumption has 

been considered so valuable. The value of smoking pack-years becomes evident when 

we analyze known genes that are associated with the intensity of tobacco use. One 

such example is the epidermal growth factor receptor (EGFR) gene. Its importance 

becomes evident when we try to understand the population statistical data behind 

EGFR gene mutations21. According to Pham et at. (2006), “the likelihood of EGFR 

mutations in exons 19 and 21 decreases as the number of pack-years increases.” The 

exact reasons are still being studied; however, it has been observed that mutations of 

the EGFR gene are less common in patients with a known history of heavy tobacco 

use100. With this known we can make the association that patients with a smaller or 

more limited tobacco use history are more likely to have EGFR mutations21,22. The data 

also tells us that there is very little difference in the frequency of EGFR mutations 
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between patients with NSCLC who are never smokers and patients who smoked with a 

measured pack-year less than 1521,22. To make this comparison, one must be able to 

quantify a patient’s smoking history. This is why using pack-years as a measurement is 

critical in our understanding of cancer prevention and progression.  

 Discoveries of certain gene mutation have also shown promise of being positive 

predictive factors in developing cancer. The discovery of mutations in the gene EGFR 

has led the way in the advancement in adenocarcinoma classification in advanced 

stages of lung cancer.23 Seventy percent of patients in the advanced stages (stage IV) 

of lung cancer that carry EGFR gene mutations and are treated with an EGFR tyrosine 

kinase inhibitor (TKI) have a notable change in their radiographic imaging results24. 

What this data tells us is that patients with the existence of mutations in the EGFR gene 

forecasts a better response to EGFR-TKI treatment and a much better predictor of 

tumor response than volume of tobacco use. What the data highlights is how EGFR 

mutations could be a looked at as a positive predictive factor in lung adenocarcinoma 

regardless of treatment23. 

 Classification and tumor staging is one of the best prognostic factors for patients 

with NSCLC as it allows for the consistent monitoring of treatments for a variety of 

different patients, as well as aiding in the assessment of participants in clinical trials22. 

This point is further outlined by Janjigian et al (2010), who identified that an increase in 

intensity of cigarette smoking, as measured in pack-years, was linked to the decreased 

survival of patients diagnosed with stage IIIB/IV NSCLC25. It was concluded that trials 
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assessing the survival rate in stage IIIB/IV NSCLC have an obligation to report a 

detailed cigarette smoking history for all participants25-27. 

At the time of the analysis, their accumulated survival analysis showed that 

almost 80% of deaths had occurred at the time of analysis25-27. Participants that were 

non-smokers had a longer median survival than former and current smokers (17.8 

months vs 11.3 months; log rank p<0.001)25-27. Participants that never smoked had a 2-

year survival rate around 39% while former and current smokers had a 2-year survival 

rate about 21% (log rank p<0.001)133. The effect of smoking pack-years on survival was 

even more apparent when former and active smokers were divided into classes for less 

than 15 pack-years and greater than 15 pack-years. Participants that had never smoked 

had a 90-day lengthier median survival than smokers who smoked lesser than 15 pack-

years, and 210 days longer survival than participants that smoked greater than 15 pack-

years. When looking at the two-year survival rate, it was highest for non-smoking 

participants, as compared to lesser than 15 pack-years and greater than 15 pack-years 

smokers (39% vs 29% vs 20%; log rank p=0.03)25,26-28 (Figure 4). 

The study also grouped former and current smokers into subgroups by smaller 

number of pack-years to show that as the number of pack-years increased, the median 

survival decreased25. In their univariate analysis, smoking history predicted overall 

survival with a hazard ratio similar to other known prognostic factors (Table 6)25,30-33. In 

their multivariate analysis, cigarette smoking history was an independent prognostic 

factor (Table 6)25,30-33.  
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Figure 4. Median Survival by Pack Years of Cigarette Smoking in Patients with Stage 
IIIB/IV Non-Small Cell Lung Cancer. 

 
From “Pack Years of Cigarette Smoking as a Prognostic Factor in Patients with Stage IIIB/IV Non-Small 
Cell Lung Cancer,” by Janjigian, Y. Y., McDonnell, K., Kris, M. G., Shen, R., Sima, C. S., Bach, P. B., 
Rizvi, N. A., & Riely, G. J., 2010, Cancer, 116(3), p. 670–675. https://doi.org/10.1002/cncr.24813 

 

The study also grouped former and current smokers into subgroups by smaller 

number of pack-years to show that as the number of pack-years increased, the median 

survival decreased25, 30-33. In their univariate analysis, smoking history predicted overall 

survival with a hazard ratio similar to other known prognostic factors (Table 6)25, 30-33. In 

their multivariate analysis, cigarette smoking history was an independent prognostic 

factor (Table 6)25, 30-33.  
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Table 6. Univariate Survival Analysis and Multivariate Survival Analysis. 

 
Table 1: HR, hazard ratio. HR >1.00 indicates worse survival. Table 2: HR, hazard ratio. *Adjusted for 
age, sex, Karnofsky Performance Status, and weight loss > 5%. HR >1.00 indicates worse survival. From 
“Pack Years of Cigarette Smoking as a Prognostic Factor in Patients with Stage IIIB/IV Non-Small Cell 
Lung Cancer,” by Janjigian, Y. Y., McDonnell, K., Kris, M. G., Shen, R., Sima, C. S., Bach, P. B., Rizvi, N. 
A., & Riely, G. J., 2010, Cancer, 116(3), p. 670–675. https://doi.org/10.1002/cncr.24813 
  

The utility of smoking pack-years has grown exponentially since its inception in 

1959 in the Report to the Sub-Committee for the Study of the Risks of Cancer from Air 

Pollution and the Consumption of Tobacco34. Today, it is not only used as a tool to 

describe tobacco exposure, but it is also used in most lung cancer screenings and to 
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educate patients on the dangers of smoking. Most studies that have analyzed the 

prognostic and predictive value of smoking pack-years have been in relation to the 

progression of carcinogenesis in the lungs. However, there have been relatively only a 

few studies that look at the correlation, prognostic, and evaluative factors of smoking 

pack-years and oral cancer.  

 One study that does look at smoking pack-years and oral cancer was conducted 

in 2010 by the Biostatistics Branch in the Division of Cancer Epidemiology and Genetics 

at the National Cancer Institute35. Using data from the International Head and Neck 

Cancer Epidemiology Consortium, Lubin et al. (2010) analyzed the body mass index 

(BMI) as a modifier of smoking and alcohol-related effects. To do this, participants were 

divided into groups based on their calculated smoking pack-years, as well as if 

participants had ever drunk alcohol35. The study also limited its participants to only 

include people who had never smoked or were current cigarette smokers.  

The strength in the study’s variables was highlighted by how Lubin et al (2010) 

illustrated the effect modification with odds ratios by participants’ pack -years within 

body mass index (BMI) categories35-37.  Odds ratios were also adjusted for participants’ 

sex, age, the number of drinks per year, BMI, and smoking pack-years104. In Figure 4, 

the top and bottom panels for Section A illustrate the odds ratio trends for oral cavity 

and pharynx cancers by pack-years, while the top and bottom panels for Section B 

illustrate the odds ratio trends for laryngeal cancers by pack-years35-38. Section A shows 

that participants with cancers of the oral cavity and pharynx were generally greater with 
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a lower BMI, while Section B illustrates that laryngeal cancer was unrelated to BMI35,40-

42 (Figure 5). 

 
Figure 5. Odds Ratios for Oral Cavity/Pharyngeal Cancer and Laryngeal Cancer. 

 
 
Section A (top and bottom panels): Oral cavity/pharyngeal cancer. Section B (top and bottom panels): 
Laryngeal cancer. Within categories of (BMI; weight (kg)/height2 (m2)), by smoking pack-years (relative to 
never smoking) and by number of cigarettes smoked per day (relative to 1–19 cigarettes/day).  
From “Body mass index, cigarette smoking, and alcohol consumption and cancers of the oral cavity, 
pharynx, and larynx: modeling odds ratios in pooled case-control data,” by Lubin, J. H., Gaudet, M. M., 
Olshan, A. F., et al., American journal of epidemiology, 2010, 171(12), p. 1250–1261. 
https://doi.org/10.1093/aje/kwq088 
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 When looking at tobacco use and BMI, they gathered information from four 

different study locations for a total of around 2,000 cases of oral cavity cancer, about 

1,400 cases of laryngeal cancer, and around 2,300 cases of pharyngeal cancers.   

 For each category, the odds ratios were calculated in relation to normal weight 

(BMI 18.5 – 24.9). These were heightened in underweight categories (BMI < 18.5) and 

lessened in the overweight categories (BMI 25 – 30). The lowest odds ratios commonly 

occurred in participants categorized as obese (BMI ≥ 30) (Table 7). 

 When looking at odds ratios by tobacco use, as measured by smoking pack-

years, there was an increase across all categorical parameters, with the biggest trend 

observed for laryngeal cancer (Table 7)36,40-45. The odds ratios for patients with greater 

than 60 pack-years relative to participants with no history of tobacco use were 10.1 for 

oral cavity cancer, 4.0 for pharyngeal cancer, and 22 for laryngeal cancer104. After 

correcting for smoking pack-years, odds ratios by cigarettes/day relative to one to 

twenty cigarettes per day were increased significantly for pharyngeal and laryngeal 

cancers36,40-45. 

 When separating odds ratios by the number of years of alcohol use, there was an 

increase for all categories, with most of the change among oral cavity cancer and 

pharyngeal cancer35. After correcting for alcohol use per years drinking, odds ratios by 

alcohol use per day relative to less than one drink per day increased in a singular 

fashion with drinks per day35.  
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Table 7. Odds Ratios for Cancers of the Oral Cavity, Pharynx, and Larynx According to 
Body Mass Index, Cigarette Smoking, and Alcohol Drinking, by Cancer Site. 

 
From “Body mass index, cigarette smoking, and alcohol consumption and cancers of the oral cavity, 
pharynx, and larynx: modeling odds ratios in pooled case-control data,” by Lubin, J. H., Gaudet, M. M., 
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Olshan, A. F., et al., American journal of epidemiology, 2010, 171(12), p. 1250–1261. 
https://doi.org/10.1093/aje/kwq088 

 

The complexity of this study is highlighted with their use of several statistical 

models with smoking pack-years (tobacco use per day) to calculate the effect 

modification by BMI (Figure 6) and legitimate statistical models using likelihood ratio 

tests (Table 7). Their model closely fit the use of tobacco per day specific to the 

category EOR/pack-year estimates (γi) (Figure 6, square ▪ symbol). Within each of the 

BMI categories, the association of pack-years weakened with increasing distribution 

rate above fifteen cigarettes per day, given that the term pack-years was fixed35. 

Therefore, a higher number of cigarettes per day for a shorter duration was less 

carcinogenic than a lower number of cigarettes per day for a longer duration35. They 

saw escalating odds ratios with lower BMIs consistently across their studies of interest.  

 
Figure 6. EORs per Pack-Year for Oral Cavity/Pharyngeal Cancer and Laryngeal 
Cancer.  
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Estimated excess odds ratios (EORs) per pack-year of cigarette smoking for oral cavity/pharyngeal 
cancer (section A) and laryngeal cancer (section B), according to number of cigarettes smoked per day 
(n), within categories of BMI (weight (kg)/height2 (m2); <18.5, 18.5–24.9, 25.0–29.9, and !30 from top 
panel to bottom panel, respectively). Data was limited to never smokers and current cigarette smokers. 
From “Body mass index, cigarette smoking, and alcohol consumption and cancers of the oral cavity, 
pharynx, and larynx: modeling odds ratios in pooled case-control data,” by Lubin, J. H., Gaudet, M. M., 
Olshan, A. F., et al., American journal of epidemiology, 2010, 171(12), p. 1250–1261. 
https://doi.org/10.1093/aje/kwq088 
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Oral Squamous Cell Carcinoma (OSCC)  

 
In the United States, head, and neck malignancies, including those in the oral 

cavity, account for 3% of all malignancies46-48. Each year in the United States, over 

60,000 new cases of head and neck cancer (HNC) are diagnosed, and around 12,000 

results in death46-48. When we are looking at worldwide epidemiological statistics in 

2018, head and neck squamous cell carcinoma (HNSCC) was the 7th most common 

malignancy with 890,000 new cases and 450,000 deaths49. The worldwide incidence of 

oral cancer is four cases per 100,000 people50-52. 

Regarding oral cancer, there are around 50,000 new cases of oral cancer 

diagnosed each year in the United States, and over 8,000 deaths are due to oral 

cancer50,36. Oral cancer rates are also significantly higher in males than in females49,38. 

According to the National Institute of Dental and Craniofacial Research, 10.5 adults per 

100,000 will develop oral cancer in their life30. Oral cancer rates are also higher in men 

than in females, with rates being particularly higher in Hispanic men and Black men 

than in white, non-Hispanic men30. Additionally, a person’s likelihood of developing oral 

cancer increases as they get older, especially once they reach 50 years of age38,39,49. 

The median age of diagnosis is 64 years old30. Incidence rates then peak between 60 to 

70 years of age38,39,49 (Figure 7). 
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Figure 7. Percent of New Cases of Oral Cavity Cancer by Age Group. 

 
Data collected from Surveillance, Epidemiology, and End Results (SEER) Program, National Cancer 
Institute, Surveillance Research Program. Figure from the National Cancer Institute (n.d.). 
https://seer.cancer.gov/statfacts/html/oralcav.html 

 

The major risk factors contributing to the development of HNSCC include 

smoking, alcohol consumption, and certain viral infections, such as human papilloma 

virus (HPV) and Epstein-Barr virus39. There are also cultural and regional-specific risk 

factors that must be considered when looking at HNSCC in different regions40. Some of 

those factors include levels and exposure to irradiation, diet, genetic disposition40. One 

example of both a regional and diet-specific risk-factor is betel nut chewing. In 2017, it 

was estimated that between 10 to 20 percent of the world’s population practiced 

chewing of the betel nut, with the highest prevalence of use being in Southeast Asia and 

the Pacific42. In India specifically, the practice of chewing a mixture of betel nut and 
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tobacco leaves has resulted in a majority of HNSCC cases being located on the mouth 

and tongue53-56.  

As mentioned above, HPV is a risk factor for developing HNSCC, specifically 

oropharyngeal cancer57. Oropharyngeal squamous cell carcinoma (OPSCC) that is 

associated with HPV has some unique epidemiological characteristics compared to 

other HNSCCs40,57. When compared to patients not infected with HPV, these patients 

are more likely to be nonsmokers and use alcohol less frequently40.  

While oral cancer can occur in individuals who have never smoked, tobacco 

remains a major risk factor for the development of oral squamous cell carcinoma 

(OSCC). As of 2019, the World Health Organization (WHO) reports there are over 1.3 

billion tobacco users worldwide and more than 8 million people are killed each year due 

to tobacco exposure149. While the use of electronic cigarettes is rising in certain parts of 

the world, cigarette smoking remains the most common form of tobacco use around the 

world131.  

 A single cigarette is comprised of many different substances, including over 60 

toxic chemicals that have proven to be carcinogenic. These carcinogens contribute in 

the development of carcinogenesis regardless if they are directly smoked or inhaled via 

second-hand smoke, they can alter the epigenetics of oral epithelial cells and its toxic 

by-products, especially those from cigarette smoking, can cause oxidative stress on oral 

tissues20. All these factors can induce OSCC and other forms of cancer20. 

The use of tobacco and alcohol are known risk factors that are considered to 

work both synergistically and independently in the pathogenesis of OSCC, with their risk 
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increasing as the frequency and intensity increases with their exposure132. It has been 

found that the risk of oral epithelial dysplasia (OED) is positively associated with the use 

of tobacco and alcohol in an independent, dose-dependent fashion, with a compounding 

synergistic effects133. In 2007, Morse et al discovered that the association between 

alcohol use and the pathogenesis of oral dysplasia is just as strong as the association 

between tobacco133. Morse et al (2007) used an adjusted odds ratio of over twenty 

drinks per week (3.03; 1.56 – 5.87) to conclude that tobacco may have its highest effect 

on the development of oral carcinogenesis, prior to tumor genesis, when combined with 

a high level of alcohol use133.  

All the studies mentioned thus far show the strong correlation between the use of 

tobacco and alcohol however, there are still instances of patients developing oral cancer 

without a history of tobacco use and alcohol use. This leads us to believe that there 

could be additional factors to consider because not all patients fit within these risk 

categories. Additionally, all of these risk factors compounded cannot fully describe the 

observed incidence and the carcinogenesis of oral cancer. It is highly probable that 

there are other unknown combinations risk factors that take part in the development of 

tumorigenesis, disease progression, and metastasis of oral cancer. 

As discussed earlier the most common forms of oral cancer are oral squamous 

cell carcinoma (OSCC) and oropharyngeal squamous cell carcinoma (OPSCC)49. We 

will now explore deeper at the epidemiological mortality of these pathologies. When we 

look at these cancers together, they account for over 260,000 new cases worldwide and 

over 50,000 new cases in the United States49. This is the equivalent of one person 
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dying every hour42. Despite our advancements in preventative and therapeutic 

strategies, the rates of new cases and the death rates associated with oral cancer have 

been on the rise. Each year since 2009, the rate of news cases has been increasing in 

an average of 0.9% and the death rate has increased on average 0.5% (Figure 8)30,42. 

 

Figure 8. New Case Rates and Death Rates of Oral Cancer. 

 
Data collected from Surveillance, Epidemiology, and End Results (SEER) Program, National Cancer 
Institute, Surveillance Research Program. Figure from the National Cancer Institute (n.d.). 
https://seer.cancer.gov/statfacts/html/oralcav.html 
 

When we are speaking about the disease progression of oral squamous cell 

carcinoma has a low response to chemotherapy and a basic resistance to standard 

anticancer drugs and treatment plans, especially as malignancies progress76. When 

caught in in the early stages (such as stage I and II) these lesions are treatable and 

respond well to treatment. Unfortunately, oral cancer lesions are often detected when 

the lesions have progressed to stages III and IV when the lesions are more visible and 

symptomatic, therefore explaining the high mortality30, 76.  
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The ideal time to identify dysplastic buccal mucosa cells is during stage I and 

stage II. In stage I oral cancer, the lesion in question is about an inch in size and has 

not spread to the surrounding lymph nodes134. In stage II, the lesions is slightly bigger, 

less than 2 inches big, and has not spread to the lymph nodes in the area134. These 

lesions may also appear to look like “normal” tissue, which would not alert a medical 

professional that there is something concerning about the lesion. When the lesions 

remain localized, the average 5-year survival rate is 83 percent30. However, once the 

lesion spreads to the lymph nodes, the 5-year survival rate drops to less than 64 

percent138. 

 

Clinical Presentation of OSCC  

 
The clinical presentation of head and neck cancers varies largely depending on 

the primary site of the lesion and the exposure to the various risk factors. Forty eight 

percent of head and neck cancers occur in the oral cavity and of these, 90% are oral 

squamous cell carcinoma135. Because our study focuses on oral squamous cell 

carcinoma (OSCC), we will focus on the presentation of oral cavity tumors in this 

section.  

The oral cavity includes the inner portion of the lips (not the external portion of 

the lips), the buccal mucosa, or the lip and cheek lining, the front, two-thirds of the 

tongue, the floor of the mouth, both the hard and soft palate, and the upper and lower 

gumlines, including the area behind the wisdom teeth136 (Figure 9). 
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Figure 9. Anatomic Sites of the Oral Cavity. 

 
From Jatin Shah's head and neck surgery and oncology (p. 232 – 244) by Shah JP, Patel SG, Singh B, et 
al. 2012, 4th ed, Elsevier/Mosby. 
 

The most common sites of presentation are the tongue and floor of the mouth134-

139. About 40% of oral cancer cases occur along the ventral-lateral edge of the tongue 

and about 30% occur on the floor of the mouth134-139.  

Patients with oral cavity tumors may present with mouth pain, nonhealing or 

reoccurring mouth ulcers, loosening of the teeth, difficulty swallowing, pain when 

swallowing, unintentional weight loss, bleeding, or ear pain that originates from a 

nonotological source136. If the patient wears dentures, they may struggle with their 

dentures not fitting correctly136. Noncancerous lesions, such as leukoplakia and 

erythroplakia, may be present before a diagnosis of OSCC135.   

 Sixty six percent of patients with primary lesions that occur on the tongue will 

also present with cervical lymph node involvement136. The incidence rate of oral cavity 
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cancers that occur in the hard palate region are lower in percentage than all other oral 

cancer lesions136.  

 Lesions growing on the tongue may be either infiltrative, or they may grow on the 

outer surface of the tongue. Patients with tongue lesions will usually report pain and 

slurred or slowed speech. If slurred or slowed speech is present, this could be indicative 

of an advanced stage tumor. The patient may also have a history of mouth lesions, such 

as leukoplakia, erythroplakia, or erythroleukoplakia141. 

 For cancer involving the lip, lesions may appear to be exophytic or ulcerative146. 

Patients often report reoccurring ulcers that are painful and bleeding146. If there is 

involvement of the mental nerve, numbness of the skin on the chin may also be 

reported136. 

 For completeness, in oropharyngeal cancers, patients will present with difficulty 

swallowing, ear pain, chest pain relating to swallowing, and sleeping problems, such as 

snoring or obstructive sleep apnea136. Patients with HPV commonly report cystic neck 

masses145. While pain is common, patients’ only complaint may just be the neck 

mass145.  
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Table 8. Risk Factors with Associated Potentially Malignancy Disorder (PMD) in OSCC. 

 
From “Essentials of oral cancer,” by Rivera C, International journal of clinical and experimental pathology, 
215, 8(9), p. 11884–11894. PMID: 26617944; PMCID: PMC4637760. 
 
 
Oral Potentially Malignant Disorders (OPMD) 

Oral potentially malignant disorders (OPMD) refer to lesions and conditions that 

are associated with the development of invasive cancers in the oral cavity, such as 

OSCC140. The World Health Organization (WHO) further classifies OPMDs according to 

the degree of dysplasia of the lesion by mild, moderate, and severe (including 

carcinomas in situ)137. The most common premalignant lesions associated with OSCC 
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are leukoplakia, erythroplakia, oral lichen planus, and oral submucous fibrosis137. All 

have the potential to develop into malignant lesions (Figure 10). 

 
Figure 10. Oral Potentially Malignant Disorders (OPMD). 
 

 
World Health Organization (WHO) 2017 classifies premalignant lesions according to the degree of 
dysplasia into mild, moderate, severe, and carcinoma in situ. 
 

 
Leukoplakia is defined as white or gray patches that form on the inside of the 

mouth, usually along the tongue, along the gumlines, on the inside of the cheeks, and at 

the bottom of the mouth137,141 (Figure 11). These are unique lesions cannot be 

characterized clinically or pathologically with any other disease, and they cannot be 

scrapped off137. The most predominant risk factor for leukoplakia is tobacco use, 

including smoking and smokeless tobacco146. While benign, almost 17% of leukoplakia 

will turn malignant over time137,141. lesions can turn malignant over time. Almost 17% of 

leukoplakia will develop into malignant lesions.  

Erythroplakia are abnormal, bright red lesions that form on the buccal mucosa of 

the mouth, soft palate, the floor of the mouth142 (Figure 11). While still considered to be 

benign, erythroplakia has a higher malignancy potential than leukoplakia137,142. Between 

14% to 50% of erythroplakia will turned malignant if not treated147. The most effective 

treatment strategy for erythroplakia is surgical removal with either a laser or cold 



  44 

knife142. When leukoplakia and erythroplakia lesions appear alongside one another, this 

presentation is called erythroleukoplakia137 (Figure 11).  

 
Figure 11. Leukoplakia and Erythroplakia in the Oral Cavity. 

 
Box B) Leukoplakia on the left lateral tongue in a non-smoker. Biopsy revealed premalignant changes 
(dysplasia). At 5 years of follow-up, area had not transformed to cancer. Box C) Leukoplakia of the cheek 
in a smoker. Biopsy showed dysplasia. Within 3 years, area developed into squamous cell carcinoma. 
Box D) Erythroleukoplakia - red (arrow) and white areas in the floor of the mouth of a smoker that showed 
premalignant changes (dysplasia). Box E) Erythroplakia on the soft palate. Biopsy revealed dysplasia. 
From “Premalignant Oral Lesions,” by R Czerninski, D Lederman, H Ephros, and R Kerr, the American 
Academy of Oral Medicine (2008).  

 

Several processes occur when genetic alterations occur during carcinogenesis of 

the squamous epithelium of the mouth (Figure 12)135. These processes can result in 

precancerous lesions, such as leukoplakia and erythroplakia135. Our ability to diagnose 
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and treat these lesions can markedly improve the early detection of oral squamous cell 

carcinoma135.  

 
Figure 12. Natural History and Genetic Alterations of Oral Carcinogenesis.  
  

 

 
A) Normal oral mucosa. B) Papillary hyperplasia. C) Mild dysplasia. D) Moderate dysplasia. E) Severe 
dysplasia. F) Carcinoma in situ. G) Invasive squamous cell carcinoma (well-differentiated). From 
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“Understanding carcinogenesis for fighting oral cancer,” by Tanaka, T., & Ishigamori, R., Journal of 
oncology, 2011, 603740. https://doi.org/10.1155/2011/603740 
 
 

Staging of OSCC  

 
 The most common sites of oral cancer include the tongue along t ventral-lateral 

edge, floor of the mouth, and the lower lip134. Despite these areas being readily 

accessible during a clinical examination, most oral cancers are usually diagnosed in 

advanced stages. This is often due to an initial misdiagnosis by the treating professional 

or ignorance of the patient134. These lesions are often asymptomatic when they are pre-

malignant. They usually become symptomatic once the lesions reach an advance stage 

and by then, the chances of survival dramatically decrease134. 

 In the clinical-therapeutic field, most treatment models take make their initial 

decisions based on the available clinical and pathological information about the lesions, 

as well as the patient history134, 147-149.  base decisions on clinical and pathological 

information along with the health of the patient134, 147-149. The prognosis of OSCC 

depends largely on factors relating to the patient’s lifestyle, including their smoking 

history, tobacco use history, alcohol consumption, any medical comorbidities, and the 

staging of the tumor134.  

Before treatment begins, medical professionals will utilize the tumor-lymph node-

metastasis staging system, or the TNM staging system, provide the best estimate of the 

extent of disease before treatment begins (Table 9)134, 147-149. An assessment is based 

on the inspection and palpation of the proper nodal drainage areas of the primary 
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tumor27,134. Diagnostic imaging, such as CT and MRI scans, are also common 

procedures27,134.   

Once information is collected from the clinical examination and diagnostic 

imaging, a clinical stage (cTNM) score is assigned. When assigning a score, the 

differentiation between a localized disease (stage I and II) and an advanced disease 

(stage III and IV) is critical134. The cTNM score is used to stratify the patient’s clinical 

stage to better select therapies and to then report the results of alternative treatment 

options27,134. If a surgical resection is performed, a pathologic stage (pTNM) is also 

assigned based on the tumor’s histopathology and, depending on if included, the 

regional lymph nodes134. A pTNM stage can be useful when selecting the type of 

postoperative adjuvant therapy a patient may receive, as well as a method to estimate 

the prognosis134.  

However, data derived from the TNM staging system has proved to be 

insufficient in predicting a patient’s response to nonsurgical treatments134. This means 

that there is a potential to utilize molecular studies to search for relevant biomarkers134. 
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Table 9. TNM Staging System for Cancers of the Lips and Oral Cavity. 

 
From “Essentials of oral cancer,” by Rivera C, International journal of clinical and experimental pathology, 
215, 8(9), p. 11884–11894. PMID: 26617944; PMCID: PMC4637760. 
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Karyometry  

 
Karyometry is a form of histological digital microscopy that allows for the 

quantitative analysis of diagnostic images. All digital images are represented by discrete 

points, or picture elements known as pixels. Electronically examining images on a pixel-

by-pixel basis offers novel, objective information and descriptive features that are not 

readily visible to the human eye. The difference between visual and computed features 

can be demonstrated by reading printed text. Although one can recognize visual 

information like letters, words, and language, more complex information, such as the 

relative frequency of occurrence of one letter compared to another is overlooked. The 

relative frequencies of certain letters or vowels compared to others, however, can 

characterize the text while providing objective and computed descriptive features. 

Similarly, examining the two-dimensional spatial and statistical distribution of pixels in a 

digitized image produces computed descriptive features. Through the power of 

variance-analytic procedures, numerical representations of these features allow for 

subtle, yet consistent differences to be identified between images. The computer 

processing of digitally represented histopathologic images provides the unique 

opportunity to collect quantitative, numerical data from an otherwise qualitative source. 

By utilizing high-resolution computer imaging analyses, karyometry can ascertain 

chromatin abnormalities at the nuclear level147. The analysis is designed to extract 

karyometric features that are undetectable to the human eye, thereby providing a level 

of sensitivity that allows the fine detection of variability between samples despite the 
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natural heterogeneity of nuclei2,7. There are 93 karyometric features that describe the 

nuclei images are collected. These features include more traditional nuclear descriptors, 

such as nuclear area, nuclear shape, and nucleocytoplasmic ratio; as well as computed 

features, such as variance of pixel optical density, values between adjacent pixels, and 

pixel optical density heterogeneity. These computed features represent the spatial and 

statistical distribution of patterns in the nuclear chromatin8,49.  

The most utilized karyometric feature is total optical density. Digital images are 

first recorded as a set of light intensity values, which are then converted to pixel optical 

density values. The sum of all pixels optical density values within the boundary of a 

nucleus produces total optical density.  

Another commonly utilized karyometric feature is the pixel run length, which 

looks at chromatin texture. Chromatin texture can be computed by analyzing a 

sequence of pixels when the optical densities are within the same interval, known as a 

pixel run length. Historically, analysis of a pixel run length is well established to evaluate 

texture20. Other types of karyometric features measure features such as ‘peripheral 

tendency of chromatin’ and ‘chromatin clumpiness’. 

When the 93 karyometric features are arranged in a consistent order, a nuclear 

profile, known as the nuclear signature, is created. The nuclear signature expresses the 

values and correlations among all measured karyometric features, thereby providing a 

quantitative approach that can discriminate malignancy-associated changes in the 

nuclear chromatin from benign. When using karyometric features to detect nuclear 

abnormalities in a tissue biopsy, values will be normalized to a reference data set and 
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expressed in units of standard deviation, or z-value. The magnitude of z-value for each 

feature measures its deviation from a normal reference set. Normalized values add 

stability and provide data that can be compared to similar samples. The z-values 

averaged over all 93 karyometric features offer a measure of ‘nuclear abnormality’. In 

many cases, the nuclear abnormality value is not particularly sensitive, given that not all 

93 karyometric features change between samples. Therefore, a discriminant function 

analysis is utilized to detect specific features that differ the most between compared 

samples. Descriptive statistics can characterize a set of nuclei by the numeric values of 

their features. 

When microscopically examining tumor biopsies, pathologists will generally 

assign the biopsy a grade based on how abnormal the cells appear under visual 

inspection. However, karyometry provides a digital analysis of biopsy images can 

provide the ability to compute and document certain features that are too small to be 

appreciated by visual observation. For example, one study utilized karyometry on 

ovarian surface epithelium to compare histologically normal-appearing epithelium in 

women at high risk for ovarian cancer to the normal epithelium adjacent to ovarian 

cancer25. The study discovered both harbored abnormal sub-microscopic changes in 

the nuclear chromatin, thus suggesting potential for malignancy25.   

Other studies that have utilized karyometry also uncovered similar significant 

relationships between slight changes in the nuclei of pre-invasive and invasive lesions 

in various other tissues including breast, rectal, urinary tract, prostate, and skin. In fact, 

karyometry has been shown to accurately detect the progression of pre-cancerous 
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lesions of actinic keratosis to aggressive squamous cell carcinomas through9. Although 

further research is required, karyometry possesses the potential of being an 

instrumental screening technique for cancers of many different origins. The ability to 

detect distinct changes in nuclear chromatin pattern between normal, pre-invasive and 

invasive lesions provides the opportunity to characterize samples in a progression 

curve.  

We can identify, quantify, and determine nuclear abnormality with a high degree 

of certainty using karyometry. It can be a powerful tool for the early detection, 

identification, and prevention of cancer. At its core, karyometry is a computer analysis of 

distinct cellular nuclei characteristics that allows for the detection and identification of 

pre-neoplastic or malignant cells8,9. This is possible through the analysis of high-

resolution images of formalin-fixed histopathologic sections that are stained with H&E. 

Through a multivariate statistical analysis of the digitized images’ pixel pattern, it is 

possible to constructs a distinct signature of the cellular status. Karyometry thus 

provides an “integrating biomarker” capable of tracking progressive, quantifiable 

changes in the nuclear chromatin structure that are attributed to cellular 

transformation8,9.  

We are able to obtain quantifiable differentiation between the precursive regions, 

to then detect and identify differentiation prognosis in cancer pathology with smaller 

sample sizes. From an integrative biomarker perspective, the power of karyometric 

analysis comes from its ability to measure quantifiable endpoints that can then be used 

to identify the degree of abnormality of several precursor regions along a progression 
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curve for a type of cancer. A 2012 gynecologic oncology group study derived an 

objective characterization of nuclei in patients diagnosed with atypical endometrial 

hyperplasia (AEH) or superficially invasive endometrial cancer (SIEC)150. A disease 

progression curve was built to compare AEH and SIEC phenotypes by quantifying the 

percentage of premalignant/neoplastic nuclei150. The results showed the difference of 

AEH and SIEC is the percentage of premalignant nuclei, and that 50 to 60% superficial 

invasion is likely, thus showing SIEC may develop at the low end of the progression 

curve150 (Figure 13). In this study, we were able to see the potential of karyometry 

proving to be an integrating biomarker capable of tracking progressive changes that are 

quantifiable and are attributed to cellular transformation150.  

 
Figure 13. Progression curve of endometrial lesions. 
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The distributions of case mean values for AEH and for SIEC, with their 95% confidence ellipses, fall 
between normal proliferative endometrial epithelium, and deeply invasive endometrial carcinoma. From 
“Karyometry in atypical endometrial hyperplasia: a Gynecologic Oncology Group study,” by Bartels, P. H. 
et al., Gynecologic oncology, 2012, 125(1), p. 129–135. https://doi.org/10.1016/j.ygyno.2011.12.422 

 

Karyometric analysis also allows us to see changes in the nuclear chromatin 

structure caused by pharmaceutical treatments. In 2012, a karyometric analysis was 

conducted in a double-blinded phase II chemoprevention trial of Levonorgestrel on 

ovarian and fallopian tube epithelium (FTE) among women with BRCA1 mutations. The 

study showed that both the ovarian and FTE deviated significantly from normal 

controls151. However, it was significantly less abnormal in women treated with 

levonorgestrel151. The study also showed on FTE biopsies of BRCA1 positive women 

that there are significant cellular abnormalities that are detected by karyometric 

measures, but that could not be seen by the trained eye151. It highlighted the power of 

karyometry in drug response and development. Traditionally, nuclear chromatin has 

provided valuable diagnostic information about the function and state of a cell such as 

chromatin granules that accompany pre-neoplastic and malignant transformation. It is 

logical to see how karyometric analysis can be useful in identifying cellular changes and 

disease progression.  

The use of karyometry has proven to be an effective integrating biomarker that is 

highly quantifiable of progressive changes in the nuclear chromatin. With the 

combination of genome wide association studies (GWAS), single nucleotide 

polymorphisms, and genetic epidemiology, there can be a better understanding of 

cellular pathophysiology. By building the bridge between karyometric analysis and 

genetic variation there can be a further understanding of the biological mechanisms for 
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the development of early detection and treatment options of cancer types. We can 

further understand the changes in methylation patterns and gene activation. The 

combination of both tools could lead to better personalized treatment options based on 

the polymorphic variation in a patient. These tools can perhaps be used to validate 

proteomics and metabolomics mechanisms that can lead the way to a novel method of 

scientific research.  

For our study, we will construct karyometric algorithms to identify the status of 

smokers who are developing abnormally aggressive buccal mucosal cells. We will 

obtain buccal mucosal scrapings from the mandibular vestibule to create a progression 

curve from a normal buccal mucosa (clinically and histopathologically) to oral 

intraepithelial neoplasia (OIN) to an aggressive oral squamous cell carcinoma.   

 
 
 

Innovation/Study Rationale  
 

There are two different baseline rationales for conducting this study. First, we will 

explore how karyometric analyses are useful in identifying nuclear chromatin changes 

based on tobacco exposure, measured in smoking pack-years, and its utility in finding 

an integrating biomarker. Based on our findings, we will be able to see the effect of 

tobacco on buccal mucosa based on exposure. With this analysis, we can see how 

chemical exposure from smoking tobacco causes nuclear chromatin changes. 

Secondly, we will look at the disease progression of oral squamous cell carcinoma 

(OSCC) and how karyometry can be used for early detection. 
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For our study, the most important factor in improving outcomes in OSCC is early 

detection. If we are able to construct a disease progression curve and correlate it with 

tobacco exposure (pack-years), we could set up novel treatment strategies and prevent 

disease progression. 

A lack of efficacy is a major contributor to the overall failure rate of phase II 

projects still in their early stages of development148. These efficacy failures often occur 

either because the investigational agent did not achieve the required pharmacology, or 

because the mechanism being targeted by the investigational agent did not significantly 

contribute to the disease in the tested patient population148. When the mechanism did 

not significantly contribute to the disease, this can usually occur a lack of study power 

originating from patient heterogeneity. However, efficacy and response rates can 

improve if the disease mechanism likely to respond to the drug in question could be 

identified before participant enrolment begins148. This would also lower the number of 

participants at risk of side effects due to poor treatment response148. Successful 

stratification of patients could also mean that the cost of phase III trials would go down 

and potentially save millions of dollars in clinical trials149. If researchers are able to focus 

on picking a selective subset instead of treating all participants, they could have a 

selective subset and potentially achieve a higher efficacy with a smaller sample size149.  
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Chapter III 
 

Methods 
 

Overview  

 
Buccal samples will be obtained from our tissue bank repositor from previous 

studies, which were obtained from oral surgeons and head and neck oncology 

specialists. Participants that match their inclusion criteria will be included in the study. 

The smoking status and clinical history will be obtained from the tissue bank database. 

This data was obtained at the time of tissue collection through a questionnaire and 

recorded in the database. Tobacco smokers were selected by a minimum of ten pack-

years. Smokers were selected by the unit of pack-years, which measures the intensity 

and amount a person has smoked over an extended period of time44. To calculate pack-

years, you multiply by the number of packs of cigarettes a person has smoked per day 

by the number of years that person has smoked44. Samples were processed per sample 

protocol (described latter in this chapter), and hematoxylin and eosin (H&E) stained for 

karyometric purposes and analysis.  

A sample paper is provided for the reader to further outline the utility and 

application of karyometric analysis and is included in the appendix (Appendix A). This 

paper serves as an example of the methodology used in our study.  
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Karyometry Methods 

 
 All tissue samples must be segmented into 5µm thick sections and stained with 

hematoxylin and eosin (H&E) for imaging and segmentation analysis (Figure 14). There 

are several steps that must be followed to carry out a karyometric analysis, including:  

1. Buccal swab collection and tissue slide fixation with H&E staining; 

2. Formalin-fixed paraffin embedded tissue. 

3. Image acquisition and; 

4. Image segmentation. 

 
Figure 14.  

 
Tissue is formalin fixed and segmented into 5µm tissue sections then stained in Hematoxylin and Eosin 
(H&E) for imaging and segmentation analysis. 
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Buccal Swab Collection Procedure  

 
1. Examine tissue slides for cracks or imperfections that would interfere with the 

analysis. All tissue slides must be new.  

2. Create and print labels before tissue sample collection.  

3. The participant must rinse their mouth with clean water prior to tissue sample 

collection. 

4. The person taking the sample must wash their hands and put on gloves. He or 

she must wear gloves throughout the entire collection procedure.  

5. Remove one swab from its sterile packing tube. The swab must not touch any 

object or surface. If the sterile swab does, discard and use another swab from 

another sterile packing tube.  

6. Instruct the participant to open their mouth.  

7. With the swab in between the forefinger and thumb, insert the cheek brush into 

one side of the participant’s mouth between the inside of the cheek and the lower 

gum. 

8. Press firmly and twirl the cheek brush against the inside of the inner cheek and 

lower gum line using an up and down motion from front to back and back to front. 

It is important to collect samples from maximum mucosal surfaces. Avoid 

saturating the swabs with excess saliva. Moistening the area with saline with the 

swab is allowable. 
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9. Use a stopwatch to time the collection for at least thirty (30) seconds per swab to 

collect cells.  

10. Remove the swab from the participant's mouth. Do not allow the swab to air dry. 

11. Hold a clean slide flat on a clean surface and place swab against tissue slide. Do 

not place swab over a 45-degree angle to the slide.  

12. Back the swab up in a rolling motion in a gentle motion covering the slide. Do not 

rub the swab back and forward. You should see the tissue spread from side to 

side on the slide.  

13. Repeat the collection process with two (2) more swabs for a total of three (3) 

collected swabs. 

 
 

Tissue Slide Fixation and H&E Staining   

 
Tissue Slide Fixation 

1. Allow cells to adhere to the tissue slide for two (2) minutes. 

2. Submerge the cells in 10% neutral buffered formalin for ten (10) minutes using a 

Coplin jar.  

3. Once the cells are fully fixed to the tissue slide, rinse the slide in tap water for 

one (1) minute.  

 
H&E Staining  

1. Place the tissue slide in a hematoxylin staining solution for ten (10) minutes. 
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2. Rinse the slide by running them under running water for one (1) minute.  

3. Place the slide in 4% Glacial Acetic Acid for thirty (30) seconds. 

4. Rinse the slide by dipping the slide in tap water 10 to 15 times.  

5. Place the slide in a 0.5 % ammonium hydroxide solution for five (5) seconds.  

6. Rinse the slide under running tap water for one (1) minute.  

7. Place the tissue slide in eosin staining solution for two (2) minutes.   

8. Dip the slide fifteen (15) times in a solution of 95% ethanol in a fast movement.  

9. Repeat step 8 (dip the slide fifteen (15) times in a solution of 95% ethanol in a 

fast movement).   

10. Dip the slide fifteen (15) times in a solution of 100% ethanol in a fast movement.  

11. Repeat step 10 (dip the slide fifteen (15) times in a solution of 100% ethanol in a 

fast movement).   

12.  Dip the slide ten (10) times in a solution of xylene in a fast movement.  

13. Repeat step 12 (dip the slide ten (10) times in a solution of xylene in a fast 

movement).   

14. Add slide covers and mounting medium to the slide for viewing and storage 

purposes.  

 

Formalin‐Fixed Paraffin Embedded Tissue  

 
This procedure was included for inclusive purposes and was obtained from IHC 

Global and St. Michael’s Hospital Research in Toronto, Ontario, Canada114. 
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1. Fix tissue with 10% formalin, or other fixatives, for 24 to 48 hours at room 

temperature. Make sure there is enough fixative to cover the tissue slides.  

a. For reference, fixative volume should be 5 to 10 times that of the tissue 

volume. 

2. Trim fixed tissues into the appropriate size and shape. 

3. Place the trimmed fixed tissues in the embedding cassettes. 

4. Process the tissues for paraffin according to the following embedding schedule 

(total 16 hours): 

a. 70% Ethanol, two (2) changes, 1 hour each 

b. 80% Ethanol, one (1) change, 1 hour 

c. 95% Ethanol, one (1) change, 1 hour 

d. 100% Ethanol, three (3) changes, 1.5 hour each 

e. Xylene or xylene substitute, three (3) changes, 1.5 hour each 

f. Paraffin wax (136.4 – 140 ºF 58 – 60 ºC), two (2) changes, 2 hours each 

g. Embedding tissues into paraffin blocks 

5. Trim the paraffin blocks, as necessary, and cut at 5 µm. 

6. Place paraffin ribbon in a water bath between 104 – 113 ºF (40 – 45 ºC). 

7. Mount sections onto slides. 

8. Allow sections to air dry for thirty (30) minutes. 

9. Bake in a 113 – 122 ºF (45 ‐ 50 ºC) oven overnight, or a minimum of 8 hours.  

a. For sections thicker than 25um, never allow the baking temperature to go 

higher than 122 ºF (50 ºC). Otherwise, sections may crack, especially 25 ‐
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50 µm thick section. This will result in sections falling off slides during 

staining. 

10. The deparaffinize sections in two (2) to three (3) changes of xylene for ten (10) 

minutes each.  

a. For sections thicker than 25 um, use three (3) changes of xylene.  

11. Hydrate in two (2) changes of 100% ethanol for three (3) minutes each and then 

in 95% and 80% ethanol for one (1) minute each.  

12. Rinse in distilled water for one (1) minute. 

 
 

Microscope Calibration and Image Acquisition  

 
Once the slides are created, the tissue is further analyzed for image acquisition 

and quality control. Images are obtained using Köhler Illumination. Köhler Illumination is 

the recommended method for sample illumination in modern-day microscopy work as it 

provides optimal resolution in a light microscope by focusing an even distribution of light 

throughout a sample, but without a glare being visible in the final image152-156. This 

technique critically sets the microscope’s apertures to best match the objective lens’ 

numerical aperture152-156. In order to view the tissue slides properly, the microscope 

must be calibrated using Köhler Illumination. 

Individual cell units are obtained for additional analysis. About one hundred (100) 

individual cells are obtained and imaged for further segmentation. However, it is 
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important to note that the number of images is dependent of tissue slide cell numbers 

(Figure 14).  

 
 
Microscope Calibration 
 

This procedure was obtained from the Central Microscopy Facility at the 

University of Massachusetts in Amherst, MA153 and the Light Microscope Core Facility 

at Duke University154 (Figure 15).  

1. Place the slide on the microscope stage and bring the slide to focus.  

a. If the microscope is out of alignment, roughly align the illumination. This 

can be completed several different ways, including centering the 

condenser, opening the condenser aperture diaphragm, opening the field 

diaphragm, and focusing the condenser. 

2. Close down on the field aperture, or the field diaphragm. The field aperture is the 

fixed part of the microscope that bears a constant distance from the lamp source.   

3. Turn the focus knob on the condenser until the edges of the field aperture are as 

sharp as possible. A red fringe may appear on one side of the focus while a blue 

fringe appears on the other side. Try to focus on the center between the two 

lines. 

4. Open the field aperture to the edge of the field and center using the condenser 

centering controls. 

5. Adjust the condenser aperture diaphragm. The aperture diaphragm is in the 

condenser unit and can be focused up and down. Adjust so the contrast of the 
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image is good, by either focusing and defocusing the diaphragm or by removing 

the eyepiece.  

6. Adjust and close the CAD control unit until the diaphragm reduces the aperture 

so it is about 2/3 full to open.  

Figure 15. Microscope calibration for Köhler Illumination. 

 
From the Light Microscope Core Facility at Duke University (n.d.). https://microscopy.duke.edu/kohler-
illumination-procedure 
 
 
Image Acquisition 

 At this point, the field is calibrated by a stepwise light filtration using light filters 

and the microscope image capture camera. The tissue slide is now mounted and 

viewed under immersion oil with a 100X lance.  

 The tissue slide is now analyzed, and one hundred (100) individual cell nuclei are 

imaged for further segmentation. These images are taken manually by scanning 
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through the tissue slide. The image operator looks for images that are fully in sharp 

focus nuclei without cell overlap. This is to minimize image artifacts that might interfere 

with the analysis. Artifacts can include cellular material that might overlap with the 

nuclei, such as endoplasmic reticulum, cell fragments, or bacteria.   

 
 
 

Image Segmentation and Procurement  

 
The next step in the karyometric analysis process is image segmentation. During 

image segmentation, the images that were acquired during the image acquisition phase 

are further segmented by an operator and our image segmentation program.  

1. Images will load into the image segmentation program. 

2. A threshold will outline the individual nuclei that are appropriate for analysis 

(Figure 16).  

a. The threshold is meant to give the best outline for the image. It is also 

meant to reduce the number of manual manipulations required to segment 

the nucleus. 

b. The threshold may need to be adjusted for each image, but it typically 

remains in the same range for all the images of a cohort.  

c. The image threshold may be removed depending on tissue or operator 

preferences to obtain the best image quality.  

3. A nucleus is selected to begin the segmentation process. 
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4. The segmenting of the object occurs by adjusting the threshold and using 

program tools to cut and nudge the image. At this point, we are able adjust the 

threshold of an individual object (Figure 17 - 18). 

5. Adjust the magnification to determine the boundaries of a nucleus.  

6. Use cutting manipulation to reposition the outline to not include cut areas. This 

feature is useful to cut the nuclei apart when the threshold feature does not 

recognize separate objects (Figure 18). 

7. Nudging manipulation is used to get rid of loops that are created by the threshold 

outlines (Figure 18). 

8. When the object has been segmented, it is saved, and a new object is selected 

to be segmented. 

9. After all the desired nuclei of the image have been segmented, they are saved as 

a group (Figure 19). 

10. A new image is selected. Repeat steps 1 – 9 of the image segmentation process 

until all the images have been analyzed.   

Figure 16. Fallopian tube tissue imaged for karyometric analysis. 

 



  68 

Image A, cellular cluster segmented to cellular units the red outline is the threshold. Image B, further 
segmentation of cells to analyze as a singular cell unit, separated by operator.   
 
 
Figure 17.  

 
The blue line represents the separation of the cells which are connected by the threshold outlines. It is 
important to cut the nuclei apart when they are connected in other to isolate them before editing however, 
overlapping cells should not be used.  
 
 
Figure 18.  

 
Image A, the selected cell has extra area surrounding it that are not needed. The operator will use cut 
tools from the segmentation program to get rid of the unwanted material manually and the nudging tool 
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would be used to around the edges to get a better fitting outline. Image B, this is the final edited cell after 
using the cut and nudge tools.  
 
 
Figure 19.  

 
The final composite of image files that are obtained after the operator has manually cut and nudged them 
into a single file for analysis.  
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Methodology 
 

Analyzing Smoking Pack-Years 

 
Buccal samples will be obtained from our tissue bank repositor from previous 

studies, which were obtained from oral surgeons and head and neck oncology 

specialists. Participants that match their inclusion criteria will be included in the study. 

Smokers were selected by the unit of pack-years by measuring the amount a person 

has smoked over a period of time. Smokers will be selected by a minimum of ten pack-

years.  To calculate pack-years, you multiply by the number of packs of cigarettes a 

person has smoked per day by the number of years that person has smoked113. 

Samples were hematoxylin and eosin (H&E) stained for karyometric purposes and 

analysis.  

Smoking history and other risk factors, such as age, gender, race, ethnicity, and 

alcohol status, were obtained using a questionnaire that was obtained at the time of 

tissue sample collection. Not all the demographics will be used in the initial analysis but 

were collected for future analysis. 

Using karyometric algorithms, we will be able to see the differences in the groups 

to study buccal mucosa aggressive cell lineages. With this baseline, we can determine 

the differences in cigarette smoking on buccal mucosa. This study will allow us to obtain 

preliminary karyometry data that we can use to tailor and further our other aims. We can 

determine the effect of other factors such as age, gender, race, diet, etc. on the 
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progression of carcinogenesis on buccal mucosa cells. We will also be able to 

determine in future studies the differences between ethnicities and races in the 

development of oral squamous cell carcinoma (OSCC). We will further the field in the 

understandings of aggressive cell development associated with cancer risk using 

karyometric means. 

 
 

Analyzing the Progression Curve  

 
As we strive to detect subtle differences among significant biological 

heterogeneity, it is important that sampling is consistent to avoid insignificant and 

external sources of bias and/or variability. Cell slide fixation and staining must be 

controlled and whenever possible, as much material should be stained in a minimal 

number of batches155. It is important to also focus on the individuals performing the cell 

slide fixation and staining and image processing. Ideally, image processing should be 

performed by a single, trained individual who is familiar with the karyometric process 

and analysis. This person should also be periodically evaluated for quality assurance.  

When processing tissues and preparing the slides for imaging, the slides must be 

fixed in a 10% neutral buffered formalin, paraffin-embedded and cut to 5 μm sections. 

Concentration of mixtures, section, and processing times are critical and should be 

closely monitored. Slide should be stained using a hematoxylin-eosin procedure under 

controlled conditions.  
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For cytologic preparations, alcohol fixation and pap staining are typically 

performed. Other routine approaches can also be utilized, if consistency of preparation 

is maintained. Areas to be sampled are visually assessed and selected by expert 

pathologists. Within such regions, nuclei are imaged, and a random sample of non-

overlapping, well-focused nuclei is selected for imaging. The imagery of prepared slides 

is recorded on a video microphotometer equipped with a 63:1 plan apochromatic oil 

immersion objective of 1.4 N.A. Relay optics adjust the sampling to 6 pixels per linear 

micron. Meticulous photometric calibration, linearity correction, and uniformity of 

background correction are maintained. 

 
 
 

Statistical Analysis 
 

Karyometric Statistical Analysis  

 
It is our intent is to derive an objective nuclei characterization that can be 

quantified by its unique nucleic characteristics. We can accomplish this through a 

karyometric analysis that inspects 92 nucleic characteristics, and then running a 

statistical analysis to summarize these nucleic characteristics. Our ability to obtain an 

overall cellular status, based on the produced microscopic images, is the statistical 

analysis.  

 The images were analyzed using a semi-automated segmentation program with 

manual correction to isolate individual nuclei for further investigation. From there, the 
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images are ready for the most essential step in the karyometric analysis: the 

segmentation of the individual nuclei for the quantification of the images. During 

segmentation, an image-processing algorithm is applied for object recognition, resulting 

in chain codes that outline each individual nucleus, and thereby specifying the pixels 

that generated the nuclear border. Interactive, manual corrections are required 

throughout the segmentation process since a single algorithm rarely segments all nuclei 

correctly. If there are any errors that were to occur in defining the nuclear borders, it 

would result in the modification of the values utilized by the karyometric features. 

 Our study was able to isolate an average of 254 sample nuclei per buccal 

scrapings for an average total of 2,477 nuclei for all three sample groups. For the group 

with the lightest smoker risk of 10 to 29 pack-years (Group 1), we isolated an average of 

230 sample nuclei per buccal scrapings for a total of 2,022 nuclei. In the mid-range 

smoker risk group between 30 – 39 pack-years (Group 2), we isolated an average of 

260 sample nuclei per buccal scrapings for a total of 2,640 nuclei. And in Group 3, 

which was the group with the highest smoking risk with pack-years greatest than or 

equal to 40, the average isolated nuclei per buccal scrapings was 272 for a total of 

2,768 nuclei (Table 10). Figures 21 and 22 provide a sample representative image of 

the buccal mucosa epithelium after nuclear imaging and segmentation. 
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Table 10. Total nuclei and the average isolated nuclei per oral and buccal scrapings by 
groups. 

Group Smoking Pack-Years Average Isolated Nuclei per 
Oral and Buccal Scrapings Total Nuclei  

Group 1 10 < pack-years > 29 230 2,022 

Group 2 30 ≤ pack-years > 39 260 2,640 

Group 3 pack-years ≤ 40 272 2,768 
 

After segmentation, 92 karyometric features were used to analyze the nuclear 

chromatin pattern in the nuclei. There are different types of karyometric features and, 

when combined, these 92 features create a nuclear signature151.   

Global features are the simplest of the karyometric features as they utilize all 

pixels that are localized in a single nucleus. Global features analyze certain 

characteristics, such as nuclear area, nucleocytoplasmic ratio, measures of roundness 

of a nucleus, and total optical absorbance. These features represent individual nuclei as 

a whole and can be classified as zero-order relationships.  

First and second-order features investigate the differences and similarities 

between adjacent pixels, thereby analyzing the 2-dimensional relationships of 

contiguous pixels to determine chromatin patterns. For example, several features 

summarize chromatin pattern by utilizing pixel run length, or mean pixel absorbance. 

Finally, the associations of several nuclei throughout a sample are organized into third-

order relationships. Essentially, the features classified in higher-ordered groups are 

associated with more complex linear combinations. A more descriptive list of the 92 

features has been published previously and discussed in appendix A.   
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 Together, the 92 karyometric features create what is known as a nuclear 

signature151. From these karyometric features, data was analyzed and normalized to 

provide comparable data sets. To identify a nuclear abnormality, we took the average of 

the nuclear signature for each feature151. The next step is to determine the significance 

of small deviations in the analyzed data sets to detect any sub-microscopic differences 

that cannot be seen by a visual analysis alone. This is done through a Kruskal-Wallis 

test.  

 The Kruskal Wallis test is a non-parametric test, meaning it does not assume that 

the data being analyzed comes from a specific distribution. It is often used as an 

alternative to the one-way analysis of variance (ANOVA)121. The Kruskal-Wallis test can 

be used to compare two or more independent samples to determine if there is a 

significant difference between the sample groups you are comparing157-159. The ranks of 

the data values are used in the test instead of the actual data points157-159. The Kruskal-

Wallis test will calculate a test statistic, which can then be used to compare to a 

distribution cut-off point158.  

 Since there are 92 statistical tests for the analysis that is being performed, it is 

necessary to apply a multiple-test correction, such as a Bonferroni correction and the 

Benjamini-Hochberg procedure to control for false positives. In this study, we have 

selected features that are statistically significant of value differences, at p-values < 

0.00054, which allow for a Bonferroni correction (Table 13).  

 We used a linear discriminant analysis (LDA) to classify each group. A LDA is 

strongly associated to analysis of variance (ANOVA) and regression analysis. Both of 
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these analyses are trying to convey that one dependent variable is a linear combination 

of other features or measurements.  

 
 
 

Case-Case Statistical Analysis of Smoking Pack-Years  

 
To see the differences between the smoking pack-years groups, we will run a 

case-case study design with multivariate logistic regression. The pack-years groups will 

be separated by the determined number of smoking pack-years. Comparison groups 

will be matched by the type of tobacco use and smoking status. The number of 

participants in each group is dependent on the number of karyometric samples that are 

available for each group.  

In our study, the case-case design will compare the cases of interest, based on 

the grouping by pack-years, to the comparison cases with a group of participants with 

high smoking pack-years. As illustrated in Figure 20, our first model will compare Group 

1 to Group 3 (Model 1). The second model will be created by comparing Group 1 to 

Group 2 (Model 2). Finally, Group 2 will be comparing Group 3 and, thus, creating out 

third model (Model 3).  
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Figure 20. Case-case Design with Three Models.  

 
Model 1 compares Group 1 (10 ≤ pack-years ≥ 29) to Group 3 (pack-years ≤ 40). Model 2 compares 
Group 1 to Group 2 (≥ 30 pack-years ≤ 39). Model 3 compares Group 2 to Group 3.  
 

A case-case design was chosen so we can minimize different biases, including 

recall bias, information bias, and selection bias124-126. A 2020 study conducted at the 

University of Arizona159 further outlines the case-case study design and is included in 

the appendix (Appendix B). This type of study design will allow us to compare groups 

from the same population that gave rise in the formation of carcinogenesis and the 

development of oral squamous carcinoma. These groups are more likely to have similar 

patient histories that will allow us to minimize recall bias and selection bias127,159. 

Selection bias is further reduced because all participants will have similarities that 
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include the onset of illness to the collection of information, including case history 

interviews and laboratory results127,159. Because the same information about risk factors 

can be obtained from all of the groups in a similar fashion, the likelihood of information 

bias is also reduced127,159. 

 Our use of a case–case study design that is based on a logistic regression model 

can help to determine if smoking pack years are associated with the disease status 

(Figure 20). We will be able to identify the prevalence of the disease with specific risk 

factors. Through our statistical model, we will be able to see the significance of our risk 

factors and their contribution to disease progression.  

Smokers will be selected by the unit of pack-years, which measures the amount 

a person has smoked in their life. Pack-years is calculated by multiplying the number of 

packs of cigarettes smoked per day by the number of years a person has smoked. 

Tobacco smokers will be selected by a minimum of one (1) pack-years. Group 1 

comprised of subjects with smoking pack-years between 10 to 29, Group 2 comprised 

of subjects with smoking pack-years between 30 to 39, and Group 3 comprised of 

subjects with a smoking pack-year history greater than or equal to 40 (Table 11). 

 
Table 11. Breakdown of the cohort groups by smoking pack-years. 
Group Number Number of Pack-Years 

Group 1 10 < pack-years > 29 

Group 2 30 ≤ pack-years > 39 

Group 3 pack-years ≤ 40 
Table 11: Three group breakdown defined by smoking pack-years 
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Samples will be paraffin-embedded (when there is tissue slicing) and 

hematoxylin and eosin stain (H&E) stained in preparation for a karyometric analysis. 

Our statistical model will allow us to identify the significance of smoking tobacco by 

pack-years and its contribution to disease progression through the use of karyometry.  

 
 
 

Statistical Analysis of Progression Curve  

 
If we are able to find a difference in the karyometric signatures based on our 

smoking pack-years groups, we will construct a progression curve. The statistical 

analysis will involve the use of nuclei images that have been segmented using a 

semiautomated procedure and manual correction. These segmented images will then 

be analyzed to look at 92 features relating to the spatial and statistical distribution 

pattern of the nuclear chromatin. By looking at the karyometric features that are 

descriptive of the spatial and statistical distribution pattern of nuclear chromatin, we will 

be able to form a karyometric signature. The standard deviation of all 92 features of 

each nuclear will be averaged to identify a nuclear abnormality128. 

The quantification of nuclear chromatin changes is a robust and indiscriminate 

measure. Because discriminant function analysis has been shown to be more sensitive 

and specifically targeted, we will use two types of discriminant functions. The first 

discriminant function will originate as a linear combination of a selected subcategory of 

karyometric features. This subcategory will be obtained by administering a Kruskal-
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Wallis test, a non-parametric test that compares two or more independent samples to 

determine if there is significant difference between the groups.  

The second discriminant function is referred to as a “second-order” discriminant 

function147,160. This function is based on meta-features derived from the distribution 

pattern of features or first-order discriminant function scores as found in every case. 

The data structure is very nested as nuclei images are nested within biopsies. 

Because multiple biopsies were taken from each participants the biopsies are also 

nested with the same person. When the data is structured in this manner, valid p-values 

should be obtained through by using mixed models that account for these nesting 

effects133,160. Because we are analyzing for continuous outcomes, such as nuclear 

abnormality, a mixed model is a suitable parametric model to use for data mining 

purposes155. Non-parametric models and tests will still be used for confirmatory 

statistical validation. The combination of these parametric and non-parametric models is 

necessary for a successful analysis because the more extensive the data mining and 

collection is, the need for statistical validation grows155,160.  
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Chapter IV 
 

Results 
 

For our karyometric study, we wanted to obtain an adequate representation of 

smokers in the population and, at the same time, obtain a sample cohort that 

characterized contemporary studies that utilize smoking pack-years in their criteria with 

all participants being current smokers (Table 12). We also included additional 

demographic information such as age, race, ethnicity, smoking history, and alcohol 

intake. 

As a cohort, the male-to-female ratio was fairly even, but within each group there 

was larger variation. Groups 1 and 3 and had more males, while Group 2 had more 

female (Table 12). The youngest participant was 38 years old and the eldest participant 

was 73 years old. The average age with in each of the groups was 47.4 for Group 1, 

52.2 for Group 2, and 58.9 for Group 3.  

Also, the majority of the cohort comprised of white, non-Hispanics and was 

relatively low in other races and ethnicities (Table 12). Group 2 had the most racial and 

ethnic diversity compared to Group 1 and Group 3. Group 2 had the highest number of 

Hispanic or Latino participants, the highest number of Black, or African American, 

participants, and had the only Asian and American Indian or Alaskan Native participants 

in the study (Table 12).  

All participants in the cohort were current smokers, at the time of sample 

collection. Overall, most participants drank alcohol at the time of sample collection. 
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Group 1 and 2 had the smallest number of participants that currently drank alcohol (at 

the time of sample collection), while almost half of Group 3 had participants who no 

longer drank alcohol (Table 12).  

 
Table 12. Study Participants Summarized by Demographics.  

 
 

Our study isolated oral mucosal sample nuclei per buccal scrapings for a total of 

2,022 nuclei in the group with the lightest smoker risk groups of 10 to 29 pack-years 

(Group 1). There was a total of 2,640 nuclei that were isolated in the mid-range smoker 

risk group between 30 – 39 pack-years (Group 2). Finally, Group 3, which was the 

group with the highest smoking risk with pack-years greatest than or equal to 40, the 
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average isolated nuclei per buccal scrapings was a total of 2,768 nuclei (Table 10). 

Figures 21 and 22 provide sample representative images of the buccal mucosa 

epithelium after nuclear imaging and segmentation. 

 
Figure 21. Buccal mucosa tissue imaged for karyometric analysis. 

 
Image A, cellular cluster segmented to cellular units’ threshold red threshold lines have not been place. 
Image B, a cluster of buccal mucosa cells that will need to go further segmentation for the cells to be 
analyzed as a singular cell unit that will be separated by the image segmentation operator.   
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Image A) buccal mucosal nuclei images that shows the final composite of image files that are obtained 
after the operator has manually cut and nudged them into a single file for analysis. Image B) buccal 
mucosal nuclei images that were further scrutinized for our final image selection for karyometric analysis.  
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Karyometric Signatures and Kruskal-Wallis Test Results 

 
Utilizing our case-case comparison analysis models, our data shows that, when 

looking at karyometric signatures, there are relatively no differences between the 

comparison groups (Figure 23). We utilized the mean nuclear signature plot to convert 

the karyometric features values into a standardized score, similar to a z-score, by 

subtracting the mean and diving by the standard deviation. These results are 

highlighted and hold true even in the group with the largest variance in Model 1 of our 

case-case comparison of our analysis.  

 
Figure 23. Nuclear Signatures of Nuclei from Smoking Pack-Years Groups. 
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Graph A, comparison groups for Model 1 (Group 1 compared to Group 3). Graph B, comparison groups 
for Model 2 (Group 1 compared to Group 2). Graph C, comparison groups for Model 3. (Group2 
compared to Group 3). *Group 1 range: 10 < pack-years > 29. Group 2 range: 30 ≤ pack-years > 39. 
Group 3 range: pack-years ≤ 40. 
 

When assembling a karyometric analysis, it is important that the data processing 

consistently results in a calculation of about 92 variables, known as “karyometric 

features.” Karyometric features are descriptive of the cellular status via the nuclear 

chromatin pattern observed. We utilized a much smaller number that was actually 

entered in the analysis. Of these, we utilized some karyometric essential features that 

allowed a tracking of changes in the chromatin pattern. A subset of some essential 

karyometric features is listed in Table 13. Initially, we searched for changes in the 

chromatin pattern as an initial step in the evaluation of limits of detection of change. 

This resulted in an assessment of the reproducibility of the measurement of such a set 

of features is of interest.  

 By employing the Kruskal-Wallis Test, we were able to draw out the features that 

could be used in our analysis. As illustrated in Table 13, there were certain essential 

features with the lowest p-values. None of these features were significant with the 

correction. Due to the Bonferroni correction for the multiple comparison, the p-value 

should be less than 0.05/92 = 0.00054 in order to be significant. 

 
  



  89 

Table 13. Karyometric Features with the Lowest P-values. 
Karyometric Features P-value 

Tex274 (Run length matrix) 0.0143 

Tex275 (Run length matrix) 0.0555 

Tex316 (O.D. 20% below mean value in gray level units) 0.0773 

Tex317 (Mean O.D. value in gray level) 0.0773 

Tex318 (O.D. 20% above the mean value) 0.0773 

Tex270 (Run length matrix) 0.1058 

Tex306 (Run length nonuniformity) 0.1308 

Tex269 (Run length matrix) 0.1363 

Tex001 (Total extinction) 0.1420 

Tex321 (Total number of 'white' pixels in nucleus) 0.1536 
Table 13: List of karyometric features with their lowest P-values that were used in the karyometric 
analysis  
 
 For our linear discriminant analysis (LDA) and our overall analysis of the two-

group analysis, we calculated the pairwise analysis results for the best accuracy and 

standard deviation (SD). We achieved about a 50% accuracy for the group 

assessments (Table 14). This highlights the lack of significance among the groups.  

 
Table 14. Two Group Overall Analysis and Summary Results. 

Model Classification Accuracy Best Accuracy (SD)* Method 

Model 1 Group 1 vs. Group 3 0.517 
(0.130) LDA 

Model 2 Group 1 vs. Group 2 0.482 
(0.129) LDA 

Model 3 Group 2 vs. Group 3 0.524 
(0.125) LDA 

Results show we have reached about 50% accuracy for the 2-group analyses.  
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Lastly, we ran a confusion matrix of our LDA models to provide a summary of the 

predictive results and show where the confusion comes from and if there were issues 

with the labeling. Therefore, A confusion matrix is used to examine the implementation 

of a classification model on a set of test data for which the true values are known. The 

confusion matrices are based on the methods that had the best accuracies for each 

pairwise comparison where we were able to calculate our two group analysis confusion 

matrices (Table 15). For example, for Group 1 vs. Group 2 analysis, 69.44% percent of 

Group 1 were labeled as Group 2 in predictions, which is causing the confusion and 

lowering the accuracy. 

Table 15. Two Group Confusion Matrices for Models 1, 2, and 3.  
True Label (Model 1) 

 Group 1 Group 3 

Prediction 
Group 1 39.44% 39.17% 

Group 3 60.56% 60.83% 
 

True Label (Model 2) 

 Group 1 Group 2 

Prediction 
Group 1 30.56% 36.67% 

Group 2 69.44% 63.33% 
 
 

True Label (Model 3) 

 Group 2 Group 3 

Prediction 
Group 2 54.29% 49.17% 

Group 3 45.71% 50.83% 
Table 15: two group analysis calculating confusion matrices show where the confusion comes from. 
These confusion matrices are based on the methods that had the best accuracies for each pairwise 
comparison. 
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 We also calculated the linear discriminant analysis (LDA) and our overall analysis 

of the three-group analysis, we calculated the pairwise analysis results for the best 

accuracy and standard deviation (SD). We achieved about a 44% accuracy for the 

group assessments (Table 16). This further highlights the lack of significance among the 

groups.  

 
Table 16. Three Group Confusion Matrices for Groups 1, 2, and 3. 

Classification Accuracy Best Accuracy 
(SD) Method 

Group 1 vs. Group 2 vs. Group 3 0.437 
(0.103) 

Linear discriminant 
analysis (LDA) 

Three group analyses, we have reached about 44% accuracy for the 3-group analyses 
 

Lastly, we ran a confusion matrix of our LDA models further to scrutinize the 

results additionally to provide a summary of the predictive results. The confusion 

matrices are based on the methods that had the best accuracies for each pairwise 

comparison where we were able to calculate our three-way group analysis confusion 

matrices (Table 17). For example, 47.78% percent of Group 1 and 47.08% of Group 3 

were labeled as Group 2 in predictions, which is causing a lot of confusion and lowering 

the overall accuracy. 
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Table 17. Three Group Confusion Matrices for Groups 1, 2, and 3. 

 
These confusion matrices are based on the methods that had the best accuracies for this 3-group 
analysis. 
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Chapter V 
 

Discussion 
 
 

The primary purpose of this study was to highlight how a karyometric analysis 

allows for the quantification of buccal mucosa cell nuclear chromatin damage in relation 

to the number of smoking pack-years that were separated in to three groups (Table 11). 

The study design also allowed us to determine if karyometric analysis could detect if 

there were any changes in the chromatin pattern of buccal mucosa epithelium for man 

and woman that are at risk of developing oral squamous carcinoma due to their 

smoking habits. To allow for a proper representation of smoking pack-years, we 

collected the largest buccal mucosa tissue sample comparison collection of karyometry 

samples to date. It is important to point out that none of the participants have been 

diagnosed with pre-cancerous or cancerous lesions. All tissue samples have been 

considered “normal” by visual inspection.  

Our data from the case-case comparison analysis models show there is relatively 

no difference between the comparison groups (Figure 23). There were no distinct 

differences in the nuclear signature of the buccal mucosal epithelium of high-risk 

samples compared to it comparison groups. This holds true for all three models. There 

are a few reasons as to why these outcomes were observed.  

First, the median ages for each group were 47.4 (Group 1), 52.2 (Group 2), and 

58.9 (Group 3) (Table 12). According to the Centers for Disease Control and Prevention 

(CDC), oral cavity tumors increase as people age, with people between the ages of 50 
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to 79 years old at the highest risk for developing oral cancer, and rates peaking at 80 

years of age28. The rates were lowest in adults between 20 to 39 years old28. This 

becomes important when constructing a karyometric analysis as the changes in the 

nuclear signature could represent the later transformation of histologically normal-

appearing tissue to pre-malignant lesions. Seemingly normal tissue might harbor pre-

malignant lesions that can be detected through nuclear karyometry when they can be 

detected through microscopic imaging (Figure 22).  

For example, Anderson et al (2003) uncovered that there were significant 

differences between the nuclei in normal-appearing breast tissue that contained remote 

cancer compared to nuclei in breast tissue with no cancer29. These differences indicate 

a deviation from normal, thereby suggesting there is a potential to progress to 

malignancy29. In this study, the pixel optical density heterogeneity and the number of 

very dark stained pixels were computed as the most segregated karyometric features. 

In fact, these features provided statistically significant evidence that nuclear chromatin 

patterns in high-risk women differed from those in normal risk controls as discussed in 

earlier chapters. When cells undergo molecular changes, they develop altered 

chromatin structure. By utilizing karyometric nuclear analysis, it is possible to 

characterize chromatin patterns by describing the organization of pixel combinations29.  

These data results suggest that our cohort is on the younger side of the oral 

cancer spectrum and there is insufficient amount of quantifiable nuclear changes to 

discover detectable changes in the nuclear chromatin structure. This does not mean, 
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however, that the carcinogenesis process is not active in these participants; it only 

means that we were not able to detect it.  

Another reason for the lack of distinct differences could relate to race and 

ethnicity. When looking at our cohort’s demographics, we see that most participants 

were of a white racial background with little racial diversity representation. Oral cancer 

occurs at a higher rate in minority men, especially in Hispanic and Black adults 

compared to white, non-Hispanic adults30. Multiple at-risk behaviors that increase a 

person’s chance of developing oral cancer occurs at a disproportionate rate in 

minorities. Tobaccos use, alcohol use, and a combination of both tobacco and alcohol 

are major risk-factors for oral cancer. People who smoke and abuse alcohol have a 

300-times higher risk of developing oral cancer than in people who do not smoke or 

drink31. After adjusting for smoking, one study found that among heavy drinkers, there is 

a 17-fold increase among Black adults and a 9-fold increase among White, non-

Hispanic adults32. Additionally, there are several genetic differences that affect disease 

incidence and outcomes amongst minorities, such as functional VEGF haplotypes that 

impact a person’s susceptibility to a disease, such as hypertension33. 

The breakdown of men and females included in the cohort may also have 

affected the results. While OSCC and other oral cancer rates are significantly higher in 

males than in female30, it is widely appreciated that mutations caused by smoking 

tobaccos predisposes both men and women to OSCC. Therefore, we can anticipate 

differences between the nuclear signatures of buccal mucosa between men and women 

with these mutations. Our categories and grouping would need to be redefined in the 
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future. Also, given the preliminary nature of this study, one weakness is also the number 

of samples analyzed. In the future, we hope to expand upon this research and analyze, 

in a blinded fashion, a much larger number of buccal mucosa samples to gain a better 

understanding of the difference between high-risk and normal-risk nuclear features.  

Another reason why there were no differences in the comparative groups 

surrounds the use of smoking pack-years. Earlier, we spoke about the value in using 

smoking pack-years and how it can be used as a screening tool in lung cancer. We also 

spoke that there is some ambiguity when trying to define and categorize our patient 

population in terms of pack-years. As illustrated in our previous example, a person who 

has smoked a pack a day (or 20 cigarettes per day) for the past 30 years has consumed 

30 pack-years. In the same vein, a person who smoked 2 packs a day (or 40 cigarettes 

per day) for the 15 years would also have a smoking pack-years of 30. This leads to a 

categorical ambiguity and its relevance in disease incidence and progression. The 

assumption that incidence rate is proportional to total lifetime dose is misleading as 

various studies have concluded that light and intermittent smoking can be just as 

damaging as heavy smoking143,144.  

In 2017, the University of Washington looked at this issue by comparing smoking 

intensity, as defined cigarettes per day and pack-years, to determine if smoking status 

as a predictor of cardiovascular disease outcomes46. Nance et al (2017) looked at the 

performance summary of all models by using the Akaike Information Criterion (AIC) to 

conclude that when it came to cardiovascular disease, the measurement of smoking 

“intensity”, or cigarettes smoked per day, functioned as a better measure that smoking 
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pack-years (hazard ratio (HR) 1 pack/day of 1.85 95% CI [1.33, 2.57])46. This could also 

hold true for our model and study. While smoking pack-years may be a good criterion 

for certain types of diseases and cancers, it may not hold true for other diseases. 

Additional risk factors should also be incorporated and taken into consideration, as well. 

A 2013 study published in the New England Journal of Medicine highlighted the 

importance of incorporating other risk factors, in addition to smoking pack-years, is 

necessary to identify more people who have lung cancer, or who are at risk for 

developing lung cancer47. This tells us that in order to develop a good screening tool for 

OSCC, we must look at and study further other risk factors, including age, the patient’s 

overall health status, current or former smoking status, and smoking intensity.  

 
 
 

Future Projects 
 

Moving forward, there are several different projects we can pursue to further 

understand our results, such as, the development of a progression curve of an already 

understood pathology, such as leukoplakia and erythroplakia in the development of 

OSCC. We can also determine how other factors may affect the development of OSCC. 

These factors can include age, gender, race, diet, and other forms of tobacco, like 

chewing tobacco and the use of electronic cigarettes. Regarding smokeless tobaccos, 

we can also determine the differences in abnormality between smokeless tobaccos and 

cigarette smoking by using quantitative histopathology karyometric measures on buccal 

mucosa cells. 
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It is also worth exploring if smoking pack-years is the best measurement to create 

comparison groups. Perhaps it would be more beneficial to create comparison groups 

based on a patient’s smoking intensity, meaning the number of cigarettes smoked per 

day, rather than focusing on the duration of smoking.  
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Abstract 

The ideal chemopreventive agent targets pre-neoplastic changes and intraepithelial neoplasia, preventing 
progression over time without notable side effects. Assessment of success of chemopreventive intervention in the 
short and medium term remains a challenge, and in this review the suggestion is investigated that karyometric 
measurements constitute suitable markers of chemopreventive efficacy. Karyometry provides the sensitivity required 
to detect small differences amidst relatively high biological variability. It can help establish progression curves of 
intraepithelial neoplasia (IEN) to invasive cancer, and thus detect chemopreventive effects. Such effects can be 
observed in two ways, at the group level (intervention vs. placebo), and at the case (or patient) level. The latter is 
more difficult to establish, necessitating the development of specialised statistical methods. Analysis of between-case 
and within-case heterogeneity can reveal useful information about cancer progression and prevention. We suggest 
that karyometry can objectively quantify IEN progression, providing a framework for statistically securing 
chemopreventive effects. It can act as an integrating biomarker by detecting chemopreventive activity even when the 
mechanism for a given progression pathway is unknown, or when multiple pathways exist. The sensitivity of 
karyometric detection can help optimise the design of clinical trials of novel chemopreventive agents by decreasing 
trial duration and/or sample size.  2005 Elsevier Ltd. All rights reserved. 

Keywords: Chemoprevention; Intraepithelial lesions; Pre-neoplastic lesions; Karyometry; Progression curves; Measurement of 
efficacy 
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1. Introduction 

The ideal chemopreventive agent would halt 
the progression of existing intraepithelial 
lesions, reverse any neoplastic or pre-
neoplastic conditions and changes, and 
otherwise reliably prevent the development of 
any such lesions in the first place. The agent 
should accomplish this without significant side 
effects, so that those who do not have overt 
disease can take it over long periods of time. 
The need for subtle, gentle intervention sug- 
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0959-8049/$ - see front matter  2005 Elsevier Ltd. All rights reserved. 
doi:10.1016/j.ejca.2005.07.002 
gests that the most promising targets of 
chemopreventive intervention are likely to 
be precursor lesions, such as intraepithelial 
neoplasia (IENs). 

The nuclear chromatin pattern has for a 
long time provided important diagnostic 
clues. The changes in its spatial and 
statistical distribution were systematically 
related to neoplastic progression in seminal 
studies by Grundmann [1]. The increase in 
‘‘heterochromatisation’’ associated with 
progression to malignancy was the subject 
of numerous studies in the 1950s, e.g. the 
studies by Harbers and Sandritter [2]. It is 
true that the nuclear chromatin pattern is 
influenced by the fixation process, but the 
resulting pattern observed has been 
demonstrated to be highly reproducible and 
very specific for the functional state of a 
nucleus. The quantification of the spatial 
distribution of the nuclear chromatin pattern 
has allowed the detection of very subtle 
changes, due to the considerable analytic 
power of multivariate statistical procedures 
and computer assisted data mining. Pre-
neoplastic lesions have been documented 
in numerous organ sites, including prostate 
[3], breast [4–6], ovary [7,8], cervix [9–17], 
lung [18], colon [19,20], esophagus [21], 
thyroid [22,23] and bladder [24]. 
Karyometry offers many characteristics 
desirable for measuring chemopreventive 
efficacy. The nuclear chromatin pattern 
responds in a highly sensitive manner to 
any change in the metabolic state of a 
nucleus. It responds quickly to such 
changes and is able to reflect reversible 
events. The pronounced changes in the 
nuclear chromatin distribution seen in the 
progression of prostatic intraepithelial 
lesions (PIN) constitutes a good example 
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[3,25]. It has also been shown by microarray 
technology that when cells from these high 
grade lesions are brought into interaction 
with laminin-5 an upregulation of numerous 
genes can be observed within hours [26]. It 
is appropriate to remember here, that the 
chromatin pattern reflects not only DNA 
distribution within the nucleus, but even 
more importantly enveloping histones, 
where genes are regulated. The 
hematoxylin staining records these 
changes. 
The need to detect subtle effects in a 
background of biological variability inherent 
in samples obtained in real-world clinical 
trials poses a significant challenge in this 
field of research. This article presents some 
of the problems encountered in measuring 
chemopreventive efficacy, and methodology 
that has been developed to address those 
problems. Initially, we present an overview 
over technical and statistical methods. 
Then, we survey results that illustrate the 
ability of karyometry to: (1) establish 
progression curves, which are useful 
yardsticks to measure change as a result of 
chemopreventive intervention; (2) exhibit 
great sensitivity of detection; (3) 
accommodate between- and within-case 
heterogeneity; (4) detect pre-neoplastic 
lesions in samples from organ sites with or 
without co-occurring premalignant or 
malignant lesions; and (5) utilise recently 
developed second-order analytical methods 
to detect small differences. All of these 
characteristics are important elements to aid 
the search for effective chemopreventive 
agents. In many cases presented here, 
karyometric results are linked to 
histopathologic findings. However, they are 
also linked to progression curves that 
contain advanced diagnostic categories, 
such as advanced hyperplasia and 
carcinoma, which have strong clinical 
relevance. Finally, in some cases, we 
correlate karyometric findings with clinical 
outcomes directly. 

2. Materials and methods 

Because karyometry as applied to 
chemoprevention seeks to detect subtle 
differences in the midst of considerable 
biological heterogeneity, the importance of 
avoiding extraneous sources of bias or 
variability cannot be overemphasised. 
Fixation and staining of materials must be 
strictly controlled. We have found it useful to 
incorporate and monitor control slides using 
material from human tonsil or skin to maintain 
quality control in the staining process. Also, 
imaging and segmentation must be 
conducted by trained personnel whose 
performance is monitored over time. As much 
as possible, material for a given study should 
be stained in a minimal number of batches, 
and image processing should ideally be 
performed by a single, trained individual. 
For histologic specimens, clinical materials 
are fixed in 10% neutral buffered formalin, 
paraffin- embedded, cut to 5 lm sections and 
stained under carefully controlled conditions 
by a routine hematoxylin–eosin procedure. 
For cytologic preparations, alcohol fixation 
and pap staining are typically performed. 
Other routine approaches can also be 
utilised, provided that consistency of 
preparation is maintained within any given 
study. Areas to be sampled are visually 
assessed and selected by expert 
pathologists. Within such regions, nuclei are 
imaged, and a random sample of non-
overlapping, well-focused nuclei is selected 
for imaging. Imagery of prepared slides is 
recorded on a videomicrophotometer 
equipped with a 63:1 planapochromatic oil 
immersion objective of 1.4 N.A. Relay optics 
adjust the sampling to 6 pixels per linear 
micron. Meticulous photometric calibration, 
linearity correction and uniformity of 
background correction are maintained. 
Images of nuclei are segmented by a 
semiautomated procedure, with manual 
correction. The extraction of karyometric 
features provides approximately 100 features 
descriptive of the spatial and statistical 
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distribution pattern of the nuclear chromatin. 
A standardised deviation of each feature from 
a reference value recorded from a sample of 
normal reference nuclei is computed. The 
average of these deviations formed over all 
karyometric features is computed as the 
‘‘nuclear abnormality’’ [27]. This measure, 
including all karyometric information, is 
robust. Discriminant function scores are more 
specifically targeted and thus more sensitive. 
Two kinds of discriminant functions are used. 
The first is based on a regular stepwise 
discriminant function algorithm and derived as 
a linear combination of a small selected 
subset of karyometric features. The subset is 
obtained by means of a non-parametric test 
comparing all features between two or more 
data sets of interest. The other, referred to as 
a ‘‘second order’’ discriminant function [28], is 
based on meta-features derived from the 
distribution pattern of features or first order 
discriminant function scores as found in every 
case. 
Due to the structure of the data (nuclei nested 
within biopsies, which if multiple biopsies per 
person are taken, are also nested within 
person), valid P-values can be obtained 
through the use of mixed models that account 
for nesting effects. The utility of this approach 
has been noted in the literature [29–31], but 
its application is as yet far from universal. A 
mixed model approach is a suitable 
parametric model for the analysis of 
continuous outcomes, such as nuclear 
abnormality, or categorical outcomes, such as 
case classification. However, other 
approaches, some parametric and some non-
parametric, may also be employed. A number 
of these have been usefully assessed by 
Wolfe and her colleagues [32]. It is of interest 
to note that some of these approaches also 
appear in the analysis of microarray data, 
another arena where the number of features 
(genes, in microarray analysis) typically 
outweighs the number of cases. However, the 
development of new feature spaces, as with 
the development of second order discriminant 
functions, suggests that perhaps the 

difference in feature space size may be 
limited only by the creativity of the data 
analyst. Certainly, the most successful 
analyses will involve a combination of data 
mining techniques and confirmatory statistical 
validation. The more extensive the data 
mining, the greater the need for validation. 
While mixed models account for within biopsy 
correlation structures, little attention has been 
paid to withinsubject between-biopsy 
heterogeneity. Simply put, if one takes a 
single biopsy from an individual, how 
representative is it of all possible biopsies? 
Currently, we are studying triplicate biopsies 
in rectal mucosa and in sun-damaged skin to 
assess the degree of heterogeneity present. 
The results will inform study design, 
answering the question of how to balance the 
number of study subjects with the number of 
biopsies per subject that should be taken to 
maximise statistical power. Sample size 
methods that were originally developed for 
group-randomised trials can be usefully 
applied once knowledge of within-biopsy and 
within-subject between-biopsy heterogeneity 
has been gained [33,34]. 

3. Results 

3.1. Progression curves 

Most measures of deviation from normal 
show a monotonic trend in values from 
those observed in nuclei from normal 
tissues to values found in nuclei from 
lowgrade and high-grade premalignant 
lesions. They thus lend themselves to 
construction of a progression curve. The 
progression curve is a useful analytic tool to 
follow and assess changes in lesion 
development from initiation and promotion 
to progression or reversal due to 
chemopreventive intervention. The 
progression curve is not meant to represent 
a biologic event, although it is possible that 
actual lesion development may follow such 
a trend. 
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A typical progression curve is shown for 
prostate lesions in Fig. 1. Here, a 
discriminant score was chosen as the 
ordinate. Note the data points for the 
diagnostic categories: norm/low grade PIN, 
norm/high grade PIN and norm/cancer. 
They represent nuclei measured in 
histologically normal appearing tissue of 
prostates harboring 

 
Fig. 1. Progression curve for prostatic intraepithelial neoplastic 
lesions. Norm/norm identifies nuclei from normal prostatic tissue 
from lesion-free prostates. Norm/lesion identifies nuclei from 
histologically normal-appearing tissue of prostates harboring a 
particular lesion. Note how the preneoplastic lesions fall between 
normal and low-grade PIN. Data derived from [3]. 

a premalignant or malignant lesion, i.e., they 
are from a pre-neoplastic lesion. 
Nuclei in pre-neoplastic lesions show a 
nuclear signature similar to that of the 
premalignant or malignant lesion in the 
organ, but in an attenuated form. This is 
shown for the nuclei measured in the 
histologically normal appearing tissue of 
prostates harboring a low grade or high 
grade PIN lesion in Fig. 2. Fig. 3 shows a 
progression curve for colonic lesions 
(numeric data not shown). Again, the 
normal appearing mucosa in cases 
harboring adenoma or an adenocarcinoma 
deviates from normal, as a pre-neoplastic 
change. A progression curve for 
endometrial lesions is plotted in Fig. 4 [35]. 
The average nuclear abnormality value is 

 
Fig. 2. Nuclear signatures of nuclei from low grade and high grade PIN at left, and from normal appearing tissue of prostates harboring low or 
highgrade PIN lesion at right. Note the similarity of signatures seen in the pre-neoplastic and IEN lesions. Data derived from [27]. 
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used as ordinate, and a discriminant function 
score as abscissa. 
One may relate a measure for progression of 
a lesion to relative risk for the development of 
invasive disease. This is shown in Fig. 5 for 
ductal carcinoma in situ (DCIS) lesions of the 
breast [36,37]. A location on the abscissa, 
such as the diagnostic label ‘‘DCIS solid’’, 
should not be interpreted as a sharply defined 

location: it represents a fuzzy membership 
function and a value observed for a given 
case should actually be projected sideways 
onto the progression curve. It is noteworthy 
that the curve exhibits a monotonic trend, 
suggesting a continuous progression, 
whereas the actual lesions exhibit very 
different histologic architec- 

 

Fig. 3. Progression curve for colonic lesions. Note the position of 
the nuclei recorded in the histologically normal appearing mucosa 
distant and adjacent to adenocarcinoma, indicating a pre-
neoplastic lesion. 

Fig. 4. Progression curve for endometrial lesions. Measurements in 
normal tissue were taken in the proliferative and in the secretory 
phase. Data derived from [35]. 
Data derived from [36]. 

 
Fig. 5. Progression curves for premalignant breast lesions. Average nuclear abnormalities are plotted against relative risk ranges for invasive 
disease. 
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tures that do not necessarily evolve from one 
to the other. 
The true progression of a lesion is assessed 
more accurately if nuclei not actually 
deviating from normal – but recorded due to 
the protocol demanding random sampling in a 
circumscribed area – are thresholded out, as 
shown in Fig. 6, for nuclei from Barretts 
esophagus. In the absence of such 
thresholding, the resulting within-case nuclear 
heterogeneity attenuates the ability to assess 
change and differences. This will be explored 
more fully below. Upon thresholding, one 
obtains a corrected progression curve, as 
seen in Fig. 7 [21]. 
To describe the progression of a pre-
neoplastic or premalignant lesion, one may 
use the proportion of nuclei for which a 
discriminant function score exceeds a certain 
threshold. In spirit, this parallels the earlier 
described technique of choosing only nuclei 
for analysis beyond a certain threshold, but 
this approach possesses distinct statistical 
properties. Fig. 8 shows such an example for 
colonic tissue. Note that the proportion of 
nuclei sampled in the histologically normal 
appearing tissue, adjacent to 
adenocarcinoma and the proportion distant 
from such a lesion are approximately the 
same in this data set. 
The use of a progression curve to assess 
chemopreventive efficacy of 2-
(difluoromethyl)-DL-ornithine (DFMO) in solar 
keratotic lesions proved useful [38]. Fig. 9 
shows a previously established progression 
curve based on the 10% worst nuclei on the 
basis of average nuclear abnormality, with a 
discriminant function value 
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 1 
Fig. 6. Distribution of discriminant function scores for nuclei from Barretts esophagus. The threshold is set to exclude normal nuclei 2 
from anassessmentofthedegreeoflesionprogression.Dataderivedfrom[21]. 3 
Fig. 7. Proportion of nuclei from classified as ‘‘not normal’’ plotted over the average discriminant function score per case, showing 4 
considerable overlap of Barretts metaplasia with the other diagnostic categories. Group means are indicated by the enlarged 5 
symbols. Data derived from [21]. 6 

 7 
Fig. 8. Proportion of nuclei deviating from normal in colonic lesions. 8 
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 9 
Fig. 9. Measurement of chemopreventive efficacy of DFMO in skin lesions, Data derived from a pilot study [38]. 10 

as abscissa, and the proportion of nuclei with actinic damage as ordinate. Taking the 11 
10% worst nuclei is equivalent to establishing thresholds that are casespecific. The 12 
graph shows the change in the proportion of damaged nuclei for each case at baseline 13 
and at end of study. In this data set from a feasibility study, 8/10 cases showed a 14 
reduction in the proportion of damaged nuclei. This finding correlates directly with the 15 
clinical findings, i.e., that DMFO also resulted in a statistically significant reduction in 16 
the number of actinic keratoses. 17 

3.2. Sensitivity of karyometric methodology 18 

The distribution of nuclear abnormality values, also called the ‘‘lesion signature’’, is an 19 
eminently useful representation. It does not respond as sensitively as a distribution of 20 
discriminant function scores, but nuclear abnormality has proven itself as a robust and 21 
reliable measure. Fig. 10 shows the lesion signatures for a placebo treatment group 22 
before and after intervention in a study of solar actinic damage [39,40]. The bulk of 23 
nuclei show abnormality values in the 0.4–0.7 range, as expected for normal, 24 
undamaged nuclei. But, in both the baseline and the end of study data sets a proportion 25 
of nuclei show abnormality values averaged over about 100 karyometric features 26 
deviating up to 1.5 standard deviations from normal reference tissue. 27 
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If one records the pattern of change in the intervals of such a distribution two valuable 28 
statistics are obtained. One can obtain both an estimate of the net proportion of nuclei 29 
undergoing a change and an estimate of the significance of the pattern of change, e.g., 30 
by a runs test [41]. In the example of Fig. 10, a net total of 13.7% of nuclei incur 31 
increased actinic damage during the trial period. In this instance the systematic shift 32 
towards increased abnormality was particularly clear-cut. One can use a minus sign () 33 
for histogram bins where the 34 

 35 
Fig. 10. Distributions of nuclear abnormality in sun-exposed skin in biopsies taken one year apart. Data derived from the placebo 36 
arm of a recent chemoprevention efficacy study [40]. 37 
 38 
 39 
proportion of nuclei decreases, and a plus sign (+) for histogram bins where it increases. 40 
Starting from the lowest interval of nuclear abnormality the relative frequencies of 41 
occurrence of nuclei decrease for the first ten bins, and increase in the following 42 
fourteen bins towards higher abnormality values, resulting in the following pattern: 43 
++++++++++++++. 44 
 45 
 46 
There are only two runs, clearly not a random sequence, but rather a highly statistically 47 
significant shift (p < 0.001). 48 
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3.3. Between case heterogeneity 49 

Between-case heterogeneity can readily become a limiting factor in the detection of 50 
efficacy, but it can also reveal prognostically important information. In a clinical trial, 51 
biopsies from 129 cases of rectal mucosa were collected from patients with a prior 52 
history of colonic adenoma [20]. Among these cases were 57 who experienced 53 
recurrent disease and 72 cases without recurrence on follow-up colonoscopy (follow-up 54 
time was 3–5 years). All nuclei were measured in the histologically normal appearing 55 
rectal mucosa. The between-case variability of nuclear abnormalities showed a very 56 
notable dispersion. A second order discriminant analysis showed a statistically 57 
significant correlation with recurrent disease; however, even cases labeled tentatively as 58 
‘‘low risk’’ on the basis of their average nuclear abnormality had abnormality values 59 
suggesting a pre-neoplastic lesion. Cases with the highest nuclear abnormalities 60 
deviated as much as two standard deviations from normal. The nuclear abnormality 61 
distributions are shown in Fig. 11. 62 
One can show a statistically significant difference between cases with recurrence and 63 
non-recurrent cases. The plot in Fig. 12 is based on the case mean discriminant function 64 
scores and nuclear abnormality values. It provides for a correct prediction of 49/57 65 
cases for recurrence and of 45/72 for the non-recurrent cases. 66 

3.4. Within-case heterogeneity 67 

The assessment of chemopreventive efficacy is made more difficult by phenotypical 68 
heterogeneity of nuclei within a lesion. This applies to nuclei both from intraepithelial 69 
neoplastic (i.e., premalignant) and pre-neoplastic lesions. An example is provided by 70 
nuclei recorded in tissue histopathologically labelled as endometrial atypical 71 
hyperplasia, from cases with co-occurring cancer and cases without an existing 72 
malignant endometrial lesion [42]. Unsupervised learning techniques [43,44] suggest 73 
that the nuclei sampled in these tissues belong to three different phenotypes. A 74 
progression curve was developed for the range of deviations from normal as one might 75 
find them from simple hyperplasia to adenocarcinoma. It provides some insight as to 76 
why such cases present such a diagnostic dilemma. All of the phenotypical 77 
subpopulations of the cases with co-existing adenocarcinoma are more progressed than 78 
the corresponding three subpopulations in cases free from malignant lesions. The most 79 
progressed subpopulation in the atypical hyperplasia cases with co-existing 80 
adenocarcinoma actually falls well into the range of abnormalities seen in 81 
adenocarcinoma lesions. The plot is shown in Fig. 13. The commonality of such 82 
phenotypical differences lends support to the practice of thresholding discussed earlier. 83 
Such an approach, by excluding more normal nuclear phenotypes, can in certain cases 84 
usefully focus analysis on the more progressed nuclei. 85 
Phenotypical heterogeneity has been observed in preneoplastic lesions as well. Fig. 86 
14 shows a progression curve for papillary lesions of the urothelium [45]. Nuclei 87 
measured in the histologically normal appearing tissue from cases harboring papillary 88 
carcinoma of grades 1– 3 exhibit pre-neoplastic changes with slightly higher nuclear 89 
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abnormalities than are observed in normal control nuclei. An unsupervised learning 90 
algorithm established that these nuclei contain two phenotypes, one with nuclear 91 
abnormalities very close to normal controls, and one with nuclear abnormalities in the 92 
range seen in grade 1 papillary carcinoma. This latter phenotype may contribute up to 93 
an average of 40% of nuclei in the histologically normal appearing tissue. Fig. 15 94 
shows the nuclear signatures for the control nuclei, for the progressed phenotype from 95 
the pre-neoplastic lesion, and for nuclei from grade 1 papillary carcinoma. 96 

3.5. Pre-neoplastic lesions/conditions in patients with or without premalignant or malignant 97 
lesions 98 

Karyometric analyses have repeatedly demonstrated significant changes in 99 
histologically normal-appearing tissue from individuals who have co-occurring cancers 100 
or pre-cancerous lesions. This finding suggests potential utility of the method for better 101 
understanding progression and perhaps for early detection of lesions, both of which 102 
may be useful in the assessment of chemopreventive agents. 103 
Previous karyometric work using breast tissue showed significant differences in 104 
histologic samples of normal appearing ductal epithelial cells from women with a 105 
remote breast cancer in the same breast as compared to samples from women with no 106 
cancer [6]. This work suggested that cells collected by ductal lavage or ductoscopy 107 
might similarly yield quantitative differences between nuclei from healthy breasts and 108 
those with existing disease. Breast ductal lavage samples were subsequently collected 109 
from 33 women across a range of four diagnostic categories defined as: (Normal) 110 
women with normal mammograms and considered at average risk for the development 111 
of breast cancer based on the Gail risk model [46]; women with normal mammograms, 112 
but considered at high risk based on the Gail 113 
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derived from [20]. 114 

 
Fig. 11. Distributions of nuclear abnormality in histologically normal appearing rectal mucosa, from cases with a prior history of adenoma. 
Data 
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model, i.e., a score of >1.7%; high risk (negative biopsy) women with an abnormal 115 
mammogram and a subsequent biopsy that was negative for cancer; and high risk 116 
(cancer) women with abnormal mammograms and a biopsy that was positive for 117 
carcinoma. 118 

Fig. 16 shows the distribution of average nuclear abnormality for each group. Across the 119 
clinical diagnostic categories from normal to cases with a co-occurring cancer in the 120 
ipsilateral breast there is an increasing proportion of nuclei with nuclear abnormality 121 
scores greater 122 

 123 
Fig. 12. Bivariate distribution of case averaged discriminant function values and nuclear abnormality for rectal mucosa samples from 124 
patients with a history of adenoma. R indicates recurrent and NR indicates non-recurrent cases. Shown are bivariate means, 95% 125 
confidence ellipses, and the Bayesian boundary between diagnostic categories. Data derived from [20]. 126 
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 127 
Fig. 13. Nuclear abnormality distributions in cells collected by ductal lavage from women with: a normal mammogram/low risk for 128 
breast cancer; a normal mammogram/high risk for breast cancer; an abnormal mammogram/negative biopsy; and an abnormal 129 
mammogram/positive biopsy. Data derived from [42]. 130 

than 1.0. This suggests that epithelial cell collection via minimally invasive procedures 131 
warrants further investigation for its ability to provide a clinically useful biomarker in the 132 
preneoplastic changes associated with risk of breast cancer. 133 
Similar patterns have been detected in the case of ovarian tissue. Nuclei from 134 
histologically normal appearing epithelium of ovaries from patients free of 135 

 136 
Fig. 14. Partial progression curve for endometrial lesions. Shown is the phenotypical heterogeneity of nuclei sampled from cases 137 
of atypical hyperplasia without and with co-occurring adenocarcinoma. Data derived from [45]. 138 
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 139 
Fig. 15. Progression curve for papillary carcinoma of the urothelium. Note the pre-neoplastic lesion labeled ‘‘norm/lesion’’. Data 140 
derived from [45]. 141 

any ovarian lesion (norm/norm), from patients also free of any ovarian lesion but at 142 
high risk to develop ovarian cancer (norm/HR) and from cases with an existing 143 
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 144 
Fig. 16. Nuclear signatures from subpopulations in the pre-neoploastic urothelial lesions and of nuclei in grade 1 papillary 145 
carcinoma. 146 



  132 

malignant ovarian lesion (norm/Ca) were recorded. A discriminant function was 147 
derived which, for the highrisk cases, shows a marked shift towards scores prevalent 148 
in the seemingly normal tissue from ovaries harboring a malignant lesion. This is seen 149 
in Fig. 17. In the samples recorded from the norm/norm and the norm/ HR cases there 150 
was a large proportion of nuclei that were clearly normal. Drawing a threshold better 151 
separates out those nuclei showing pre-neoplastic change. Fig. 18 shows the bivariate 152 
mean values and corresponding 95% confidence ellipses for the nuclei falling onto the 153 
high value side of such a threshold. Two features were chosen for this display, a 154 
measure of dark pixels in the nucleus, and a measure of pixel optical density variance. 155 
The nuclei in these subsamples from the high-risk cases are very similar to those seen 156 
in ovaries harboring a malignant lesion, both seen in the upper right portion of the plot. 157 
They represent the pre-neoplastic change. Such changes were even seen in nuclei 158 
falling below the threshold, but recorded in cases that harbored an ovarian malignant 159 
lesion. The nuclei below threshold in norm/norm material and in norm/HR material are 160 

 161 
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Fig. 17. Distribution of discriminant function scores for epithelial cells from normal epithelium of lesion-free ovaries, from normal-162 
appearing epithelium of ovaries from women at high risk for ovarian cancer, and from the histologically normal-appearing epithelium 163 
of ovaries from women with ovarian cancer. Data derived from [8]. 164 

 165 
Fig. 18. Bivariate plot based on two nuclear chromatin texture features showing bivariate means and 95% confidence ellipses of 166 
nuclei from histologically normal appearing epithelium from patients at high risk for ovarian cancer or harboring an ovarian lesion. 167 
Data derived from [8]. 168 

very similar. The nuclei from the less progressed phenotype in cases of ovarian cancer 169 
occupy a central position. 170 

3.6. Second order discriminant analysis 171 

While previous examples have shown how average nuclear abnormality and 172 
discriminant function scores are useful in karyometric analyses, occasionally an even 173 
greater sensitivity of detection is called for. The determination of chemopreventive 174 
efficacy of orally given vitamin A (in the setting of a randomised, placebo-controlled 175 
chemoprevention trial), in cases of low-level solar actinic damage, provides an excellent 176 
example for the use of second order discriminant analysis to this end 177 
[39]. 178 
A first order discriminant function (DF I) had been developed to distinguish nuclei from 179 
skin biopsies taken at baseline from nuclei recorded in biopsies taken at end of study. 180 
The two discriminant function score distributions showed considerable overlap, due to 181 
substantial between-case variability. The overlap was in fact so severe that the 95% 182 
confidence intervals for the mean discriminant function scores also overlapped. The two 183 
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distributions are shown in Fig. 19. At the distribution extremes, though, intervals could 184 
be found for which the relative frequencies of occurrence for the baseline and end of 185 
study observations differed significantly. One might now give up the large number of 186 
degrees of freedom offered by the sample size of nuclei – in this case n = 5200 – and 187 
rely on the within-case discriminant function score distributions, each based on 100 188 
nuclei. 189 

 190 
Fig. 19. Distribution of discriminant function scores for nuclei from sun-exposed skin before and after chemopreventive treatment 191 
for one year with 50000 IU daily of vitamin A. Data derived from [40]. 192 

Now one has only the degrees of freedom offered by the number of cases, here 26 193 
pairs of data sets. However, a discrimination now becomes possible in another feature 194 
space, based on the distributional properties of the within-case discriminant function 195 
scores. The relative frequencies of occurrence for each case, for selected intervals on 196 
the DF I score axis, are then used as ‘‘metafeatures’’ to derive a second order 197 
discriminant function (DF II). This approach allowed chemopreventive efficacy to be 198 
shown for 22/26 cases, or 85% of the post-intervention data. The distributions of the 199 
DF II scores are shown in Fig. 20. 200 
A complete efficacy study might involve the recording of a dose–response curve. For 201 
the study of efficacy of orally given vitamin A such a curve is shown in Fig. 21. The 202 
abscissa is based on the proportion of cases with a second order discriminant function 203 
score reflecting a change in actinic damage. In the placebo group about 70% of cases 204 
had DF II scores indicating an increase in actinic damage. The 25, 50 and 75 K IU 205 
dose treatment groups all showed statistically significant changes towards diminished 206 
damage, with a dose response effect seen through the 50 K group. Although the 207 
reduced discriminant function scores were still in a range clearly deviating from 208 
normal, significant improvement occurred, and it is possible that a longer treatment 209 
period might have accomplished an even greater return to normalcy. As in the case of 210 
the DFMO study, this karyometric finding can be linked to a clinical outcome. In a 211 
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previous study at the same institution, in which a similar design was used, 25000 IU 212 
vitamin A administered daily resulted in a statistically significant decline of 32% in 213 
incidence of squamous cell carcinoma [47]. 214 

 215 
Fig. 20. Distribution of second-order discriminant function scores for the cases for which the distributions of nuclear discriminant 216 
function scores are shown in Fig. 19. Data derived from [40]. 217 

 218 
Fig. 21. Dose response to vitamin A treatment as represented by a measure based on discriminant function scores. Data derived 219 
from 220 
[40]. 221 
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4. Discussion 222 

The goals and methodologies suitable for studying the efficacy of a chemopreventive 223 
intervention are remarkably similar to those applied to the study of disease 224 
progression. A major advantage of a karyometric approach is the ability to measure 225 
progression of a pathologic process in a strictly quantitative fashion. There is no 226 
subjectivity involved in the extraction of karyometric features. The ability to subject the 227 
resulting information to rigorous statistical analysis is novel and represents a powerful 228 
methodological advance. 229 

Nonetheless, the application of karyometry to chemoprevention is still a complicated 230 
task, due to the considerable heterogeneity existing among individuals, among tissue 231 
samples taken from individuals, and among nuclei within those samples. Essentially, the 232 
task of evaluating chemopreventive efficacy of a putative agent involves detecting 233 
changes in an environment with a low signal-to-noise ratio. Fortunately, extremely 234 
sensitive karyometric methods have been developed to address these issues. These 235 
methods render it feasible to exploit karyometric measurements as SEBMs, which act 236 
as integrating biomarkers, since karyometry examines the spatial patterns of the entire 237 
chromatin structure. In the case of nearly all cancers, progression is likely to occur 238 
through a variety of possible pathways, not all of which will share common intermediate 239 
steps. If SEBMs specific to a particular pathway are used, progression via other 240 
pathways may not be readily observable. Thus, the ability to detect chemopreventive 241 
effects will likewise be difficult. Karyometry, though, is likely to detect both progression 242 
and chemopreventive efforts to halt or reverse it, regardless of the pathways involved. 243 
The corresponding limitation is that when chemopreventive effects are observed via 244 
karyometric analysis, it is not possible to know which genetic and biochemical pathways 245 
are involved. However, a very economical strategy would entail the screening of 246 
chemopreventive agents using karyometry followed by investigation of specific 247 
mechanisms of action with pathway-targeted methods in the case of agents for which 248 
such knowledge is not already available. 249 
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Methodology minute: An overview of the case−case study design and its 357 
applications in infection prevention 358 
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The case−case study design is a potentially useful tool for infection preventionists during outbreak or cluster 
investigations. This column clarifies terminology related to case−case, case−control, and case-case-control study 
designs. Examples of practical applications of the case−case study design include determining risk factors for 
health care−onset versus community-onset infections, or antibiotic-resistant versus antibiotic-susceptible 
infections. 

© 2019 Association for Professionals in Infection Control and Epidemiology, Inc. Published by Elsevier Inc. All 
rights reserved. 
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The case−case study design is an efficient 
alternative to the traditional case−control study, 
and can be useful in identifying risk factors for 
health care−associated infection (HAI) 
outbreaks and clusters. Instead of comparing 
cases to a strategically selected group of 
nondiseased controls, case−case designs 
compare the “cases of interest” to “comparison 
cases,” or people ill with a different disease. 
Although this methodology is rarely taught in 
introductory epidemiology courses, case−case 
study designs are increasingly common, 
particularly for diseases tracked through 
routine surveillance such as common enteric 
diseases, or when comparing different 
subtypes of the same disease such as 
methicillin-resistant Staphylococcus aureus and 
methicillin-susceptible S aureus.1 In this 
Methodology Minute column, we review the 
fundamentals of case−case studies, provide 
examples of applications in health care, 
discuss interpretation of findings, and compare 
this method to the case-case-control design. 
For regularly collected data on enteric diseases 
tracked by health departments, the case−case 
design allows for the examination of risk factors 
associated with outbreaks. For example, 
Salmonella case data can be compared with 
Campylobacter case data to understand risk 
factor differences.2 Similarly, in health care 
settings, case−case studies can address 
questions about risk factors for a specific type 
of infection under investigation. For example, 
what are the risk factors for patient acquisition 
of a multidrug-resistant pathogen compared 
with acquisition of a susceptible form of the 
same pathogen? This method has also been 
used to determine the source of, and risk 

 
* Address correspondence to Kristen Pogreba-Brown, PhD, MPH, Department of 

Epidemiology and Biostatistics, Mel and Enid Zuckerman College of Public Health, The 
University of Arizona, 1295 North Martin Ave, PO Box 245211, Tucson, AZ 85724. 

E-mail address: kpogreba@email.arizona.edu (K. Pogreba-Brown). 
Conflicts of interest: None to report. https://doi.org/10.1016/j.ajic.2018.11.024 
factors for, antibiotic-resistant foodborne 
infections acquired in community settings.3 An 

advantage of the case−case design is that it 
reduces 2 major biases common in 
case−control designs: recall bias and selection 
bias.4 These biases can occur in case−control 
studies when cases recall their experiences 
differently from controls simply because they 
were cases (recall bias), or if there is 
something inherently different about the 
controls selected that affects their likelihood of 
becoming a case (selection bias). 
A case−case design can minimize recall or 
selection bias while simultaneously conserving 
staff time and resources. When cases of 
interest are analyzed in relation to comparison 
cases rather than traditional controls, they are 
selected from the same population that gave 
rise to the cases of interest (eg, patients with a 
positive S aureus culture). Comparison cases 
are likely to have similar patient histories and 
timelines, from onset of illness to collection of 
information, such as case history interviews or 
laboratory results. These characteristics help 
reduce selection bias. Case−case studies may 
be used by health departments because they 
can be completed with far fewer resources and 
staff time because data are already available 
from case investigations, which obviates the 
need for additional collection of information on 
controls. In health care settings, information on 
comparison cases can often be extracted from 
the same medical record system that yielded 
information about cases of interest; this 
reduces information bias because the same 
risk factor information can be extracted 
regarding both groups in the same manner. 
Likewise, information regarding risk factors for 
infection derived from interviews of patients, 
family, or health care workers may be less 
subject to recall bias given that both cases of 
interest and comparison cases have 
experienced an infection. 
Some hospital studies use what is termed a 
“case-case-control” study, which entails 2 
simultaneous case−control studies followed 
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Fig 1. Schematic of the simple case−case design comparing cases of interest to comparison cases versus the more complex case-case-control studies, which involve creating 3 
models and specification of a control group. In this figure, the “model 3” from the case-case-control provides the same information as the case−case study. 

Table 1 
Examples of “cases of interest,” “comparison cases,” and control categorization in case-case-control designs 

Cases of interest Comparison cases Controls References 
Antibiotic-resistant organism Antibiotic-susceptible organism Negative for organism Furtado et al 20106, Jia et al 20157, Hebert et al 20108 
Hospital-acquired infection 
Outbreak-associated infection 

Community-acquired infection 
Endemic infection 

Negative for organism 
Negative for organism 

RodríguezBano et al 2010~ 9 
Gaulin et al 201210 

Infections on ward A Infections on ward B Cases outside of wards A or B Schroder et al 2015€ 11 
Subtype 1 Subtype 2 Negative for organism Patterson et al 201212, Morgan et al 200813, Zanetti et al 200614 
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by a mathematical comparison of case−control results. This method has been 1 
appealing in health care settings where obtaining controls is less time intensive than in 2 
community settings. The mathematical comparison of case−control results, however, 3 
provides the same results as a case−case study (Fig 1). 4 
The case-case-control method was first termed by Kaye et al5 in 2005. This method, 5 
involves the development of 3 distinct models. In the example provided in Figure 1, 6 
Model 1 compares resistant cases (cases of interest) to non-ill cases (controls), and 7 
Model 2 compares susceptible cases (comparison cases) to non-ill cases (controls). 8 
These 2 case−control studies are conducted using the same controls and different 9 
cases. Model 3 compares and contrasts Models 1 and 2 by dividing the risk factors 10 
(usually the odds ratio [OR]) for each model into groups. For example, when 11 
comparing resistant and susceptible infections to non-ill controls, the final model would 12 
highlight the risk factors found in a resistant infection, compared with risk factors for a 13 
susceptible infection. 14 
Case−case analyses can help to determine which risk factors are associated with 2 15 
groups of interest more efficiently than the casecase-control design. In a case−case 16 
study, instead of developing multiple models to determine the relationship between 17 
cases of interest and comparison cases, a single model is developed. This single 18 
model can be univariate or multivariate and directly measures the relationship between 19 
the 2 types of cases. For example, when comparing resistant and susceptible cases in 20 
a logistic regression model, the resistant cases are coded as “1” and the susceptible 21 
cases as “0.” Results of the analysis would indicate which risk factors are associated 22 
with resistant versus susceptible cases. In this example, an OR significantly >1 means 23 
resistant cases have a higher odds of a specific risk factor relative to susceptible 24 
cases. For an OR significantly <1, the susceptible cases have a higher odds of a 25 
specific risk factor relative to resistant cases. An OR equal to 1 means there is no 26 
difference in the odds of the risk factors in the susceptible and resistant cases. 27 
Table 1 highlights different types of case-case-control designs and provides examples 28 
of specific studies and participant classifications. For many of these studies, a 29 
case−case study would have been less resource intensive (no need to pull data for 30 
control patients) because they would use fewer models, in this case, 1 instead of 3.  31 
 32 
DISCUSSION 33 

This Methodology Minute describes the potential use of case−case and case-case-34 
control studies for infection preventionists (IPs). The most common application of 35 
case−case and case-case-control designs in infection prevention are the comparison of 36 
resistant verses susceptible infections to determine risk factors driving acquisition of 37 
multidrug-resistant pathogens. These types of studies will take on enhanced importance 38 
as advanced molecular techniques allow IPs to distinguish HAIs by serotype, ribotype, 39 
and genotype. When control data are easily available, a casecase-control is an ideal 40 
method to use as it allows, for example, differentiation of risk factors for suceptable 41 
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versus antibioticresistant infections. However, in reviewing a selection of published 42 
studies in this area, we found a lack of consistency in study design and interpretation of 43 
results. For example, many studies simply compared models 1 and 2 side-by-side 44 
without taking the final step to mathematically compare them in model 3.7,8,15 45 
A case−case methodology is a useful tool when an investigator wants to understand 46 
some of the nuanced risk factors of a specific infection, for instance, what drives 47 
resistant verses susceptible infections,6-8,16 or 1 type of cancer subtype over another.17 48 
This method will directly compare cases, rather than relying on other case−control 49 
models built in comparison to non-ill controls, which saves time and resources. Findings 50 
can allow IPs to more quickly identify the root cause of infection and modify prevention 51 
practices accordingly. 52 

CONCLUSIONS 53 

In sum, the case−case study design can allow IPs to compare 2 groups of cases 54 
statistically in the absence of control selection. These designs may become increasingly 55 
relevant as advancements in microbiology allow more granular distinction between 56 

infection types, including pathogens acquired by intrinsic contamination versus extrinsic 57 
(ie, “horizontal”) contamination via health care worker practices or equipment. Although 58 
casecase-control designs are also a viable option, the comparison between the 2 sets of 59 
cases offers a simplified alternative. In the end, both study designs provide value to IPs 60 
in determining risk factors associated with specific HAIs, which can lead to prompt and 61 
targeted interventions. 62 
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