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Abstract 
 
Colorectal cancer (CRC) is a major public health concern.  The current 

population-based screening method used world-wide is fecal occult blood testing 

(FOBT), however this test has very low sensitivity for both colorectal cancer and 

adenomatous (pre-cancerous) polyps and is associated with low compliance.  

Metabolomics is a new field of science to study small molecules of metabolism 

and existing literature on metabolomics and CRC is limited.  In this thesis, urine 

metabolomics has been shown to represent a novel, non-invasive, well-accepted 

screening tool for detecting CRC and adenomatous polyps with high sensitivity.  

The metabolomic fingerprint of CRC and that of adenomatous polyps have been 

explored to further understand metabolic changes in these disease states.  After 

curative treatment of CRC, the CRC metabolomic fingerprint has been shown to 

remain.  
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1.0 Introduction 
 
 
1.1 Aims and Outline of Thesis 

Colorectal cancer is a major public health concern.  The development of a more 

accurate, non-invasive, patient-accepted screening tool for colorectal cancer is 

much needed.  The main goal of this thesis is to explore the potential of urine 

metabolomics as an effective diagnostic/screening tool for colorectal cancer and 

colonic adenoma.  

 

The rest of chapter 1 will highlight the Canadian public health perspective of 

CRC screening.  In chapter 2 the literature regarding metabolomics and 

colorectal cancer will be reviewed.  Chapter 3 will provide a detailed description 

of the methodology used in this study, including recruitment strategies, 

experimental design, as well as statistical analysis.  The results of the colorectal 

cancer experiment will be described in chapter 4 while the results of the colonic 

adenoma experiments will be described in chapter 5.  Chapter 6 will focus on 

the metabolomic fingerprint of postoperative colorectal cancer patients, and 

explores whether patients’ metabolite profile changes after their cancer has been 

removed. 

 
 
1.2 Colorectal Cancer Screening -- The Canadian Public Health 

Perspective 
 
Colorectal cancer (CRC) is the third most common cancer and the second most 

frequent cause of cancer-related deaths in Canada.  In 2006, an estimated 19,900 
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Canadians were diagnosed with CRC; 8500 died from the disease.1 However, 

CRC is a disease that can be cured if identified early, and even preventable if 

found at the adenomatous polyp stage. The rest of this chapter will examine 

current screening guidelines and summarize evidence regarding adherence, but 

more importantly, the barriers to screening will be explored.  Existing strategies to 

improve adherence from both the clinical and public health perspectives will be 

outlined.  

 

1.2.1 Current Screening Modalities 

Early detection and treatment of diseases has a potential to increase the lifespan of 

patients and decrease health care costs.  Colorectal cancer is a suitable disease for 

screening since it is very common, it is serious with severe consequences, its 

treatment is more effective at an earlier stage, and it has a detectable preclinical 

phase (adenomatous polyps) that is fairly long and prevalent.2  Current screening 

guidelines, for individuals with average risk (age 50 or older with no risk factors), 

recommended by the Canadian Association of Gastroenterology for colorectal 

cancer consist of one of the following: fecal occult blood testing (FOBT) every 2 

years, flexible sigmoidoscopy every 5 years, flexible sigmoidoscopy combined 

with FOBT every 5 years, double contrast barium enema every 5 years, or 

colonoscopy every 10 years.3  Each of these test modalities has limitations or 

potential risks associated with it. The most commonly used FOBT has been the 

guaiac-based test Hemoccult II.  Patients are instructed to avoid consuming red 

meat, certain fruits and vegetables, and Vitamin C supplements for 3 days prior to 
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and during the stool collection in order to avoid false-positive and false-negative 

results.  Although large population-based randomized control trials have 

demonstrated a survival benefit in patients who undergo annual or biannual 

screening with FOBT4, the strict dietary measures and the handling of stool that 

are required may preclude widespread acceptance by the general population and 

in turn decrease compliance.  Moreover, clinical studies using the Hemoccult test 

have estimated a low sensitivity for small cancers and polyps (26% for cancers 

and 13% for large adenomas).5  Flexible sigmoidoscopy will miss proximal 

colonic lesions, while barium enema exposes patients to radiation and is less 

sensitive and specific than colonoscopy.  Colonoscopy is the gold standard for 

screening and it can also be used for treatment of precancerous lesions, however it 

requires considerable resources and skilled personnel.  Complications can result 

from sedation or the procedure itself.  The risk of bleeding is approximately 1:100 

and that of perforation is 1.3 per 1000 for diagnostic colonoscopy and 1.4 per 

1000 for therapeutic.6 

 

1.2.2 The Effectiveness of Screening 

Current CRC screening strategies save lives.  The largest FOBT trial to date was 

conducted in Nottingham, UK.  From 1981 to 1991, this trial recruited 153,000 

asymptomatic subjects between the ages of 45 and 74 and randomized them into 

control or intervention groups.  The intervention group received a Hemoccult 

FOB test kit by mail every 2 years, which required self-collection of stool 

samples.  Positive tests led to further investigations.  Follow up continued for 4 
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more years after the end of the trial.  This study detected a 15% reduction in 

colorectal cancer mortality in the intervention group compared to the control 

group, even though only 38% or those in the intervention group completed all the 

FOBTs.7 

 

1.2.3 The Components of An Effective Screening Program 

A screening program is much more than just a screening test, so when addressing 

the issue of effectiveness of screening, it is important to distinguish between test 

sensitivity and program sensitivity.  Program sensitivity is the sensitivity achieved 

over time through serial testing in a program. 8 Test sensitivity can be improved 

with development of new and advanced technology such as Fecal Immune 

Testing (FIT), Stool DNA, and Urine Metabolomics etc..  Program sensitivity, 

however, is highly reliant on patient compliance especially since colorectal cancer 

screening requires repeat testing at regular intervals.  The perfectly accurate and 

harmless test would still have minimal impact on disease prevention if barriers 

such as access, cost and awareness are not addressed.  It is therefore important to 

examine what the current uptake rate is in terms of CRC screening, what barriers 

are preventing people from being screened and which populations should be 

targeted. 

 

1.2.4 Screening Compliance 

A population-based study done in Montreal in 2007 surveyed 17,498 subjects in 

four provinces (Ontario, NFL, Saskatchewan, and BC) and found that 70% of 
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respondents were not adherent to current CRC screening guidelines.9  Similarly, a 

population-based study done in Ontario, using administrative data only, showed 

that of 982,443 screen-eligible men and women between the ages of 50-59, 79.5% 

did not have any tests to screen for CRC during a 6-yr follow-up. 10  In an Alberta 

study, only 14.3% of average risk adults (n=1,476) were up to date on CRC 

screening. 11  

 

1.2.5 Barriers to Effective Screening 

A biopsychosocial framework can be used to better understand the disparities in 

adherence to CRC screening guidelines.  Clinically, it was noted that people with 

health-care seeking tendencies, such as those who have a regular physician, those 

who get flu shots or those with a chronic condition, were more adherent to the 

guidelines.  Psychologically, self-perceived stress was associated with increased 

adherence to screening, likely due to increased chances of receiving preventive 

health services.  Since people who visit their physicians less frequently may be at 

risk for not receiving preventive healthcare, perhaps invitations for CRC 

screening should come from sources that are independent of physicians.  While 

environmental factors such as the availability and access to screening services 

were not found to influence adherence9, it has also been noted in the literature that 

socio-demographic factors associated with increased adherence include male 

sex12, high-income level13, and not working full-time9.  Individuals who were 

born in Canada and were Caucasian were more likely to adhere to the 

guidelines14.  The effect that socioeconomic status (SES) has on screening 
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behavior was studied by Whaynes et al., using the Nottingham trial data.  The 

recruited subjects were divided into different socioeconomic groups based on the 

deprivation index of their general practitioners, determined by their postal code.  

Contrary to what was hypothesized, deprivation was not a significant factor in 

determining colorectal cancer prevalence.  However, those with lower SES were 

less likely to accept the invitation to be screened, thus delaying the diagnosis and 

resulting in cancers diagnosed at a later stage, thus increasing mortality. 

Therefore, those with socioeconomic deprivation are disadvantaged by their lower 

participation rate.13  These findings reinforced the need to tailor CRC screening to 

underserved groups. 

 

Several US studies have also studied the barriers to CRC screening.  Focus group 

interviews done at Harvard School of Public Health have identified three groups 

of factors that moderate perceived personal risk for colorectal cancer: knowledge 

factors, service system factors, and psychological or cognitive factors.  

Knowledge factors include unawareness of general prevalence of colorectal 

cancer (stark contrast to prostate or breast cancer), ignorance that women are just 

as likely to get colorectal cancer as men, misconception that family history was 

the single most important or even sole determinant of risk, and the assumption 

that risk is symptom-dependent.  Service system factors include lack of preventive 

and screening information from providers and misconceptions about prior 

negative results and necessity for repeated screening.  Psychological factors 

include concern with another health issue that offsets perceived risk for CRC, 
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disinclination to worry, and deference to authority of doctors who had not 

encouraged screening.15  

 

A unique study by Klabunde et al. in 2005 looked at the barriers from the 

perspectives of both physicians and patients and compared the two groups.  They 

used data from two large-scale surveys, namely the 1999-2000 Survey of 

Colorectal Cancer Screening Practices (n=1235) and the 2000 National Health 

Interview Survey (NHIS) (n=6497).  Both primary care physicians and patients 

more often identified patient-related factors (fear of finding cancer, belief that 

screening isn’t effective, embarrassment/anxiety about screening tests, lack of 

awareness of screening/CRC not perceived as a serious health threat) to be major 

barriers compared to system-related factors (screening costs too much/is not 

covered by insurance, physicians don’t actively recommend screening to their 

patients, shortage of trained providers to conduct screening other than FOBT, 

shortage of trained providers to conduct follow-up with endoscopic procedures).  

The two groups also agreed on the fact that patients’ lack of awareness of the 

need for screening and the lack of knowledge about CRC are important barriers.16  

 

In summary, the main barriers for CRC screening are lack of awareness and 

misconceptions about the disease and lack of preventative information given to 

patients by their physicians.  While cost and insurance coverage were shown to be 

barriers in some US studies17, they were not shown to be barriers for screening in 

Canada due to our public healthcare system.  The target populations should be 
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those that are underserved and those with low SES and the provider of 

information should not only be limited to physicians. 

 

1.2.6 Overcoming Barriers to Screening 

To overcome these barriers to screening, educational programs that address all 

these factors should be developed and implemented.  The primary message should 

be that early detection and repeated screening for both men and women even in 

the absence of symptoms or family history is beneficial and important.  

Dissemination of knowledge is a key strategy to address some of these factors, but 

in addition, changes in clinical practice need to be made, such as integrating 

screening recommendations and follow-up as part of regular physical exams, and 

having active notifications of screening results.15  

 

The method of recruitment for screening has traditionally been word of mouth 

from physician to patient or via post mail (as in some large studies).  With the 

advancement of technology and the widespread use of electronic communication, 

some have hypothesized that perhaps email would be a more efficient way of 

notifying potential eligible screening subjects.  However, a 2008 study in 

Houston, Texas showed implementing colon cancer screening through email over 

the Internet was no more effective than a mail-out reminder.  The return rate for 

FOBT was only 25%.18  This is perhaps because eligible screening subjects are 

those over the age of 50 and this portion of the population may not be as 

computer-literate as their younger counterparts. 
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Publishing guidelines on screening will help raise awareness, especially when 

there has been a change, as recommended by an expert panel.  In 2001, the 

Canadian Task Force on Preventive Health Care revised its screening 

recommendations for CRC from its 1994 assessment that there was “inconclusive 

evidence to recommend screening in asymptomatic individuals over 40” (1994) to 

“there is good evidence to include annual or biennial screening with FOBT (grade 

A recommendation) and fair evidence to include flexible sigmoidoscopy (grade B 

recommendation)… for average risk individuals at least 50 years of age.”19   

Subsequent to this publication, a study in the Canadian Journal of Surgery showed 

that the proportion of primary-care physicians that recommended CRC screening 

increased from 43% to 60%.20 

 

However, guidelines for physicians will only solve part of the problem.  There is a 

shortage of primary care physicians in Canada and resources will become even 

scarcer as the baby-boomers continue to age.  It has also been shown that people 

who go to physicians regularly are not those at highest risk.  Therefore, other 

healthcare workers in the field need to be involved in the promotion of and 

education on preventive health strategies.  A recent Canadian study published in 

2007 explored the idea for a workplace colorectal cancer-screening awareness 

program.   In 2003, the Toronto Police Service partnered with Sunnybrook and 

Women’s College Health Sciences Centre in Toronto to implement such a 

program.  This program included first educating “trainers” with formal education 
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sessions performed by the head occupational health nurse using a 5-minute 

videotape containing information about CRC screening and testimonials of 

survivors of CRC.  All trainers were also given ample opportunity for questions.  

The trainers then went on to educate the other members of his or her unit.  

Although 50% of members attended the program, only 13% completed the 

questionnaires and agreed to participate.  This program identified that nearly 1/3 

(298 out of 965) of subjects as having average or above-average risk for 

colorectal cancer, and would, therefore, benefit from screening.1 Programs such as 

this would increase awareness through education and relieve some of the burden 

of addressing these potentially time-consuming issues from primary care 

physicians who are already over-worked.  Contrary to the US where a 1995 

survey of 1720 private-sector workplaces showed that 35.2% of workplaces with 

>750 employees have a cancer-screening program21, there may be little financial 

incentive for employers in Canada to establish such programs due to the nature of 

our public healthcare system.   

 

1.2.7 Alberta’s Approach to Colorectal Cancer Screening 

Similar to Ontario and Manitoba, Alberta is currently establishing a CRC 

screening program.  In 2006, the Expert Working Group sponsored by Alberta 

Health and Wellness and the Alberta Cancer Board, recommended the adoption of 

population based screening for colorectal cancer for all Albertans aged 50–74 

with annual fecal occult blood testing recommended as the primary screening tool 

for those at average risk.  To meet this mandate, Capital Health (now part of 
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Alberta Health and Wellness), which served a population of almost 2 million 

people, established the Stop COlorectal cancer through Prevention and Education 

(SCOPE) program as a comprehensive, integrated, population-based screening 

program for residents of the Capital Health region.  The program began as a pilot 

in early 2008.  The program encompasses educational information, risk 

stratification as well as screening for both average and high-risk patients, and 

colonoscopy for those individuals who test positive by screening.  Eligible 

subjects are currently referred to the program by their primary care physicians, 

but once the full program is launched, individuals will be able to access the 

program in several ways, including through HealthLink or through the website 

(http://www.capitalhealth.ca/EspeciallyFor/Scope/default.htm).  Education 

sessions are held every month at the University of Alberta Hospital for eligible 

participants, where nurse navigators give a group session on colorectal cancer and 

screening.  A website has been developed with helpful, easy-to-understand 

information regarding CRC and the SCOPE program.  Paper-based education and 

information resources are available to individuals without access to the Internet.  

The pilot not only served to correct the potential problems before launching the 

full program, but it also provides a great opportunity for various research topics.  

Every subject in the pilot will be taking a fecal occult blood test (FOBT), two 

fecal immune tests (FIT), and providing a sample of their urine for metabolomic 

analysis, as well as undergoing a colonoscopy.  This is a unique opportunity to 

compare the sensitivity and specificity of the fecal tests as well as the urine 

metabolomics, using colonoscopy as the gold standard, in the same individual.  
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Although this program is not set up specifically to target the under serviced 

groups, it does increase awareness through education and health promotion.  

Additionally, it changes the setting from a physician’s office to an auditorium and 

increases efficiency by targeting a group of interested subjects rather than 

individuals. 

 

1.2.8 Role of the Community 

Health is typically thought of as a function of individual decisions, but the role of 

the community is vitally important.  In an interview at the University of Toronto, 

Malcolm Glad well, the author of Outliers, illustrates this point with the story of 

Roseto.  Roseto is a little town in the hills of Pennsylvania, which is a replica of a 

town in southern Italy established in the 1880’s.  This town is famous for the fact 

that the death rate is half that of the US average, despite the fact that everyone 

smoked, ate poorly, and was overweight.  In this town of income equality and 

social equality, no one became rich but everyone “lived forever”.  Individually 

bad decisions were made, but as a community no one died.  This is a subtle 

reminder that discussions regarding health should be started at the community 

level and worked backwards to the individuals.22  

 

1.2.9 Conclusion 

Colorectal cancer is a major public health concern in Canada.  It is a serious but 

preventable condition, however, less than 30% of eligible individuals are 

currently being screened appropriately.  There are biopsychosocial reasons for the 
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disparities in screening behaviors.  Multiple studies have identified the barriers to 

screening mainly as lack of awareness and lack of prevention information given 

by physicians.  Strategies to overcome these barriers include publishing clear 

guidelines, establishing education programs, and workforce-initiated screening 

programs.  The Alberta SCOPE program is a local initiative to increase awareness 

of colorectal cancer and in turn improve population health through primary and 

secondary prevention.  Developing more patient-friendly screening tests such as 

urine metabolomics could also improve patient compliance. 
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2.0 Metabolomics and Detection of Colorectal Cancer in Humans 
– A Systematic Review 

 

2.1 Abstract 
 
Metabolomics represents one of the new “omics” sciences and capitalizes on the 

unique presence and concentration of small molecules in tissues and body fluids 

to construct a “fingerprint” that can be unique to the individual and, within that 

individual, unique to environmental influences, including health and disease 

states.  As such, metabolomics has potential to serve an important role in 

diagnosis and management of human diseases. Colorectal cancer (CRC) is a 

major public health concern.  Current population-based screening methods are 

suboptimal and whether metabolomics could represent a new tool of screening is 

under investigation.  The purpose of this systematic review is to summarize 

existing literature on metabolomics and CRC, in terms of diagnostic accuracies 

and distinguishing metabolites.  Eight studies are included1-8.  A total of 12 

metabolites (taurine, lactate, choline, inositol, glycine, phosphocholine, proline, 

phenylalanine, alanine, threonine, valine, and leucine) were found to be more 

prevalent in CRC and glucose was found to be in higher proportion in control 

specimens using tissue metabolomics.  Serum and urine metabolomics identified 

several other differential metabolites between controls and CRC patients.  This 

review highlights the novelty of the field of metabolomics in colorectal oncology.  
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2.2 Background 

Colorectal cancer (CRC) is a leading cause of death in North America.  Current 

non-invasive screening methods are suboptimal in sensitivity and have poor 

population compliance.  Nuclear magnetic resonance (NMR)-based urine 

metabolomics is a highly novel assessment of urine-excreted small molecules that 

has potential to identify CRC and colonic polyps.9  The potential for a simple 

single urine test to identify CRC and/or colonic polyps is exciting and of great 

interest to opinion leaders, politicians, scientists, physicians and patients given the 

world-wide interest and movement to population-based colon screening programs. 

 

Metabolomics is an emerging field of research downstream from genomics, 

proteomics and transcriptomics and is a quantitative collection of low molecular 

weight compounds, such as metabolic substrates and products, lipids, small 

peptides, vitamins, and other protein cofactors10, generated by metabolism.  It is a 

precise, consistent, and quantitative method to examine and describe cellular 

growth, maintenance, and normal function.11  It is currently being used as a mode 

of research in many disciplines of medicine, including psychiatry12, obstetrics13, 

gastroenterology14, and oncology15.   This technology is however fairly new and 

few human studies have been done to validate the results of existing cellular and 

animal studies, especially in the field of colorectal oncology.  This systematic 

review aims to summarize the existing human literature on the diagnostic 

accuracies of metabolomics in the field of CRC. 
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Metabolomics can be performed on urine, serum, tissue, and less frequently, on 

fecal extracts, saliva and amniotic fluid.  It is ideal for studying the effects that 

diseases and drugs have on the human body because it is downstream from 

transcriptome and proteome and thus the changes are amplified and are 

numerically more tractable.  Also, the technology is generic such that a given 

metabolite is the same in every organism that contains it.16 

 

The analytical techniques that make it possible to assay and quantitate 

components of the metabolome and to extract useful signatures from those data 

include liquid chromatography (LC) coupled with mass spectrometry (MS) and 

gas chromatography MS (GCMS) and NMR spectroscopy.17  The outputs from 

MS or NMR are analyzed using multivariate analysis such as partial least squares 

discriminant analysis (PLS-DA) and principal component analysis (PCA). 

 

2.3 Objectives 
 
The primary objective of this systematic review was to summarize the reported 

diagnostic accuracies of serum, urine, and tissue metabolomics for detecting 

colorectal cancers in the adult population, using histopathology as the gold 

standard. The secondary objective was to summarize evidence of the most 

prevalent metabolites found in colorectal cancer, where studies have been carried 

out. 
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2.4 Methods 
 
A protocol was prepared outlining the a priori design for this review, including 

criteria for considering studies for this review, search methods, data collection 

and analysis.  In conjunction with a research librarian, a comprehensive, 

systematic literature search was performed. MeSH headings and keywords were 

used.  Electronic searches through established databases [MEDLINE (Ovid) 

(1950 - Feb. 2009), EMBASE (Ovid) (1980 - Feb. 2009), PubMed (Sept. 2008- 

Feb. 2009), Cochrane Library (Issue 1, 2009), Scopus (Feb. 2009), Web of 

Science (1900 - Feb. 2009)], grey literature (i.e. literature not identifiable via 

conventional means) and conference proceedings were completed.  No language 

restrictions were applied.  Published papers and abstracts, as well as unpublished 

studies were included in the searches.   

 

Broad screening of titles and abstracts were done by the author (HW).   The 

inclusion/exclusion criteria used are outlined below. 

 

Design: All randomized, quasi-randomized, non-randomized, retrospective and 

prospective cohort studies, and case-series were included.  Single case reports and 

reviews were excluded.   

Population: All studies involving human adult subjects (> 18 years of age) with 

primary CRC and with or without controls were included.  For the serum and 

urine studies, the cancer patients had not commenced any medical or surgical 

treatment for their condition at the time of the index test.  For the tissue studies, 
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the cancer patients had completed at least a biopsy or surgical treatment of the 

CRC at the time of the index test. 

Index Tests:  Serum, urine, or tissue metabolomics were the index tests of interest 

for this review. 

Target Conditions:  The target condition was primary CRC. 

Reference Standard:  The reference standard used to define the target condition 

was histopathological analysis of resected colorectal cancer specimens.   

Outcomes:  Studies were deemed suitable for inclusion if the sensitivity and 

specificity values of the index tests were available or derivable from the data 

reported in the primary studies or obtainable from the authors, or if there was 

information on occurrence of specific metabolites listed that distinguished CRC 

from controls. 

Setting:  Studies in any setting were included.  

 

The assessment of the methodological quality of each included study was done by 

two independent reviewers (HW, VT), using the QUality Assessment of 

Diagnostic Accuracy Studies (QUADAS) tool,18 which is a 14-question tool that 

evaluates spectrum bias, misclassification bias, disease progression bias, partial 

verification bias, differential verification bias, incorporation bias, review bias, and 

bias associated with study withdrawals and uninterpretable results.  The 

QUADAS tool questions are included in table 2.1. 
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Table 2.1: The Quality Assessment of Diagnostic Accuracy Studies (QUADAS) 
tool 

 
 

A standardized data extraction form was developed to collect the details of all 

included studies. Each of the two reviewers (HW, VT) independently extracted 

information from each study.  Disagreements were resolved through discussion.  

 

A qualitative synthesis of the results was done.  Not enough homogenous data 

was available to perform a proper meta-analysis since only one of the five 

reviewed studies reported on sensitivity and specificity data.   Sensitivity and 

subgroup analyses were planned but not done due to lack of data.  Potential 

sources of heterogeneity are timing of index tests, threshold values for positive 

and negative diagnosis, expertise in the performance and interpretation of the 
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index tests, expertise in the interpretation of the reference standards.  Subgroup 

analysis was planned for the different type of index test (urine, serum, tissue 

metabolomics) and the type of metabolite quantification – HPLC/MS vs. NMR.   

Publication bias was not assessed as the number of studies included was less than 

eight. 

 

A table of the characteristics of included studies is shown in the Results section. 

 

2.5 Results 

2.5.1 Results of the Systematic Search 

The electronic database searches resulted in 1019 items.  After removing the 216 

duplicate hits, 698 were excluded from broad screening of title and abstract 

because they did not fit the inclusion criteria for the review.  Out of the 105 

studies that were retrieved for more detailed evaluation, 95 were excluded 

because they were cancers other than colorectal.  A grey literature search did not 

reveal any additional useful studies.  Ten CRC papers were retrieved in full and 

reviewed for relevance in detail by the two reviewers (HW, VT) independently.  

Five were excluded for various reasons listed in table 2.2.  In the end, five studies 

are included in this review.  Figure 2.1 summarizes the trial flow. 
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Figure 2.1: Flow of studies through the selection process 

 

 
 
 
 
 
2.5.2  Description of Included Studies 

There were five studies that satisfied the criteria for inclusion in this review.  

Table 2.3 lists the characteristics of the included studies1-5. All studies were case 

series published in English consisting of 30 to 84 samples in 15 to 44 patients.  

Patient demographics were not reported in one study4 and the setting was not 

reported in another5.  Four out of five studies2-5 used tissue metabolomics as the 

index test and one1 used urine.  Since one study2 used both NMR and GC/MS 

techniques, there were in total three NMR studies2, 3, 5, and three MS studies1, 2, 4.  
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Only one study4 had sensitivity and specificity results, but all had distinguishing 

metabolites. 
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Table 2.2: Characteristics of included studies 

 
Author  
Year 
Country 

Design Setting Age Patients 
(n) 

Samples 
(n) 

Cancer Index 
Test 

Analytical 
technique 

Reference 
standard 

Sens 
Spec 

Distinguishing 
metabolites 

PCA/ PLS 
results 

Ma  
2008 
China 
 

CS Tertiary 64±10 
53-72 

33 33 CRC Urine UPLC/MS HP N/A Y Y 

Chan  
2009 
Singapore 
 

CS Tertiary 67±13 31 63 CRC Tissue NMR 
GC/MS 

HP N/A Y Y 

Piotto 
2008 
France 
 

CS Tertiary 68±12 
45-90 

44 84 CRC Tissue NMR HP N/A Y Y 

Denkert 
2008 
Germany 
 

CS Tertiary ? 27 45 Colon Tissue GC/MS HP 95% 
95% 

Y Y 

Lean  
1993 
Australia 
 

CS ? 37-82 15 30 CRC Tissue NMR HP N/A Y N 

 
CRC: Colorectal cancer; CS: Case Series; GC: Gas chromatography; HP: Histopathology; MS: Mass spectroscopy; NMR: Nuclear Magnetic Resonance; PCA: 
Principal component analysis; PLS: Partial least squares; Sens: sensitivity; Spec: specificity; UPLC: Ultra-high performance liquid chromatography.
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2.5.3 Summary of Included Studies 

Ma et al. 20081 

This Chinese study used UPLC/MS to examine the urine samples of 24 CRC 

patients both before and after their cancer operations, and that of 9 controls.  They 

noted that when compared to the healthy controls, preoperative CRC patients had 

significantly increased levels of low-molecular weight compounds 283 and 234 

(p<0.05), and these compounds decreased significantly after the operation.  Using 

PLS-DA analysis, the study demonstrated a clear and significant separation 

between preoperative, post-operative CRC patients and healthy controls.  The 

authors concluded that once these pilot results are tested in a larger population, a 

urine test has the potential to identify affected patients.  The limitation of this 

study was that the names of the distinguishing compounds were not identified, 

only the molecular weights were presented. 

 

Chan et al. 20092 

This study from Singapore looked at 31 colon cancer tissue samples from 31 CRC 

patients and compared them to 32 matched segments of normal mucosa, from the 

same patient, 5-10cm away from the cancer.  This study is unique in that it used 

both NMR and GC/MS techniques to analyze the samples.  There were 

distinguishing metabolites (p <0.05 for all except glycine (p=0.1751) and 

phosphoethanolamine (p=0.0541)) identified with each technique, which are listed 

in Table 4.  PLS-DA plots could clearly distinguish cancer versus normal tissues 

in both NMR and MS, and could even distinguish colon cancer versus rectal 
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cancer when NMR was used.  The limitations of this study were the inadequate 

clinical information provided for each patient, and not all samples were analyzed 

using both techniques. 

 

Piotto et al. 20083 

A total of 84 tissue samples consisting of cancer and normal mucosa from 44 

patients were studied in this French paper, but it was unclear how many were 

from each group.  NMR spectra were obtained from the tissue samples.  After 

removing 12 outliers, PLS-DA model obtained for the remaining 72 samples 

demonstrated very clear separation for the cancer versus healthy biopsies.  

Distinguishing metabolites were also stated (statistically significant, but no p-

values specified).  The authors of the study then proceeded to build a second PLS-

DA model consisting of only the distinguishing metabolites using the first 50 

biopsies (27 cancer, 23 controls).  The remaining 22 samples were subjected to a 

blind classification process, where visual inspection showed that the cancerous 

and healthy samples were classified in the correct region.  This is the only study 

where the index test was explicitly stated to be blinded from the results of the 

reference standard.  The limitation of this study, again, was that not enough 

clinical information about the patients was provided, such as co-morbidities and 

location of tumor. 
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Denkert et al. 20084 

This German study used GC/MS to examine 45 tissue samples (27 colon cancer, 

18 normal). In total, 82 distinguishing metabolites were identified (p< 0.01), some 

not named.  This is the only study to state a sensitivity and specificity value for 

the index test for detection of CRC.  Sensitivity and specificity were both 

approximately 95%.  PCA was able to separate CRC from normal tissues.  The 

authors concluded that metabolic signatures, as well as individual metabolites can 

be detected from fresh-frozen tumor tissue of CRC and that these alterations can 

be linked to relevant biochemical pathways.  Again, minimal clinical information 

regarding the patients was given. 

 

Lean et al. 19935 

This Australian study used NMR tissue metabolomics to study 30 colonic samples 

of CRC and matched normals in 15 patients.  Distinguishing metabolites were 

listed.  Since this is an older study, there was no mention of PLS or PCA plots.  

The unique part of this study was that it was able to identify 6 samples in the 15 

‘normal’ group as abnormal, indicating that NMR was able to identify abnormal 

colorectal mucosa, which is not morphologically manifest.  A limitation was the 

small amount of clinical information provided. 

 

2.5.4 Methodological Quality of Included Studies 

The quality assessment results for the individual studies are shown in figure 2.2.  

All but one study had a clear description of the demographic, clinical features and 
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the inclusion and exclusion criteria of the population studied, thus the 

generalizability of the results may be compromised.  The reference standard for 

all the studies is histopathology; currently this is the gold standard for CRC 

diagnosis.  For the tissue studies, the samples used for the index test and that used 

for the reference standard were obtained at the same time.  For the urine study, the 

urine was obtained from the patients at 7 a.m. on the morning of their surgery.  

All of the study group received confirmation of the diagnosis by histopathology, 

that is, the results of the index test did not influence the decision to perform the 

reference standard, so partial verification bias was avoided.  Since all patients 

received the same reference standard regardless of the results of the index test, 

differential verification bias was also avoided.  Incorporation bias was not 

applicable as the reference standard was completely independent of the index test. 

The index tests were all described in sufficient detail to permit replication of the 

test.  The results of the reference standard was interpreted without the knowledge 

of the result of the index test, however, it was unclear whether the index test 

results were interpreted without the knowledge of the results of the reference 

standard in all but one study.  Relevant clinical data was not available in three of 

the five included studies since the location of the CRC was not provided.  There 

were no withdrawals from the studies. Uninterpretable and/or intermediate results 

were accounted for except in one study3, where 12 outliers were removed from 

analysis, without a detailed explanation as to why they were excluded. 
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Overall, the studies were strong in the technical aspects of test description, but 

were weak in the amount of clinical information provided and small number of 

subjects. 

 

Figure 2.2:  Risk of bias summary: review authors' judgments about each risk of 
bias item for each included study.  +: Yes (high quality); - : No (low 
quality); ?: Unclear. 

 

 
 
 
 
 
 
2.5.5 Individual Metabolite Analysis 

All five studies listed metabolites that could distinguish CRC patients from 

controls.  The results from each study are summarized in table 2.3.  In tissue 
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metabolomics, the metabolites that appeared in more than one study are denoted 

with a “†” and those that appeared in more than two studies are denoted with a 

“‡”.  The ones that were most often found to be in higher proportion in CRC 

specimens are taurine, lactate, choline, inositol, glycine, phosphocholine, proline, 

phenylalanine, alanine, threonine, valine, and leucine.  The metabolite most often 

found to be in higher proportion in normal control specimens was glucose.  All 

recent studies showed that CRC can be clearly distinguished from normal controls 

on PCA or PLS-DA plots.   

 

2.5.6 Update to Review 

As the field of metabolomics is expanding very quickly, an updated literature 

review done in June 2010 revealed three other papers that would fit the criteria for 

this review6-8, two on serum and one on urine.  The results of these studies are 

also summarized in table 2.3. 

 

Qiu et al. have recently published two studies, one on serum and one on urinary 

metabolite profiling of colorectal cancer.  Both studies had good separation 

between CRC patients and healthy controls on orthogonal partial least squares 

(OPLS) plots but neither had sensitivity and specificity data.  In the serum study6, 

using gas and liquid chromatography coupled with time-of-flight mass 

spectrometry (GC-TOFMS) and ultra performance liquid chromatography-

quadrupole time-of-flight mass spectrometry (UPLC-QTOFMS), respectively, 33 

differential metabolites were identified, five of which were found using both 
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techniques, namely increased levels of pyruvate and lactate, and decreased levels 

of tryptophan, tyrosine, and uridine (p<0.05) in cancer patients.  Oleamide was 

the most depleted serum metabolite and pyruvate was the metabolite most 

increased.  In the urine study7, using GC-MS, 16 differential metabolites were 

identified (p< 0.05 unless otherwise specified) including decreased levels of 

succinate, isocitrate, citrate, 3-methyl-histidine (p=0.0582), histidine (p=0.0601) 

and increased levels of 5-hydroxytryptophan, 5-hydroxyindoleacetate, tryptophan, 

glutamate, 5-oxoproline, N-acetyl-aspartate, p-cresol (p=0.0961), 2-

hydroxyhippurate, phenylacetate (p=0.0875), phenylacetylglutamine, and p-

hydroxyphenylacetate in cancer patients.  In both of these studies, adequate 

clinical information was provided, but the index tests were not carried out without 

the knowledge of the reference standard. 

 

Ritchie et al.8 used Fourier transform ion cyclotron resonance mass spectrometry 

(FTICR-MS), LC-MS and NMR technologies and found significantly reduced 

levels of serum hydroxylated polyunsaturated ultra long-chain fatty acids in CRC 

patients.  The authors were also able to validate their results in five independent 

study populations of CRC patients and controls and reported an average area 

under the curve (AUC) of 0.91 +/- 0.04, which translates into approximately 75% 

sensitivity and 90% specificity.  Clinical data was provided in this study but it 

was unclear whether the index test was performed without the knowledge of the 

reference test. 
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Table 2.3:  Summary of distinguishing metabolites identified in each reviewed 
study  
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Table 2.3:  Summary of distinguishing metabolites identified in each reviewed 

study. (Con’t) 

 

 
 
 
 
2.6 Discussion 
 
2.6.1 Summary of the Human Metabolomic Studies in CRC 

A comprehensive literature search for studies related to urine, serum, and tissue 

metabolomics and the detection of primary colorectal cancer in adult humans was 
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completed.  Up to June 2010 there were eight studies that met the 

inclusion/exclusion criteria established for this review.  In total, there were two 

urine, two serum and four tissue metabolomic studies reviewed. 

 

The main objective of this review was to summarize the diagnostic accuracies of 

serum, urine, and tissue metabolomics for detecting CRC in the adult population, 

using histopathology as the gold standard.  However, since only two studies had 

sensitivity and specificity reported, this objective was not satisfactorily achieved.   

 

Instead, the existing publications focused on the differentiation of CRC specimens 

from normal tissue based on the differences in metabolites detected.  Therefore, 

we were able to achieve our secondary objective in summarizing the most 

prevalent metabolites found in CRC.  In tissue, the two most distinguishing 

metabolites for CRC are increased levels of taurine and lactate, while secondarily 

important metabolites appear to be increased levels of choline, inositol, glycine, 

phosphocholine, proline, phenylalanine, alanine, threonine, valine, and leucine, 

and decreased glucose.  In serum, the studies so far have shown increased levels 

of pyruvate and lactate, and decreased levels of tryptophan, tyrosine, uridine, and 

hydoxylated, polyunsaturated ultra long-chain fatty acids in patients with CRC.  

In urine, increased levels of 5-hydroxytryptophan, 5-hydroxyindoleacetate, 

tryptophan, glutamate, 5-oxoproline, N-acetyl-aspartate, p-cresol, 2-

hydroxyhippurate, phenylacetate, phenylacetylglutamine, p-

hydroxyphenylacetate, low molecular weight compounds 283 and 294 and 
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decreased levels of succinate, isocitrate, citrate, 3-methyl-histidine, and histidine 

are found in patients with CRC. 

 

While the aforementioned studies focused on metabolomics in urine, tissue, or 

serum, recent publications have shown promising results with fecal water 

extracts19, 20.  One half of the studies included in this review used colonic tissue to 

determine metabolomics.  While tissue metabolomics provides promising results, 

urine metabolomics represents a much less invasive method of testing compared 

to tissue or serum metabolomics and would be a much easier platform to use for a 

CRC screening tool.  Besides, tissue metabolomics does not offer any obvious 

advantages over histological analysis.  So far, only two studies1, 7 utilized urine as 

the platform for study.  Not only was urine metabolomics able to show the 

differences between cancer and healthy subjects, both studies that utilized urine 

metabolomics were also able to demonstrate a change in the metabolic profiling 

after the cancer was surgically removed.   

 

Taken together, the results of the various differential metabolites identified in 

these studies provide a number of speculated alterations in biochemical pathways 

in CRC.    In tissue-based metabolomics, there is an up-regulation of amino acids 

likely reflecting cellular needs for higher turnover of structural proteins.4 The 

higher level of  uridine in CRC is thought to be associated with the higher 

propagation rate of the tumor cells.  Lower levels of malate and fumarate in CRC 

are thought to be related to the higher metabolic rate of the tumors.  Finally, 
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decreased levels of lipids in CRC specimens is perhaps due to increased 

utilization of lipids from increased membrane biosynthesis for cell propagation.2 

Lean et al. stated that the higher levels of choline and phosphocholine seen in 

CRC could be accounted for with increased phospholipid synthesis (necessary for 

membrane turnover) in tumor cells.5  In serum-based metabolomics, the increase 

in pyruvate and lactate levels in CRC patients is reflective of altered glycolysis.  

Alterations in arginine and proline metabolism, fatty acid metabolism and 

oleamide metabolism are thought to account for the other differential 

metabolites.6  In urine-based metabolomics, down-regulation of the tricarboxylic 

acid (TCA) cycle, up-regulation of tryptophan metabolism and altered gut 

microflora metabolism is suggested in patients with CRC.  Abnormal glutamate 

and histamine metabolism may also play a role in CRC.7 

 

There are a few metabolites that are particularly intriguing.  Tryptophan was 

decreased in the serum6 and increased in the urine7 of patients with CRC, whereas 

uridine, lysine, proline, and threonine were decreased in serum6 and increased in 

tissue2, 5 and histidine was decreased in urine7 but increased in tissue5 

metabolomics of patients with CRC.  These findings suggest that serum, urine and 

tissue metabolism are intimately correlated and that factors such as renal or 

hepatic clearance may play a role in the metabolites identifiable by various testing 

processes.  This implies that, in order to secure a complete picture of the 

metabolome and identify the alterations in the biochemical pathways of a specific 
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condition, one needs to perform serum, urine, and tissue metabolomics of the 

same patient and controls simultaneously, using the same techniques.   

 

While there are differences in opinion as to the best analytical technique used to 

study metabolomics, several recent reviews have noted that a combination of 

techniques may be needed to provide a complete metabolome picture.21-23 

Nevertheless, it has been demonstrated that both NMR and MS are able to yield 

PCA/PLS plots that can clearly distinguish CRC from normal controls.  In 2009, 

Chan observed that NMR was superior to MS in distinguishing colon cancer from 

rectal cancer2.   NMR is also faster to do, whereas mass spectroscopy requires 

chromatography (liquid or gas) to separate out the metabolites first, which is an 

additional expensive and time-consuming step. 

 

2.6.2 Strengths and Weaknesses of the Review 

This systematic review is the first to summarize existing published literature on 

the role of metabolomics in detecting CRC in humans.  While there are additional 

publications on breast24-26 and prostate27-29 cancers, there are only few 

publications on CRC.  In fact, the majority of the papers included in this review 

were published within the last 2 years.  In completing this review, we were able to 

highlight those metabolites that are currently found to be increased and/or 

decreased in patients with CRC compared to those patients without CRC. 

Nevertheless, it remains too early to project the true diagnostic or prognostic 

accuracies of metabolomics in CRC.   
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Given the lack of homogenous data, a meta-analysis of the diagnostic accuracies 

and summary diagnostics could not be completed.  Investigation of heterogeneity 

and publication bias was also not assessed owing to insufficient data. The quality 

of studies was very good in describing details of the index tests, and the more 

recent studies provided sufficient clinical data.  However, for the most part, it was 

unclear whether the index tests were interpreted without the knowledge of the 

result from the reference standard.  This is a very important bias to address in 

studies of diagnostic and prognostic tests. 

 

2.6.3 Applicability of Findings to Clinical Practice and Policy 

This review represents the first step in determining whether there is a role for 

using metabolomics in the diagnosis and prognosis of CRC, and eventually as a 

pre-cancerous screening tool to detect adenomatous polyps as the precursor to the 

development of CRC.   Metabolite identification unique to CRC will help 

scientists to be more focused and accurate in testing specimens in the future. Once 

the metabolomic  “fingerprint” of CRC is firmly established, the next step would 

be to test the accuracy of this “fingerprint” and these metabolites in a prospective 

blinded study against the reference standard.9 Other factors that could influence 

metabolomics such as diet, drugs, stress, microbiota etc. all need to be explored as 

well.  Success with metabolomics as a diagnostic and prognostic tool is likely to 

fundamentally change the physicians’ approach to health care. 
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2.7 Conclusions 
 
Clinically, metabolomics has the potential to become a tool for diagnosing CRC 

and as an extension urine or serum metabolomics may represent a new, and less 

invasive method of screening for CRC. The low adherence to current CRC 

screening guidelines30-32 is multi-factorial, but having a less invasive and more 

accessible test for screening will certainly improve compliance and improve 

public health through primary and secondary prevention. While it is encouraging 

to see the growth of metabolomics in colorectal oncology, appropriately powered, 

blinded, prospective and clinically validated serum and urine metabolomic studies 

are needed. 

 

A version of this chapter (2.0) has been published.  
Wang, Tso, Slupsky, Fedorak 2010. Future Oncology. 2010 6(9),1395-1406. 
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3.0 Methodology 

This chapter gives an overview of the methods used for this study including 

recruitment, samples handling, NMR and analysis.  Specific details such as 

number of patients for the study are stated in subsequent chapters. 

 

 
3.1 Recruitment and Urine Sample Collection 

Normal, Adenoma, Hyperplastic Polyp Subjects: Study subjects who had normal 

findings, adenomatous polyps, or hyperplastic polyps on their screening 

colonoscopy were recruited from the SCOPE (Stop COlorectal cancer through 

Prevention and Education) pilot study – a population based study of over 1000 

asymptomatic patients who are at average or high risk for colorectal cancer.  The 

SCOPE pilot study was carried out between April 2008 and October 2009. 

The SCOPE study population consisted of patients on wait lists referred for 

elective colonoscopy for screening purposes to the gastroenterologists 

participating in the SCOPE program.  Once identified, the patients received a 

phone call from the SCOPE pilot nurse navigator.  The nurse reviewed the 

inclusion and exclusion criteria, and outlined the SCOPE Pilot and its objectives.  

After patient questions were answered, the nurse requested verbal consent to 

participate in the SCOPE Pilot study.  Formal written consent was also obtained at 

a later date to ensure participants understood the colonoscopy procedure and the 

risks associated with the procedure, including the risk of perforation, bleeding, 

infection, subsequent surgery, missed diagnosis of adenoma or cancer, and 
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reactions to the medications used.  Participants also had the opportunity to ask 

questions about their participation in the Pilot with a registered nurse at the 

information session and about the colonoscopy with the gastroenterologist prior to 

the procedure.   

Both average risk individuals and those with a family history of colon cancer or 

polyps were included.  Inclusion criteria for average risk were as follows: 

asymptomatic, 50-75 years of age and no personal or family history of colorectal 

cancer or polyps.  Participants at increased risk for colorectal cancer were 

included if they were 40-75 years of age with known personal or significant 

family history of colorectal cancer or polyps.  Potential study participants were 

excluded if they were under 40 or over 75 years of age, unable to understand or 

sign the informed consent, or had a recent history of visible hematochezia or 

inflammatory bowel disease.  Participants with significant co-morbidities were 

also excluded.1 

Subjects participating in the SCOPE pilot study were each given a unique study 

identification number when they attended the information session given by the 

study nurses on colon cancer screening.  The midstream urine sample was 

collected at the end of the education session, in the mid-afternoon; subjects were 

in their normal state, i.e. they did not have any diet modifications.  In addition to 

providing a urine sample, all patients completed a medical questionnaire, had a 

FOBT (fecal occult blood test) and FIT (fecal immune test), prior to their 

colonoscopy as part of the SCOPE study.  The study urine sample container was 
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pre-filled with 6 drops of dried sodium azide (27.3mg/mL) to prevent any 

bacterial growth in the urine while it was waiting to be frozen.  

 

Cancer Patients: All newly diagnosed colorectal cancer patients presenting to 

general surgeons’ offices or the endoscopy suite in Edmonton and Grande Prairie 

between Oct 2008 and June 2010 were screened for this study.  Eligible patients 

were identified by the general surgeon or gastroenterologist as those who have not 

had any treatment for the colorectal cancer.  The potential participant had an 

opportunity to review the informed consent and ask questions.  Those that chose 

to participate signed the consent form and were assigned unique study 

identification numbers.  The study medical questionnaire was filled out either in 

the surgeons’ offices or in the endoscopy suite.  A urine sample was collected 

from each patient before his/her surgery or neoadjuvant treatment in the pre-

operative admission clinic (normal state) or in the endoscopy suite (may be 

fasting) using the study container pre-coated with sodium azide.  Patients were 

excluded if they had already undergone medical (chemotherapy), radiation, or 

definitive surgical treatment for the CRC. 

 

Post-op Patients:  Those CRC patients that had curative treatment (surgery, or 

surgery with adjuvant treatment) were contacted again between 3 months to 1 

year after their treatment.  They were asked to provide another urine sample in 

their normal state.  This sample was analyzed and compared to their pre-treatment 

sample to see if their metabolomic fingerprint for colorectal cancer disappeared 

after treatment. 
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In all cases, subjects were also excluded if they were anuric, oliguric, had end-

stage renal failure, or were on hemo or peritoneal dialysis.  Ethics approval for 

this study was obtained from the Health Research Ethics Board at the University 

of Alberta. 

 

Urine was chosen as the biofluid for this trial on the basis of existing literature2, 3 

suggesting that metabolomic profile of CRC can be identified through urine.  A 

urine sample is less invasive and more patient-friendly to obtain than a blood and 

stool sample, respectively.  These two qualities alone would make urine a more 

compliant test and as stated previously, increasing patient compliance is a very 

important factor in improving screening rates.   

 

3.2 Nuclear Magnetic Resonance (NMR) 

As mentioned in the chapter 2, NMR and mass spectrometry (MS) are the two 

most used methods of quantifying the metabolites in the field of metabolomics.  

NMR was chosen for this project since the equipment is readily accessible, the 

expertise is available, and the process is faster than MS as it does not require the 

chromatography step.  NMR is not only rapid, but requires minimal or no sample 

preparation, is non-destructive, robust, reproducible, quantitative, nonselective 

and cost-effective, however, it is not as sensitive as MS, which can also detect a 

wider range of metabolites.4  The National High Field Nuclear Magnetic 

Resonance Centre (NANUC) is located on the University of Alberta campus and 
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is home to Varian 500Hz, 600Hz, and 800Hz NMR spectrometers and is equipped 

with highly skilled and knowledgeable personnel.  For this project, the 600 Hz 

spectrometer was used since it was the most cost-effective.  In June 2009, 

NANUC acquired a Varian 768 AS sample handling robot, so since that time, the 

urine samples were run with this robot (i.e. automated mode).  

 

Generating the Spectra 

The basis of NMR is that many atomic nuclei have an intrinsic spin (or angular 

momentum).  When placed in a magnetic field, these nuclei absorb energy from 

any applied electromagnetic pulse and radiate this energy back out.  The NMR 

apparatus is a series of coils that produces a static magnetic field and smaller 

induced excitation fields.  The receiver picks up the induced voltage from the 

precessing spins and this generates a signal that decays with time, or a FID (free 

induction decay).  Fourier transformation of the FID generates a more familiar 

spectrum.  The width of the peak is related to the rate of decay of the signal – the 

faster the decay, the broader the peak.5, 6 

 

Shimming 

Signals decay faster when the magnetic field is inhomogeneous, i.e. the field 

varies from place to place across the sample, so atomic nuclei in different 

positions may resonate at different frequencies, such that the individual spins 

spread out in different directions and the total signal is therefore smaller, and the 

peak is broader.  Shimming is used to adjust and eliminate the inhomogeneities in 



 

48 

a magnetic field and thus increase the resolution of the signal and increase the 

signal to noise ratio.  Active shimming uses coils with adjustable current and 

passive shimming uses steel pieces that get magnetized from the permanent or 

superconducting magnet.  The additional magnetic fields from the coil or effects 

of the steel add to the overall magnetic filed of the superconducting magnet in 

such a way that the total field becomes more homogenous. 5  In our experiments, 

active shimming is used.  

 

Chemical shift 

The total magnetic field experienced by a nucleus is affected by its electronic 

environment, i.e. neighbouring atoms, bond lengths, and angles between bonds, 

and this is reflected in the spin energy levels (and resonance frequencies).  The 

variations of NMR frequencies of the same kind of nucleus, due to variations in 

the electron distribution, is called chemical shift.5, 6  Chemical shift is the reason 

why we can identify metabolites based on the resonance frequencies of nuclei. 

 

Water Suppression 

Biological samples are in aqueous solution and therefore the signal from 

hydrogen atoms in water (55M) is on the order of 10,000 times greater than the 

metabolite resonances (<= 1mM).  Suppression of the solvent signal is therefore 

desirable to obtain information regarding the chemical makeup of the sample. The 

transmitter offset (tof) is the exact position of the carrier frequency relative to the 

lock frequency.  The correct tof gives the lowest intensity of the water peak.  The 
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saturation frequency is the position of the water saturation pulse.7  The tof and 

saturation frequency are set to the same value in our experiments.  

 

Pulse Width, Gain, Sweep Width 

Pulse width represents the amount of energy used to excite the nucleus from the 

resting state into the excited state.  This needs to be optimized so that the nucleus 

is maximally excited but not too much so that it ends back in the resting state.8   

 

Gain is the amplification of the signal.  If the gain is set too high, then the most 

intense signal in the spectrum can overload the electronics necessary to observe 

the signal.  Too low a gain setting can mean that weak signals are not sufficiently 

amplified and get lost in the noise. 

 

Sweep width is the range of frequencies observed in a given spectrum.  For 

Varian spectrometers a sweep width of 10,000 Hz would mean that we observe 

signals ±5000 Hz from the carrier position.8 

 
 

3.3 Urine Processing & Preparation 

3.3.1 Urine storage & processing  

The urine samples were labeled with a four-digit study identification number and 

no patient information, thus the group assignment remained blinded for the 

sample processing and analyzing steps.  All urine samples were frozen at -80°C 

within 24 hours of collection and if the samples could not be frozen immediately, 
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they were stored at 4°C within 4 hours of collection.   On the day of processing, 

the samples were thawed and divided into four x 1mL aliquots.  After 50 µL of 

sodium azide (27.3mg/mL) was added to each sample to prevent bacterial growth, 

the samples were frozen again at -80°C until the day prior to NMR acquisition. 

 

3.3.2 Sample Preparation – day before NMR 

The day prior to NMR acquisition, the urine samples were thawed at room 

temperature in the biohood.  For the non-automated (manual) NMR acquisition, 

585µL of each sample was diluted (1:10) with 65µL of internal standard 

consisting of 5 mM sodium 2,2-dimethyl-2-silapentane-5-sulfonate (DSS), 100 

mM imidazole, 0.2% sodium azide in 99% D2O (Chenomx Inc., Edmonton, AB) 

to achieve a total volume of 650µL and stored at 4°C.  For the automated 

(robotic) NMR acquisition, 675µL of each sample was diluted (1:10) with 75µL 

of the same Chenomx internal standard to achieve a total volume of 750µL and 

stored at 4°C. 

 

3.3.3 Sample Preparation – day of NMR 

On the day of NMR acquisition, the pH of each sample was measured.  Various 

concentrations of HCl and NaOH were added to the samples to achieve a pH 

between 6.7 and 6.8 to minimize chemical exchange as the chemical shift will 

change with pH.  For the non-automated samples, an aliquot of 600µL of the 

samples were placed in 5 mm NMR tubes and capped; for the automated samples, 

700µL were used.   
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3.4 NMR Acquisition  

3.4.1 Manual/Non-automated Mode 

One-dimensional nuclear magnetic resonance spectra were acquired using an 

Oxford 600Hz NMR spectrometer with a Varian VNMRS two channel console 

and running VNMRJ software version 2.2C on a RHEL 4 host computer in the 

NANUC.  Before samples were inserted into the spectrometer, the outside of the 

tubes were cleaned with ethanol and Kimwipes® to remove any debris or oils 

from handling.  Samples (600 uL) were set to a depth of 66 mm in the depth 

gauge and then inserted into the spectrometer.  All samples were run at a sweep 

width (sw) of 7225.43 Hz and a gain of 18. The saturation frequency (sfrq), 

transmitter offset (tof) and pulse width (pw) were all individually calibrated at the 

start of each day. The tof typically ranged from (-213 to -215 Hz) and the pw 

ranged from 6 to 8 µs.  Shims were optimized until an acceptable line width value 

was obtained at relative peak heights of: 50% (< 1.0 Hz), 0.55% (< 12.0 Hz), and 

0.11% (< 20.0 Hz) were achieved.  Finally, during post-processing, zero filling 

was used to increase the actual acquired data points to the next largest factor of 2, 

and no weighting functions were applied.   

 

We utilized the first increment of a 2D-1H, 1H-NOESY pulse sequence for the 

acquisition of 1H-NMR data and for suppressing the solvent signal.  Experiments 

contained a 100 ms mixing time along with a 990 ms pre-saturation (~80 Hz 

gammaB1).  Spectra were collected at 25°C through a total of 32 scans over a 
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period of 3.5 min; a total recycle delay of 5 s was also used (i.e. 1 s recovery 

delay/saturation and a 4 s acquisition). 

 

3.4.2 Automated/Robotic Mode 

Automated runs followed exactly the same experimental parameters used in the 

manual mode with the exception of an additional 30 s of equilibration time in the 

NMR to allow the sample to equilibrate to 25°C. All sample handling was done 

with a Varian 768 AS sample handling robot. The first sample of the batch was 

manually shimmed to satisfactory line width values and subsequent samples were 

automatically shimmed.  Any spectra that did not meet acceptable line height 

values were discarded and the sample was re run. 

 

3.5 Post NMR Acquisition 

3.5.1 pH Recheck 

After the spectra were obtained, the samples were removed from NMR tubes with 

glass Pasteur pipettes and transferred into eppendorf tubes.  The pH of each 

sample was then rechecked to ensure that the pH had not shifted a significant 

amount.  This was recorded and could be referenced if a particular sample 

produced an unexpected spectrum.  Samples were stored in the -80°C freezer. 

 

3.5.2 Cleaning the NMR Tubes 

The NMR tubes were first filled with bleach followed by soapy water, alcoholic 

KOH (120 g/L) and concentrated HCl (360 g/L).  Between each wash solution, 
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the tubes were rinsed out five times with double distilled H2O.  After the tubes 

were clean, they were inverted on an NMR rack and allowed to air dry for at least 

48 hours prior to the next use. 

 

3.6 Summary of Sampling Methods 

• Prepare urine containers coated with 6 drops of sodium azide (27.3mg/mL) 

• Collect midstream urine samples from desired study populations 

• Store urine sample in -80°C freezer within 24 hours of collection; if the 

samples cannot be frozen immediately, then store at 4°C within 4 hours of 

collection 

• Sample processing 

o Thaw samples and aliquot four x 1mL samples into eppendorf tubes 

along with 50 µL of sodium azide (27.3mg/mL) and freeze at -80°C 

• Sample preparation 

o Day prior to NMR 

 Thaw samples and take 585µL of each sample and dilute (1:10) 

with 65µL of internal standard consisting of 5 mM sodium 2,2-

dimethyl-2-silapentane-5-sulfonate (DSS), 100 mM imidazole, 

0.2% sodium azide in 99% D2O (Chenomx Inc., Edmonton, 

AB) to achieve a total volume of 650µL (manual NMR 

acquisition mode) OR 675µL of each sample and dilute (1:10) 

with 75µL of the Chenomx internal standard to achieve a total 

volume of 750µL (automated NMR acquisition mode)  
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 Store at 4°C overnight 

o Day of NMR 

 pH each sample and add HCl or NaOH to achieve pH between 

6.7 an d 6.8 

 Aliquot 600µL (manual mode) OR 700µL (automated mode) of 

the urine samples into 5 mm NMR tubes and cap 

• NMR Acquisition 

o Oxford 600Hz NMR spectrometer with a Varian VNMRS two channel 

console and running VNMRJ software version 2.2C on a RHEL 4 host 

computer 

o Calibrate saturation frequency(-213 to -215 Hz), transmitter offset (-

213 to -215 Hz) and pulse width (6 to 8 µs) at the start of each day 

o Sweep width = 7225.43 Hz and a gain =18 

o Clean NMR tubes with Kimwipes® 

o Set depth gauge to 66mm and insert samples into NMR magnet 

o Optimize shims at relative peak heights of: 50% (< 1.0 Hz), 0.55% (< 

12.0 Hz), and 0.11% (< 20.0 Hz) 

• Post NMR Acquisition 

o Recheck sample pH and record 

o Clean NMR tubes with bleach, soapy water, alcoholic KOH (120 g/L) 

and concentrated HCl (360 g/L); between each wash solution, rinse 

tubes five times with double distilled water 
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3.7 Metabolite Analysis 

3.7.1 Metabolite quantification 

Once the spectra were acquired, quantification of metabolites was done using the 

targeted profiling technique as implemented in Chenomx NMRSuite v7.0 

(Chenomx, Inc. Edmonton, Canada), which compares the integral of a known 

reference signal (in this case DSS) with signals derived from a library of 

compounds to determine metabolite concentration relative to the reference signal.  

The quantification process was done by one individual and verified by a second 

individual to optimize accuracy.  The spectral analyses were also spot checked by 

a third individual.  Over 240 metabolites were considered and 72 were found to be 

significant, that is, the spectral peaks of 72 metabolites in the compound library 

were identified in the spectra of the study samples.   

 

3.7.2 Normalization 

Since hydration states of individuals can be different, the measured metabolite 

concentrations were normalized to account for the different dilutions of the urine 

samples.  Traditionally, creatinine-normalization is done9, 10. However by doing 

this, creatinine is eliminated from the list of metabolites that could potentially 

contribute to the separation of normal vs. cancer/adenoma in the multivariate 

analysis.  In fact, when the raw metabolite concentrations were used to generate 

an orthogonal partial least squares (OPLS) or partial least squares-discriminant 

analysis (PLS-DA) model of normal versus cancer, creatinine was within the top 

10 metabolites that most contribute to the separation of normal and cancer.  
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Creatinine-normalization would have falsely eliminated this important metabolite.  

Also, creatinine normalization is only useful if it can be assumed that the kinetics 

of excretion of the metabolites studied is similar to creatinine, which is not the 

case for this study.10, 11 

 

Since dilute urine is a reflection of more water content in the urine, and thus 

proportionately lower concentration of all the metabolites in the urine, and vice 

versa for a concentrated urine, it would make more sense to do total 

normalization; i.e. dividing each metabolite concentration by the total metabolite 

concentration.   However, since there are high concentrations of urea in the 

samples, if total normalization was done, it would resemble urea normalization 

and thus could falsely nullify the contributions of urea to the model.  Therefore, 

the concentrations were normalized to the total measured concentration of all 

metabolites minus the measured concentration of urea, i.e. [metabolite]/([total]-

[urea]).  This method of normalization is superior to creatinine-normalization 

because it essentially normalizes to the concentration of 68 metabolites rather 

than one (creatinine).  This normalization method was also used in Slupsky et 

al..12  Table 3.1 gives an example of the R2Y (model’s fit of data) and Q2 (model’s 

predictability of data in 7-fold cross-validation) values of the normal vs. CRC 

OPLS model built using each type of normalization (more on R2Y and Q2 later).   

It can be seen that normalizing to (total-urea) and log transformation gave the best 

R2Y (0.478) and a relatively high Q2 (0.355).  Normalization was done using 

Microsoft Excel v. 11.3.3.  
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3.7.3 Transformation 

Log transformation was done to account for the non-normal distributive nature of 

the concentrations in the SIMCA-P+ v12.0.1 (Umetrics, Umea, Sweden) program.  

The formula for log transformation is 10Log(C1*X+C2).  For those 

concentrations that have a value of 0, C2 is made to equal 0.5 to overcome the 

issue of log (0) = ∝.  

 

Table 3.1: Model characteristics of normal vs. CRC OPLS model built using each 
type of normalization, with and without log transformation 

 Prior to Log Transformation After Log Transformation 
 R2Y Q2 R2Y Q2 
Raw 
Concentration 0.318 0.261 0.470 0.418 

Creatinine 
Normalization 0.376 0.270 0.410 0.314 

Total 
Normalization 0.414 0.353 0.415 0.355 

Total-urea 
Normalization 0.468 0.342 0.478 0.355 

 

3.7.4 Metabolite Selection 

Finally, those metabolites that are not products of normal human metabolism, i.e. 

xenobiotics, such as ibuprofen and salicylurate, were excluded.   The internal 

standard DSS was also excluded.   Therefore, of the 72 metabolites, 69 were 

included in the data analysis. 

 

3.7.5 Statistical Analysis 

SIMCA-P+ v12.0.1 (Umetrics, Umea, Sweden) was used to perform the 

projection-based methods including principal component analysis (PCA), partial 
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least squares discriminant analysis (PLS-DA), and orthogonal partial least squares 

(OPLS).  These methods convert the multi-dimensional data down to a more 

manageable 2 or 3 main components based on variance.   Projection based models 

are conceptually very different than traditional regression models with 

independent predictor variables.  They are able to handle many, incomplete, and 

correlated predictor variables in a simple and straightforward way.13 

 

Principal Component Analysis (PCA) 

A PCA model is unsupervised and provides a summary, or overview, of all 

observations or samples demonstrating groupings, trends, and outliers.  PCA 

makes it possible to extract and display systematic variation in the data.13  Each 

PCA model is generated based on the direction in the data demonstrating the 

highest variation, i.e. gender, age, diet, lifestyle, genes, unknown factors, etc. 

which might be distinctly different from the direction separating the classes.13, 14 

 

Partial Least Squares (PLS) 

Conventional PLS is used where a quantitative relationship exists between two 

data tables X & Y; it uses X to construct a model of Y, where the objective is to 

predict Y from the X for new samples in the prediction set.  Systematic variation 

may reside in X which is not linearly correlated with Y – such variability in X is 

called Y-orthogonal variation.  Although Y-orthogonal variation in X does not 

affect the predictive power of a PLS model, it may lead to some pitfalls regarding 

interpretation and has potentially major implications in selection of metabolite 
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biomarkers, i.e. positive correlation patterns can be interpreted as negligible or 

negative.  The score-loading plot based on the PLS model is perturbed by the 

presence of Y-orthogonal variation in X.13, 15   

 

Orthogonal Partial Least Squares (OPLS) 

OPLS is an extension to the supervised PLS regression method with an integrated 

Orthogonal signal correction (OSC) filter, which removes the uncorrelated signals 

resulting in information of the within-class variation.  The OPLS method is 

designed to handle variation in X that is orthogonal to Y.  OPLS separates the 

systematic variation in X into two parts, one that is linearly related (and therefore 

predictive) to Y and one that is orthogonal to Y.  The predictive variation of Y in 

X is modeled by the predictive components.  The variation in X which is 

orthogonal to Y is modeled by the orthogonal components.  This partitioning of 

the X-data provides improved model transparency and interpretability, but does 

not change the predictive power.   OPLS is recommended to obtain a clearer and 

more straightforward interpretation.  It can also provide an understanding of the 

interclass variation.13-15  

 

3.7.6 Model Characteristics 

The quality of a model is represented by R2 and Q2.  R2 is the percent of variation 

of the training set – X with PCA and Y with PLS – explained by the model.  It is a 

measure of fit, i.e. how well the model fits the data.  Q2 is the percent of variation 

of the training set – X with PCA and Y with PLS – predicted by the model 
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according to cross validation.  It indicates how well the model predicts new data 

in 7-fold cross validation. The range for these parameters is 0 to 1, where 1 

indicates a perfect fit.  A large R2Y(close to 1) is a necessary condition for a good 

model and a large Q2Y (Q2Y > 0.5) indicates good predictivity.15 

 

3.7.7 Fitting the Models 

All models are auto-fitted using SIMCA-P+ v12.0.1 (Umetrics, Umea, Sweden).  

The number of components is thus determined by the software. As the model 

parameters are optimized, R2 and Q2 initially follow the same upward trend from 

0 to 1.  However as the models start to overfit, the trajectories diverge, R2 toward 

1 and Q2 falling back toward 0.  It is assumed that the model will have achieved 

its optimal predictive powers, and thus generalize well, at the initial point of 

divergence.16  Auto-fitting in SIMCA is programmed to generate the number of 

components that results in the largest R2 and Q2 values. 

 

3.7.8 The Plots 

The statistical model can be graphically represented in a variety of methods, 

namely the scatter plot, loadings plot, variable importance plot (VIP), coefficient 

plot, observed versus predicted plot.  

 

Scatter Plot 

The most visual way to look at the model is a two-dimensional or three-

dimensional scatter plot where the scores of the two groups of subjects are plotted 
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and represented by different colors. This plot reveals groups, trends, outliers, and 

similarities. An example is shown as figure 3.1. 

 

Figure 3.1: An example of a scatter plot – normal (black squares) vs. CRC (red 
diamonds) model 

 

 

A three dimensional plot of the PLS model is only possible when there are three 

components.  If a three-dimensional plot is generated with only two components 

in the model, then the third dimension is by default separating based on the 

sample number (Num).  Hence, one can be falsely led to thinking that there is a 

separation between the two groups.  An example is shown as figure 3.2.  One can 

always manually add another component in order to demonstrate the model in 3D 

but this is at the expense of lower Q2 values. 
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Figure 3.2: An example of a three dimensional scatter plot – normal (black 
pyramids) vs. CRC (red pyramids) model 

 

 

Loading Scatter Plot 

The loading scatter plot displays the correlation or importance of the x-variables 

in driving a particular group to the place that they are on the scatter plot.  For 

example, in the figure 3.3, urea and methanol are variables that play a strong role 

in driving the normal group to the left side of the scatter plot while hypoxanthine 

and dimethylamine are metabolites that drive the cancer group to the right side. 
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Figure 3.3: An example of a loading scatter plot – normal vs. CRC model 

 

Variable Importance Plot (VIP) 

The variable importance plot shows which metabolites are most contributing to 

the separation of the two groups in a weighted fashion.  The VIP score is an 

absolute value representing the importance that each metabolite has on the 

separation between the two classes; i.e. metabolite impact score. 

 

Figure 3.4: An example of a VIP plot – normal vs. CRC model 
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Coefficient Plot 

The coefficient plot also demonstrates the most contributing metabolites in a 

weighted manner but separates the two groups, i.e. those that are on the left side 

of the plot are the metabolites that are higher in concentration in the cancer group 

and those that are on the right side are those that are higher in the normal group. 

 

Figure 3.5: An example of a coefficient plot – normal vs. CRC model 

 

 

Observed vs. Predicted Plot 

The observed vs. predicted plot displays the observed values vs. the fitted or 

predicted values for each subject.  This plot allows us to determine the true 

positives, false positives, true negatives, and false negatives and calculate 

sensitivity and specificity with a range of cutoffs (see next section).  
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Figure 3.6: An example of an observed vs. predicted plot – normal (black squares) 
vs. CRC (red diamonds) model 

 

 

3.7.9 Sensitivity & Specificity Calculations 

To generate sensitivity and specificity data, arbitrary cutoff points for the 

predicted value (YPred) were chosen where the two groups overlapped on the 

Observed vs. Predicted plot.  Those red diamond (cancer) dots that are to the left 

of the cutoff are false negatives (FN), while those to the right are the true positive 

(TP).  Those black square (normal) dots to the left of the cutoff are the true 

negatives (TN) and those that are to the right of the cutoff are the false positives 

(FP) (figure 3.7).  Sensitivity and specificity are calculated using the formulas 

TP/(TP + FN) and TN/(TN+FP), respectively.  With this data, a receiver operating 

characteristics (ROC) curve of sensitivity versus 1-specificity was plotted and 

area under the curve (AUC) was calculated.  Stata/SE 10.1 (Stata Corporation, 

TX, USA) was used to compute this.   
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Figure 3.7: An example of an observed vs. predicted plot demonstrating how 
sensitivity and specificity values are calculated 

 

 

3.8 Clinical Data Acquisition and Analysis 

Relevant clinical information such as age, gender, family history, comorbidities, 

medications etc. was obtained from the study questionnaires and the patients’ 

medical charts and recorded in Microsoft Access database (Access 2007).  

Histopathology and pathology results from colonoscopy and surgery were also 

obtained from patients’ medical charts and used as the gold standard for 

calculating the test diagnostics. 

 

Clinical information was analyzed to examine the effects of clinical variables on 

the metabolomic test results and specifically whether they contribute to discordant 

results.  The data was also stratified using clinical information such as gender, 

family history etc.  In addition, the profiles of the CRC samples were correlated 

FN TP 

TN FP 
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with operative and histological findings to determine whether cancer location or 

stage changed the metabolomic fingerprint. 

 

3.9 Quality Assurance/Quality Control 

There were various steps performed throughout the study to ensure accuracy and 

good quality.  During sample collection, all study individuals were instructed on 

how to collect a midstream urine sample.  All urine containers were inspected to 

ensure there were no cracks and that they were properly coated with Sodium 

Azide.  All urine sample processing and pH adjusting were done by at least 2 

individuals to ensure that samples were appropriately labeled and handled.  Three 

additional aliquots of each sample were stored in case of mishaps or if the first 

sample could not be analyzed properly. The protocol used for this study was 

based on SOPs from Dr. Slupsky’s lab as used in previous urine metabolomics 

and IBD experiments.  A pilot study using the first 53 subjects from the SCOPE 

program was done to test and refine the protocols (results not shown).  

 

In the analysis stages, all NMR fids were either manually run or checked (for the 

automated samples) to ensure the fids were done properly.  The spectral analysis 

done by Chenomx was done by one individual, verified by a second individual 

and  then spot checked by a third individual   The same version of the Chenomx 

software and library of compounds were used throughout the analyses.   
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4.0 A Novel and Highly Sensitive Test For Detecting Colorectal 

Cancer Using Metabolomics From a Spot Urine Sample 
 

4.1 Abstract 

Background: Colorectal cancer (CRC) is the third leading cause of cancer-related 

death in the Western World.  However, if identified early, CRC is curable.  

Current non-invasive fecal-based screening methods for CRC are cumbersome to 

do and have low sensitivity. The science of metabolomics is the systematic study 

of unique small molecule metabolite fingerprints in bio-fluids and/or tissues. The 

metabolome represents the collection of all metabolites in and organism which, in 

the human, are the end products of both somatic and bacterial cellular processes. 

The extension of metabolomic fingerprints to their examination in disease states 

and altered physiologic conditions represents the potential for a highly sensitive, 

non-invasive, novel screening tool for detecting CRC.   

Aim: The aim of this chapter was to use metabolomics from a spot urine sample 

to develop a diagnostic test that would distinguish healthy subjects from patients 

with CRC. We achieved this aim by building and refining a metabolomics model 

that estimated the sensitivity and specificity of CRC relative to the gold standard 

of colonoscopy or the diagnostic modality that was used to establish the diagnosis 

of the cancer.  

Methods: Urine samples were collected from 444 colonoscopy-negative normal 

subjects and 116 CRC patients and analyzed using an Oxford 600Hz nuclear 

magnetic resonance (NMR) spectrometer with a Varian VNMRS two-channel 
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console.  The 1H NMR spectrum of each urine sample was analyzed using 

Chenomx NMRSuite v7.0 (Chenomx, Inc. Edmonton, Canada).  The first 294 

normal and 82 CRC samples were used as a training set to establish the diagnostic 

metabolomic model of normal vs. CRC using multivariate analysis with the aid of 

SIMCA-P+ v12.0.1 (Umetrics, Umea, Sweden) and STATA/SE 10.1 (TX, USA).  

The model was then validated with the remaining 150 normal and 34 CRC urine 

samples (the testing set). 

Results: Using 69 metabolites, the normal and cancer groups could be separated 

with a two-component orthogonal partial least squares (OPLS) model with a R2Y 

of 0.478 (model’s fit of data), and a Q2 of 0.355 (model’s predictability of data in 

7-fold cross-validation).  Diagnostic accuracies were calculated using the 

predicted values from the model and a sensitivity and specificity of 92.7% and 

71.8%, respectively, were achieved.  A receiver operating characteristics (ROC) 

curve was generated and area under the curve (AUC) was calculated to be 0.931 

(95% CI 0.902, 0.961).  Validation of the model with 184 blinded samples 

resulted in sensitivity and specificity values of 85.3% and 52.7%, respectively, 

confirming the robustness of the model.  Stratification by gender and family 

history of cancer resulted in sub models that had even higher diagnostic 

accuracies.   

Conclusions: This is the largest reported study to demonstrate that NMR urine 

metabolomics, as a diagnostic test, has the ability to distinguish normal healthy 

subjects from CRC patients with substantially better accuracy than that of current 
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fecal-based tests.  Urine metabolomics has the potential to become an accurate, 

non-invasive, and inexpensive screening tool for CRC. 

 

4.2 Introduction 

CRC is a major public health concern as it is a leading cause of morbidity and 

mortality.  In 2010, the National Cancer Institute estimates that there were 

102,900 new cases of colon cancer and 39,670 new cases of rectal cancer and 

51,370 combined colon and rectal cancer deaths in the United States.1  The 

Canadian Cancer Society estimates that in 2010 there were 22,500 Canadians 

diagnosed with CRC and 9,100 died of it.2  Current non-invasive screening 

method for CRC is guaiac-based fecal occult blood test (FOBT), Hemoccult II, 

which is a 3-day sample collection test that has a sensitivity for detecting CRC of 

25%-38%3.  Newer fecal immunochemical tests (FIT) specifically bind to human 

hemoglobin, and thus have a higher sensitivity for CRC (61-91%).  However 

many of the studies done for the FITs only provided estimates for sensitivity as 

patients with negative results underwent flexible sigmoidoscopy or registry 

follow-up only.4  Colonoscopy is currently the gold standard for screening but it is 

costly and has defined, non-negligible morbidity and potential mortality 

associated with it. Metabolomics is an emerging field of research that 

quantitatively identifies low molecular weight compounds, such as metabolic 

substrates and products, lipids, small peptides, vitamins, and other protein 

cofactors, generated by metabolism.  Urine metabolomics is being investigated for 

a potential role in screening tests for colorectal cancer and precancerous lesions.    
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This chapter focuses on the metabolomic fingerprint of CRC, which is established 

by comparing the urine metabolite profile of patients with CRC relative to 

controls that have had a normal colonoscopy (unblinded training set).  This 

fingerprint will then be validated with a separate population of normal subjects 

and CRC patients (blinded testing set). 

 

4.3 Objectives 

• To identify the most influential metabolites that contribute to the separation, 

in the spot urine metabolomic fingerprint, between patients with CRC and 

those without CRC. 

• In patients with CRC and those without CRC, using an un-blinded training set 

of the metabolomic fingerprint data defined above, to build and refine a model 

that would estimate the sensitivity and specificity of urine metabolomics in 

identifying CRC relative to the gold standard of colonoscopy or the diagnostic 

modality that was used to establish the diagnosis of the cancer. 

• Using a blinded testing set of the metabolomic fingerprint data, to further 

confirm the statistical models and the sensitivity and specificity of the spot 

urine metabolomic fingerprint as a diagnostic test that would distinguish 

patients with CRC from those without CRC.  
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4.4 Materials and Methods 

4.4.1 Recruitment and Sample Collection 

Urine samples were collected from 444 colonoscopy-negative (normal) subjects, 

i.e. subjects who had completely normal colonoscopy findings, aged 39-76 

through a regional population-based screening program called SCOPE (Stop 

COlorectal cancer through Prevention and Education) in Edmonton, Alberta 

between April 2008 and October 2009.  The screening population consisted of 

average and high-risk individuals (personal or family history of CRC).  All 

screening subjects had a colonoscopy as the gold standard of their diagnosis.  The 

urine samples were collected prior to the colonoscopy.  

 

Urine samples were also collected from 116 CRC patients through the practices of 

general surgeons and gastroenterologists in Edmonton and Grand Prairie, Alberta 

between October 2008 and June 2010.  The urine sample of the CRC patients was 

collected prior to any surgical or neoadjuvant chemoradiation treatment.  All 

cancer patients had a tissue diagnosis of colon or rectal cancer from biopsies 

obtained during colonoscopy or from resected pathological specimens.  All 

removed colonic tissue was sent for histological analysis. Pathologists were 

blinded to the urine metabolomic results.  

 

In all cases, clinical information such as demographics, family history, co-

morbidities, smoking status, etc. was gathered in the form of a questionnaire and 

from patients’ health records.  Subjects were excluded if they were anuric, 
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oliguric, have end-stage renal failure, or on hemo or peritoneal dialysis.  Ethics 

approval for this study was obtained from the Health Research Ethics Board at the 

University of Alberta. 

 

4.4.2 Sample Analysis 

All urine samples were stored at -80°C until they were ready to be analyzed.  The 

day prior to NMR acquisition, each sample was thawed to room temperature and 

was diluted (1:10) with internal standard consisting of 5 mM sodium 2,2-

dimethyl-2-silapentane-5-sulfonate (DSS), 100 mM imidazole, 0.2% sodium 

azide in 99% D2O.  The samples were stored at 4°C overnight.  On the day of 

NMR acquisition, each sampled was adjusted to a pH between 6.7 and 6.8 and 

aliquoted into 5mm NMR tubes. One-dimensional nuclear magnetic resonance 

spectra was acquired using an Oxford 600Hz NMR spectrometer with a Varian 

VNMRS two channel console and running VNMRJ software version 2.2C on a 

RHEL 4 host computer in the Canadian National High Field NMR Centre 

(NANUC), Edmonton, Alberta. All samples were run at a sweep width (sw) of 

7225.43 Hz. The saturation frequency (sfrq), transmitter offset (tof) and pulse 

width (pw) were all individually calibrated at the start of each day. The tof 

typically ranged from (-213 to -215 Hz) and the pw ranged from 6 to 8 µs.  Shims 

were optimized until an acceptable line width value was obtained at relative peak 

heights of: 50% (< 1.0 Hz), 0.55% (< 12.0 Hz), and 0.11% (< 20.0 Hz) were 

achieved.  Water suppression was performed. Spectra were collected at 25°C 

through a total of 32 scans over a period of 3.5 min; a total recycle delay of 5 s 
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was also used (i.e. 1 s recovery delay/saturation and a 4 s acquisition).  The 1H 

NMR spectrum of each urine sample was analyzed and quantitated using the 

targeted profiling technique5 as implemented in Chenomx NMRSuite v7.0 

(Chenomx, Inc. Edmonton, Canada).  The quantification process was done 

independently by two individuals and verified by a third individual to optimize 

accuracy.  294 metabolites were considered and 72 were found to be significant.   

 

The spectral acquisition and quantification process were performed without the 

knowledge of the pathology results. 

 

4.4.3 Data Analysis 

The first 294 normal and 82 CRC samples were used as a training set to establish 

the diagnostic metabolomic model of normal vs. CRC using projection-based 

methods and logistic regression with the aid of SIMCA-P+ v12.0.1 (Umetrics, 

Umea, Sweden) and STATA/SE 10.1 (TX, USA).  The metabolite concentrations 

were normalized (to total metabolite concentration except urea) to account for the 

dilutional differences in the urine samples. Log transformation was done to 

account for the non-normal distributive nature of the concentrations.  Finally, 

those metabolites that are not products of normal human metabolism, i.e. 

xenobiotics, such as ibuprofen and salicylurate, were excluded.  Diagnostic 

accuracies (such as sensitivity, specificity, and AUC for ROC curve) were 

calculated from the statistical model and the model was then validated with 184 

blinded urine samples (150 normal and 34 CRC), the testing set.  The clinical 
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characteristics of the two groups were compared and stratified models were built.  

Chi squared test was used to compare proportional outcomes and student’s t-test 

was used to compare continuous outcomes. 

 

4.5 Results 

4.5.1 Training Set Subject Characteristics 

Table 4.1 lists the demographics and clinical characteristics comparing the normal 

and the CRC groups in the training set.  It is not surprising that the two groups are 

quite different from each other.  There are more females in the normal group 

(60%) compared to the CRC group (43%), p=0.005.  The average age for the 

cancer group (68.6±1.2 years) is approximately 13 years older than that of the 

normal group (55.3±0.5 years).  There are more people in the normal group with 

positive family history of CRC (69% vs. 25%, p<0.001) or any cancer (92% vs. 

79%, p<0.001), but more people in the CRC group who smoke (20% vs. 9%, 

p=0.010), have diabetes (23% vs. 5%, p<0.001) and have symptoms of 

gastrointestinal bleeding (60% vs. 2%, p<0.001) and altered bowel habits (52% 

vs. 4%, p<0.001). 
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Table 4.1: Patient characteristics 
 NORMAL [N=294] 

N (%) 
CRC [N=82] 

N (%) 
p-

VALUE 
Male:Female 117:177 47:35 0.005* 
Average age (years±SEM)  55.3±0.5  68.6±1.2  <0.001* 
FHx of Colon or Rectal 
cancer 

191 (69) 20 (25) <0.001* 

FHx of Any Cancer 230 (92) 60 (79) <0.001* 
Smoking 26 (9) 15 (20) 0.010* 
Diabetes 14 (5) 19 (23) <0.001* 
GI Bleeding 5 (2) 49 (60) <0.001* 
Change in Bowel Habit 13 (4) 43 (52) <0.001* 
Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. * p≤0.05 
 
 
Within the CRC group, patients presented with different stages of cancer (figure 

4.1) at various locations of the colon (figure 4.2), and with different pathological 

features (figure 4.3).  The majority of the patients within this study (60%) 

presented with stage three or four CRC, that is, the lymph nodes were involved or 

there is presence of distal metastasis. Approximately one-third of the cancers were 

right sided and one-thirds were in the rectum.  About 35% of the cancers had 

lymphocytic response, about 25% had lymphatic invasion, and less than 10% had 

vascular invasion or perineural invasion. 
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Figure 4.1: Colorectal cancer by stage 

 

 

Figure 4.2: Colorectal cancer by location 

 
 
 
 
Figure 4.3: Pathological features of colorectal cancer specimens 
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4.5.2 Building the Models 

Unsupervised principal component analysis (PCA) was unable to generate a 

statistically significant model to separate out the two groups.  However, using 

two-component separation, a supervised orthogonal partial least squares (OPLS) 

model was built with R2Y of 0.478, and Q2 of 0.355.  The OPLS scatter plot 

shown below (figure 4.4) illustrates the normal group in black squares and the 

cancer group in red diamonds.  A crude exploratory data analysis shows that 

although there is a degree of overlap, it is clear that the two groups are showing 

up in different areas of the plot.  A partial least squared discriminant analysis 

(PLS-DA) model was also built and an extra component was added to generate a 

3-dimensional scatter plot of the same data (figure 4.5). 

 

Figure 4.4: OPLS scatter plot of normal (black squares) vs. CRC (red diamonds) 
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Figure 4.5: PLS-DA 3-D scatter plot of normal  (black pyramids) vs. CRC (red 
pyramids) 

 
 

To validate that this statistical model is not spurious and not overfit, permutation 

tests were used and a validation plot was generated using SIMCA (figure 4.6).  

Note that the validation plots can only be generated on the PLS-DA models.  

Permutation tests help assess over-fitting by randomly permuting class labels and 

refitting a new model with the same number of components as the original model.  

An over-fit model will have similar R2 and Q2 to that of the randomly permuted 

data.  Well-fit models will have R2 and Q2 values that are always higher than that 

of the permuted data.5  In this case, twenty models were generated based on the 

data where the order of the Y-observations has been randomly permuted while the 

X-matrix has been kept intact and the R2 and Q2 values for these models are 

shown on the left side of the validation plot.  The R2 and Q2 values of the original 

normal vs. CRC model are shown far to the right.  This validation plot shows that 

all the R2 and Q2 values for the randomly generated models are lower than the 
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original points to the right, that is, the goodness of fit of this model is better than 

‘random’ and the model is not over-fit. 

 

Figure 4.6: Validation plot 

 
 
 

4.5.3 Diagnostic Accuracies 

An Observed vs. Predicted plot (figure 4.7) was generated and a range of 

sensitivity and specificity values were calculated based on different cut-offs.  The 

three representative pairs of diagnostic accuracies listed in table 4.2 were picked 

according to the following criteria: the highest sensitivity that results in a 

specificity of at least 50%, sensitivity and specificity that are similar in value and 

a pair in between the previous two.  Receiver operating characteristics (ROC) 

curve is generated (figure 4.8) from the range of sensitivity and specificity values 

and AUC is calculated to be 0.9314 (95% CI 0.9017, 0.9611). 
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Figure 4.7: Observed vs. predicted plot of normal (black squares) vs. CRC (red 
diamonds) model 

 
 

Table 4.2: Representative diagnostics and model characteristics for normal vs. 
CRC OPLS model 

Cut off level Sensitivity Specificity R2Y Q2 AUC 
0.101527 98.780% 50.340% 
0.212925 92.680% 71.770% 
0.279316 85.370% 85.370% 

0.478 0.355 0.9314 

 
 
 
Figure 4.8: Receiver operating characteristics (ROC) curve for normal vs. CRC 

OPLS model 
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4.5.4 Metabolites 

A Variable Importance Plot was generated to illustrate which metabolites 

contribute the most to the separation between normal and cancer.  

 

Figure 4.9: Variable importance plot of normal vs. CRC OPLS model  

 

 
The top 10 metabolites that contribute to the separation of normal and CRC (in 

order of importance) are: hypoxanthine, dimethylamine, creatinine, urea, 3-

indoxylsulfate, adipate, methanol, guanidoacetate, 3-hydroxybutyrate, and 

acetone.  Specifically, the top 5 metabolites that are higher in concentration in the 

cancer samples are adipate, 3-indoxylsulfate, hypoxanthine, dimethylamine, and 

creatinine; and those that are higher in normal samples are urea, methanol, β-

alanine, π-methylhistidine, and serine.  This is shown by the coefficient plot 

below. 
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Figure 4.10: Coefficient plot for normal vs. CRC OPLS model 

 
 
 
4.5.5 Model Analysis 

As there is overlap between the normal group and the CRC group in the OPLS 

model generated, it was unclear what characteristics contributed to the overlap, 

that is, what clinical characteristics do some of the patients with cancer have that 

makes them behave like normal and vice versa.  For this, the overlapping and 

non-overlapping groups in the model were studied separately.  Four groups were 

generated: 1) Overlapping normal, 2) Non-overlapping normal, 3) Overlapping 

CRC, and 4) Non-overlapping CRC groups.  Since we are working with the OPLS 

model, only one direction of separation had to be taken into consideration (left-

right).  To generate the subgroups, we took all the normal (black square) data 

points to the left of the left-most CRC (red diamond) data point and made this the 

Non-overlapping normal group; and the remainder normal data points the 

Overlapping normal group.  The same process was done for the CRC data points.  

(Figure 4.11) 
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Figure 4.11: OPLS scatter plot of normal (black squares) vs. CRC (red diamonds) 
model with overlapping and non-overlapping groups defined 

 

 

We looked at each combination of the different subgroups and examined the 

metabolites that contribute to the separation separately in an attempt to narrow 

down the list of metabolites that would give us a more powerful model.  Next we 

looked at clinical characteristics that may be different between the subgroups to 

determine the best traits to stratify the groups to generate more predictive models. 

 

4.5.5.1 Subdividing The Normal Group 

4.5.5.1.1 Metabolites 

• CRC vs. Non-overlapping normals 

When the CRC group was plotted against the Non-overlapping normals group, 

that is, the group of normals that was the most different from the CRC group, the 

top metabolites that drove the separation were:  dimethylamine, creatinine, 

hypoxanthine, 3-indoxylsulfate, and methanol (table 4.3). 

• CRC vs. Overlapping normals 
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When the adenoma group was plotted against the Overlapping normal group, that 

is, the group of normals that somehow resembled the CRC group 

metabolomically, the top metabolites that drove the separation were: urea, 

hypoxanthine, adipate, dimethylamine, and 3-indoxylsulfate (table 4.3). 

 
 

• Overlapping normals Vs. Non-overlapping normals 

The Overlapping and the Non-overlapping groups of normal were plotted together 

on a scatter plot, without the CRC group, to see what the metabolomic difference 

was between these two groups of normals.  The top 5 metabolites that contributed 

to the separation between these two groups of Normal were: methanol, creatinine, 

creatine, guanidoacetate and hypoxanthine (table 4.3). 

 

Table 4.3: Summary of metabolites from sub-models of normal subjects 

CRC vs. Non-
overlapping Normal 

CRC vs. Overlapping 
Normal 

Overlapping vs. Non-
overlapping Normal 

Dimethylamine Urea Methanol* 
Creatinine Hypoxanthine Creatinine* 
Hypoxanthine Adipate Creatine* 
3-Indoxylsulfate Dimethylamine Guanidoacetate* 
Methanol 3-Indoxylsulfate Hypoxanthine* 
Guanidoacetate Methanol 3-Indoxylsulfate* 
Urea** Creatinine π-methylhistidine* 
Creatine Acetone Dimethylamine* 
Cis-Aconitate 3-hydroxybutyrate Threonine 
π-methylhistidine Guanidoacetate Cis-Aconitate* 
β-alanine** β-alanine Glycine 
Adipate** Trigonelline Methylguanidine 
Pyruvate** Isoleucine Carnitine 
Citrate** Valine Formate 
Serine** Lactate 2-Hydroxyisobutyrate 
* Metabolites in Overlapping vs. Non-overlapping Normal model that are also part of CRC vs. 
Non-overlapping Normal model.  ** Metabolites in CRC vs. Non-overlapping Normal model that 
are not in Overlapping vs. Non-overlapping Normal model. 
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It was hypothesized that if we eliminated those metabolites that separate 

Overlapping & Non-overlapping normal from the main model developed from the 

Normal vs. CRC training set, perhaps we could minimize the difference between 

the two normal groups and achieve greater separation between normal and CRC.  

However, this was not the case as the R2 and Q2 values are much lower than that 

for the main model (table 4.4). 

 
Table 4.4: Summary of sub-model characteristics  

Model R2Y  Q2  
Main Model (Normal vs. CRC Training) 0.478 0.355 
Main model excluding the 9 metabolites in 
Overlapping vs. Non-overlapping Normal model 
that are also part of CRC vs. Non-overlapping 
Normal model (denoted by *) 

 
0.373 

 
0.226 

Main model using only 6 metabolites in CRC vs. 
Non-overlapping Normal model that are not in 
Overlapping vs. Non-overlapping Normal model 
(denoted by **) 

 
0.206 

 
0.172 

 

 
4.5.5.1.2 Clinical Parameters 

Using logistic regression, clinical characteristics such as age, gender, family 

history, etc of the normal group were tested for their odds of predicting the 

dichotomous outcome of overlap with the CRC group or not.  The odds ratios and 

p-values are summarized in the table below (table 4.5).  This is an exploratory 

analysis to identify potential factors for stratification. 
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Table 4.5: Clinical characteristics of the normal group and the odds of 
overlapping with CRC group  

Variable Odds Ratio p-value 
Gender 2.491 <0.001* 
Age 1.020 0.175 
Smoking 1.574 0.293 
Diabetes 1.045 0.937 

CRC 1.266 0.369 
1st degree 
CRC/polyp 

1.130 0.616 
 
Family 
History 

Any cancer 1.482 0.389 
GI bleed 0.189 0.138 Symptoms 
Change bowel habits 2.667 0.143 

* p≤0.05 
 
 

Demographics 

In the normal group, the odds of resembling or overlapping with the CRC group 

for males was 2.49 (95% CI 1.52, 4.07) times that of females (p<0.01).  That is, 

females were more different than the cancers compared to the males. 

 

Within the normal group, age did not change the odds of overlapping with CRC, 

OR 1.02 (95% CI 0.99, 1.05).  For every 10 years increase in age, the odds of 

overlapping with CRC increased about 22% (OR=1.22), however, the 95% CI for 

the OR is 0.915, 1.627, which included 1, therefore this was not statistically 

significant.  One of the limitations of using logistic regression on continuous 

variables is that the model may have a threshold effect, a saturation effect, or a 

binary effect that cannot be shown, i.e. logistic regression models assume that the 

change from age 20 to 21 is the same as that from 60 to 61, which is not the case 

in terms of risks for colorectal cancer.  Therefore, we tested the age by categories 
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of 5 years (figure 4.12) and found that none of the categories significantly 

predicted overlap with CRC.  Although the odds of overlapping with CRC in 

those that were over the age of 70 was four times that of those that were younger 

than 45, but this was not statistically significant (p = 0.096) and there might not 

be enough numbers to see this effect.   This was reflected by the wide 95% 

confidence interval (0.779, 21.019). 

 

Figure 4.12: Age of normal subjects divided by category 

 

 

Smoking History 
 
Within the normal group, being a smoker or an ex-smoker did not increase the 

odds of overlapping with the CRC group.  Since metabolism is a reflection of 

current status, ex-smokers could be classified as non-smokers and there still was 

no statistically significant difference (OR = 1.57; 95% CI = 0.68, 3.66; p = 0.293), 
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but since there were only 26 smokers, there might not be enough numbers to show 

a difference. 

 

Diabetes 

Having diabetes did not increase the odds of overlapping with the CRC group 

(OR = 1.04; 95% CI = 0.35, 3.09; p = 0.937), although there were only 14 out of 

294 subjects who had diabetes, and again this might be too few to show a 

difference. 

 
 
Family history 
 
Within the normal group, having a family history of CRC did not increase the 

odds of overlapping with the CRC group (OR = 1.26; 95% CI = 0.76, 2.11; p = 

0.369).  Even when we divided the groups into those with a first-degree relative 

with CRC and those that don’t, this highest risk group did not have increased odds 

of overlapping with the CRC group (OR = 1.13; 95% CI = 0.70, 1.82; p = 0.616).  

Having a family history of any cancer(s) did not increase the odds of overlapping 

with the cancer group either (OR = 1.48; 95% CI = 0.61, 3.63; p = 0.389).  

 

Gastrointestinal Symptoms 

Within the normal group, having symptoms of gastrointestinal bleeding (OR = 

0.19; 95% CI = 0.02, 1.71; p=0.138) or changes in bowel habits (OR = 2.67; 95% 

CI = 0.72, 9.90; p=0.143) did not increase the odds of overlapping with the CRC 

group, although the number of subjects with GI symptoms in this screening 

population was small. 
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Overall 

After adjusting for age, smoking status, diabetes, family history of CRC, family 

history of any cancer, GI bleeding, and bowel habits, gender was still statistical 

significant in predicting overlap with the CRC group. 

 

4.5.5.2 Subdividing The CRC Group 

4.5.5.2.1 Metabolites 
 
• Normal vs. Non-overlapping CRC 

When the Normal group was plotted against the Non-overlapping CRC group, 

that is, the group of CRCs that was the most different from the normal group, the 

top metabolites that drove the separation were: hypoxanthine, urea, adipate, 

acetone, and 3-hydroxybutyrate (table 4.6). 

 

• Normal vs. Overlapping CRC 
 
When the Normal group was plotted against the Overlapping CRC group, that is, 

the group of CRCs that somehow resembled the normal group metabolomically, 

the top metabolites that drove the separation were 3-Indoxylsulfate, creatinine, 

dimethylamine, methanol, and 4-hydroxyphenylacetate (table 4.6). 

 
 

• Overlapping Cancers Vs. Non-overlapping CRC 

The Overlapping and the Non-overlapping groups of CRC were plotted together 

on a scatter plot, without the normal group, to see what the metabolomic 
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difference was between these two groups of CRC.  The top 5 metabolites that 

contributed to the separation between these two groups of CRC were urea, 

hypoxanthine, trigonelline, n, n-dimethylglycine, and guanidoacetate (table 4.6). 

 

Table 4.6: Summary of metabolites from sub-models of CRC patients 

Normal vs. Non-
overlapping CRC 

Normal vs. 
Overlapping CRC 

Overlapping vs. Non-
overlapping CRC 

Hypoxanthine 3-Indoxylsulfate Urea* 
Urea Creatinine Hypoxanthine* 
Adipate Dimethylamine Trigonelline* 
Acetone Butyrate N,N-Dimethylglycine 
3-Hydroxybutyrate** β-Alanine Guanidoacetate* 
Dimethylamine Methanol Adipate* 
Methanol π-Methylhistidine Tyrosine 
Isoleucine Asparagine Lactate* 
Lactate Hypoxanthine Betaine 
Creatinine** Creatine Dimethylamine* 
O-Acetylcarnitine** Guanidoacetate Acetone* 
Guanidoacetate 4-Hydroxyphenylacetate Methanol* 
Trigonelline Carnitine Acetate 
Citrate Tyrosine Isoleucine* 
3-Aminoisobutyrate** Trimethylamine Citrate* 
* Metabolites in Overlapping vs. Non-overlapping CRC model that are also in Normal vs. Non-
overlapping CRC model.  ** Metabolites in Normal vs. Non-overlapping CRC model that are not 
in Overlapping vs. Non-overlapping CRC model. 
 

Again we hypothesized that if we eliminated those metabolites that separate 

Overlapping & Non-overlapping CRC from the main normal vs. CRC model 

developed from the training set, perhaps we could minimize the difference 

between the two CRC groups and achieve greater separation between normal and 

CRC.  However, again this was not the case as the model characteristics for the 

new models are much lower than that for the original model, shown in table 4.7. 

 



 

93 

Table 4.7: Summary of sub-model characteristics  

Model R2Y  Q2 
Main model (Normal vs. CRC Training) 0.478 0.355 
Main model excluding 11 metabolites in 
Overlapping vs. Non-overlapping CRC model that 
are also in Normal vs. Non-overlapping CRC model 
(denoted by*) 

 
0.313 

 
0.208 

Main model using only 4 metabolites in Normal vs. 
Non-overlapping CRC model that are not in 
Overlapping vs. Non-overlapping CRC model 
(denoted by**) 

 
0.137 

 
0.129 

 
 
 
4.5.5.2.2 Clinical Parameters 

Logistic regression analysis was used to test the significance of various clinical 

and pathological variables of CRC patients on the dichotomous outcome of 

overlapping or non-overlapping with normals.  The odds ratios and p-values are 

summarized in table 4.8.  This is an exploratory analysis to identify potential 

factors for stratification. 
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Table 4.8: Clinical characteristics of the CRC group and the odds of overlapping 
with normal group 

Variable Odds Ratio p-value 

Gender 2.533   0.044* 
Age 1.000 0.993 
Smoking 0.583 0.353 
Diabetes 0.731 0.552 

CRC 1.327 0.599 Family 
history Any cancer 0.285   0.043* 
Fasting 0.345   0.032* 

GI bleed 1.316 0.548 Symptoms 
Change bowel 
habits 

1.446 0.412 

Rectal vs. colon 0.545 0.222 Location of 
cancer  Left vs. right  1.503 0.390 

Lymphatic 0.530 0.206 
Vascular 0.685 0.598 
Perineural 1.088 0.902 
Lymphocytic 0.873 0.795 

 
 
Pathology of 
Cancer 

Grade ns ns 
Stage 2 vs. 1 0.500 0.396 
Stage 3 vs. 1 0.266 0.071 

Cancer stage  

Stage 4 vs. 1 0.194   0.046* 
CEA (>5 µg/L vs. <=5 µg/L) 0.441 0.149 
* p≤0.05 
 
 
 
Demographics 

In the CRC group, the odds of resembling or overlapping with the normal group 

for males was 2.53 (95% CI 1.02, 6.26) times that of females (p=0.04).  That is, 

again, females were more different than the normals compared to the males.  Age 

did not change the odds of overlapping with normals, OR 1.00 (95% CI 0.96, 

1.04).  Even when age was subdivided into 5-year categories (figure 4.13), there 

was no one category that statistically significantly predicts overlapping with 

normals. 
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Figure 4.13: Age of CRC patients divided by category 

 

 
 
 
 
Smoking 

Within the CRC group, being a smoker or an ex-smoker did not increase the odds 

of overlapping with the normal group.  When ex-smokers were classified together 

with non-smokers, there was still no statistically significant difference (OR=0.58; 

95% CI=0.19, 1.82; p=0.353), but again, since there were only 15 smokers, there 

might not be enough power to show this difference. 

 

Diabetes 

CRC patients who have diabetes did not have increased odds of overlapping with 

the normal group (OR=0.73; 95% CI=0.26, 2.05; p=0.552), although there were 

only 19 out of 82 subjects who had diabetes. 
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Family history 

Within the CRC group, there were 20 patients who have a positive family history 

of CRC and this did not increase the odds of overlapping with the normal group.  

However, having a family history of any cancer(s) had 0.21 (p=0.02) the odds of 

overlapping with the normal group compared to those that did not have a family 

history.  That is, the metabolomic fingerprint of those CRC patients that have a 

family history of any neoplastic process had statistically significant increased 

odds of being different than that of the normal group. 

 

Fasting 
 
Since some of the CRC patients were recruited soon after their colonoscopy, they 

were still in the fasting state.  Within the CRC group, the odds of overlapping 

with the normal group in those that were fasting was 0.28 times (95% CI=0.11, 

0.76; p=0.012) that of those that are not fasting.  That is, the metabolomic 

fingerprint of those that were fasting were more different than the fingerprint of 

the normals (not fasting).  

 

Gastrointestinal Symptoms 

Within the CRC group, having symptoms of gastrointestinal bleeding (OR=1.23, 

95% CI=0.50, 3.03; p=0.656) or changes in bowel habits (OR=1.45; 95% 

CI=0.60, 3.50; p=0.412) did not increase the odds of overlapping with the normal 

group.  
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Location of CRC 

When colon and rectal cancer were separated and compared in their odds of 

overlapping with normal, the rectal cancers were more likely to be different than 

the normals, but this difference was not statistically significant (OR=0.55; 95% 

CI=0.21, 1.44; p=0.222).  There was also no significant difference when left-sided 

(including transverse, descending colon, sigmoid, and rectal) cancers were 

compared to right-sided ones (OR=1.50; 95% CI=0.59, 3.81; p=0.390). 

  

Cancer Pathology 

Pathological characteristics of the CRC specimens such as lymphatic invasion, 

vascular invasion, perineural invasion, and lymphocytic response, grade, and 

stage, were examined to see if there was any that contributed to overlapping with 

normal.  None of these characteristics significantly predicted overlap with the 

normal group.  The TMN stage of the colorectal cancer was also analyzed and it 

was found that the higher the stage (i.e. more advanced the cancer), the more 

likely it was to be different than the normal group.  Compared to stage 1 CRC, 

stage 4 or metastatic CRC was one-fifth times as likely to overlap with the normal 

group (OR=0.194, 95% CI =0.101, 2.477; p=0.046), that is, metastatic CRC was 

more than five times as likely to be different than the normals compared to stage 1 

CRC. 
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CEA 

Of the 82 CRC patients, 63 had CEA measured prior to their surgery.  The highest 

CEA value was 4669.7 µg/L.  As the distribution of CEA was quite skewed, the 

values were categorized into those within the normal range (less or equal to 5 

µg/L) and those that are abnormal (above 5 µg/L).  There were 45 people in the 

normal CEA category and 37 in the abnormal CEA category.  This reiterates that 

CEA was not an accurate biomarker for CRC and should not be used for 

screening purposes.   When the two categories of CEA were tested for their 

significance on the dichotomous outcome of overlapping or non-overlapping with 

normals, the abnormal CEA group had more than twice the odds of being 

different than the normals, but this was not statistically significant (OR=0.44; 

95% CI=0.15, 1.34; p=0.149). 

 

Summary 

In summary, gender, family history of any cancer, and fasting were statistically 

significant differences between the overlapping and non-overlapping CRC 

subgroups.  When these factors were tested with an overall logistic regression test, 

they were still all statistically different.  In fact, the effect size is even bigger 

when all the variables were in the model, so ideally we should do 4-way or 6-way 

stratification.  However this would reduce the number of samples even more, thus 

making it hard to use projection-based methods to analyze the data.  
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4.5.5.3 Stratification 

The above method of model analysis allowed us to narrow down the specific 

clinical characteristics by which to stratify the models – these were gender and 

family history of any cancer.  We also chose to stratify by family history of CRC 

as this is a known risk factor for CRC6.  We could not stratify based on fasting as 

nobody in the normal group was fasting, but we did eliminate those in the CRC 

group that were fasting to see if this would change the model significantly. 

 

4.5.5.3.1 Gender 
 
Separate male and female OPLS models were built for normal vs. CRC and their 

model characteristics are shown in table 4.9.  It was clear that the female model 

had a numerically better R2Y, a comparable Q2 value, and a numerically better 

AUC compared to the main normal vs. CRC model developed from the training 

set.   Thus the urine metabolomics test for CRC should work better for females, 

although it was unclear whether the differences were statistically or clinically 

significant.  The scatter plots for the male and female models are shown as figure 

4.14 and 4.15, respectively. 

 

Table 4.9: Characteristics of gender-stratified models compared to the main 
normal vs. CRC model 

Model R2Y Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
CRC Training 
Set Model 

0.478 0.355 93% 72% 0.9314 0.9017, 0.9611 

Male Model 0.437 0.269 94% 71% 0.9394 0.9017, 0.9772 
Female Model 0.564 0.346 94% 73% 0.9588 0.9243, 0.9934 
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Figure 4.14: OPLS scatter plot of the male model of normal (blue diamonds) vs. 

CRC (pink squares) 

 
 
 

 
Figure 4.15: OPLS scatter plot of the female model of normal (green diamonds) 

vs. CRC (orange triangles) 
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4.5.5.3.2 Family History of Any Cancer 

The normal and CRC patients were also stratified by family history of any cancer 

and one OPLS model was built for those with a positive family history of any 

cancer and one for those without a family history of any cancer.  The model 

characteristics are listed in table 4.10.  The positive family history model had 

numerically better   R2Y, Q2, and AUC values compared to the main normal vs. 

CRC model developed from the training set and the no/unknown family history of 

cancer model had a numerically higher R2Yand AUC but a much lower Q2 

compared to the main normal vs. CRC model.  This is overall suggestive that 

stratifying by family history of cancer can increase the accuracy of this screening 

urine metabolomic test, although again, the statistical and clinical significance of 

the differences in the model characteristics are unclear.   The scatter plots for the 

stratified models are shown as figure 4.16 and 4.17, respectively. 

 

Table 4.10: Characteristics of models stratified by family history of any cancer 
compared to the main normal vs. CRC model 

Model R2Y  Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
CRC Training 
Set Model 

0.478 0.355 93% 72% 0.9314 0.9017, 0.9611 

No/Unknown 
family history of 
any cancer 

0.638 0.146 96% 86% 0.9776 0.9532, 1.000 

Family history of 
any cancer 0.533 0.416 93% 81% 0.9525 0.9246, 0.9805 
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Figure 4.16: Normal (orange triangles) vs. CRC (pink squares) OPLS scatter plot 
of the no/unknown family history of any cancer groups  

 

 
 
 
 
Figure 4.17: Normal (green stars) vs. CRC (blue diamonds) OPLS scatter plot of 

the positive family history of any cancer groups 
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4.5.5.3.3 Family History of Colorectal Cancer 

The normal and CRC patients were also stratified by family history of CRC and 

one OPLS model was built for those with a positive family history of CRC and 

one for those without a family history of CRC.  The model characteristics are 

listed in table 4.11.  The no/unknown family history model had better R2Y, 

comparable Q2, and higher AUC values compared to the main normal vs. CRC 

model developed from the training set and the positive family history of CRC 

model had a comparable R2Yand higher AUC but a lower Q2 compared to the 

main normal vs. CRC model.  Thus, stratifying by family history of CRC could 

increase the accuracy of this screening test, albeit by a small amount.  Again, it 

was unclear whether the numerical differences in model characteristics had any 

statistical or clinical significance.  The scatter plots for the stratified models are 

shown as figure 4.18 and 4.19, respectively. 

 

Table 4.11: Characteristics of models stratified by family history of CRC 
compared to the main normal vs. CRC model 

 
Model R2Y  Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. CRC 
Training Set Model 0.478 0.355 93% 72% 0.9314 0.9017, 0.9611 

No/Unknown family 
history CRC 0.587 0.350 95% 79% 0.9616 0.9377, 0.9856 

Family history of CRC 0.479 0.267 95% 94% 0.9804 0.9641, 0.9967 
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Figure 4.18: Normal (black squares) vs. CRC (red diamonds) OPLS scatter plot of 
the no/unknown family history of CRC groups  

 

 
 
 
 
Figure 4.19: Normal (green stars) vs. CRC (blue diamonds) OPLS scatter plot of 

the positive family history of CRC groups  
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4.5.5.3.4 Fasting 

Since fasting at the time of urine collection, compared to non-fasting, in CRC 

patients increased the metabolomic profile difference relative to the profiles of the 

normals (not fasting), some of the separation of normal and CRC may be 

overestimated.  We excluded the 28 CRC patients that were fasting and the OPLS 

model was rebuilt with the normal group vs. the 54 non-fasting CRC patients, the 

model characteristics are summarized in table 4.12.  The sensitivity and 

specificity values of the non-fasting model were not that different from the main 

normal vs. CRC model but as expected, the separation of the two groups was not 

as good as in the main normal vs. CRC model, i.e. the R2Y and Q2 values are 

numerically lower.  It is unclear whether this is statistically or clinically 

significant.  The differences in the model characteristics may be due to the fact 

that some of the previously seen separation between the two groups was actually 

from fasting rather than from the disease state of CRC, but this effect may also be 

due to a smaller number of CRC patients in this new model.  To resolve this, a 

bigger model of non-fasting CRC patients needs to be built and analyzed. 

 

Table 4.12: Main normal vs. CRC model compared to the normal vs. non-fasting 
CRC model 

Model R2Y  Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
CRC Training 
Set Model 

0.478 0.355 93% 72% 0.9314 0.9017, 0.9611 

Normal vs. Non-
Fasting CRC 0.436 0.295 93% 76% 0.9365 0.9016, 0.9714 
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4.5.6 Validation with Testing Set 

The robustness of the metabolomics model is reflected by how well it predicts 

unknowns.  Following our development of the metabolomics model with the un-

blinded training set (see above sections 4.5.2) we next used the blinded testing set 

of 184 urine samples (34 cancer, 150 normal) to validate the ability of the 

metabolomics model to distinguish normal from CRC patients. 

 

To demonstrate that the testing set samples were matched and representative of 

the training set, the clinical characteristics of the training set normal subjects were 

compared to those of the testing set normal subjects (table 4.13).  Other than 

family history of any cancer (92% vs. 77%, p<0.001) and changes in bowel habit 

(4% vs. 0%, p=0.009), there were no statistically significant differences between 

the training and the testing set.  The CRC patients of the training set were also 

compared to the CRC patients of the testing set (table 4.14).  Again, other than 

family history of any cancer (79% vs. 53%, p=0.015), the two groups were fairly 

similar to each other. 
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Table 4.13: Clinical characteristics of normal subjects in training vs. testing set 

 Training Set 
[n=294] 
N (%) 

Testing Set 
[n=150] 
N (%) 

p-value 

Male:Female 117:177 71:79 0.128 
Average age (years ± SEM) 55.3±0.5  56.4±0.7  0.148 
Smoking 26 (9) 15 (10) 0.802 
Diabetes 14 (5) 10 (7) 0.401 

CRC 191 (69) 91 (65) 0.386 Family 
History Any cancer 230 (92) 115 (77)   

<0.001* 
GI bleed 5 (2) 2 (1) 0.772 

Symptoms Change bowel 
habits 13 (4) 0 (0)   0.009* 

Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. * p≤0.05 
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Table 4.14: Clinical characteristics of CRC patients in training vs. testing set  

 Training Set 
(n=82) 
N (%) 

Testing Set 
(n=34) 
N (%) 

p-value 

Male:Female 47:35 23:11 0.300 
Average age (years ± SEM) 68.6±1.2  67.9±2.0  0.756 
Smoking 15 (20) 4 (12) 0.322 
Diabetes 19 (23) 8 (24) 0.967 

CRC 20 (25) 7 (21) 0.668 Family 
history Any cancer 60 (79) 18 (53)  0.015* 

GI bleed 49 (60) 22 (65) 0.619 
Symptoms Change bowel 

habits 43 (52) 19 (56) 0.735 

Rectal vs. colon 23 (28) 7 (21) 0.404 Location 
of cancer  Left vs. right  55 (67) 21 (62) 0.584 

Lymphatic 26 (35) 6 (21) 0.183 
Vascular 9 (12) 4 (14) 0.774 
Perineural 11 (15) 2 (7) 0.268 
Lymphocytic 36 (56) 11 (48) 0.487 

Well 62 (84) 24 (80) 0.644 
Moderate 3 (4) 3 (10) 0.239 

Pathology 
of Cancer 

Grade 
High 9 (12) 3 (10) 0.755 

Stage 1 15 (18) 6 (18) 0.989 
Stage 2 18 (22) 11 (33) 0.204 
Stage 3 33 (40) 8 (24) 0.105 

Cancer 
stage  

Stage 4 16 (20) 8 (24) 0.572 
CEA (>5 vs. <=5) 18 (29) 10 (40) 0.299 
Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. * p≤0.05 
 

Diagnostic accuracies were calculated using the same cutoff (0.212925) from the 

original model that resulted in a sensitivity of 92.7% and specificity of 71.8%.  

The sensitivity and specificity from the validation samples were 85.3% and 

52.7%, respectively. 

 

When only the testing CRC samples were introduced as the prediction set to the 

metabolomic normal vs. CRC model developed from the training samples (figure 
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4.20), these testing CRC samples showed up on cancer side of the model (figure 

4.21).  However, when the 150 testing set normal samples were introduced 

blindly to the original normal vs. CRC model developed from the training set, the 

samples scatter on both sides of the plot (figures 4.22), which was as expected 

with the calculated validation specificity of 52.7%. 

 

Figure 4.20: Original normal (black squares) vs. CRC (red diamonds) OPLS 
scatter plot 
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Figure 4.21: Testing set CRC samples (blue squares) superimposed on normal 
(black triangles) vs. CRC (red diamonds) OPLS scatter plot 

 
 
 
 
 

Figure 4.22: Testing set normal samples (blue squares) superimposed on the 
normal (black triangles) vs. CRC (red diamonds) OPLS scatter plot  

 
 

 

4.5.7 Commercialization 

To commercialize urine metabolomics as a screening test for CRC, accuracy of 

the test is very important, but for it to become a population-based test, the cost 

needs to be reasonable.  The normal vs. CRC model is currently built using 69 
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metabolites, but if we can produce a model of acceptable diagnostic accuracies 

using fewer metabolites, then the cost of the test would be much lower. From the 

variable importance plot of the current model, we know, in order of importance, 

the metabolites that contribute the most in the separation of the two groups.  We 

can capitalize on this by taking just the top metabolites and see what kind of 

models we can build with them.  The results are summarized in table 4.15. Using 

the concentrations of only the top 10 metabolites, namely hypoxanthine, 

creatinine, dimethylamine, 3-indoxylsulfate, methanol, adipate, urea, 

guanidoacetate, 3-hydroxybutyrate, and acetone, a reasonable OPLS model can be 

built (R2Y of 0.356, Q2 of 0.343) with sensitivity and specificity of 86.6% and 

75.5% respectively, and an AUC of 0.8723.  

 

Table 4.15: Model characteristics and diagnostic accuracies of OPLS models built 
with top contributing metabolites 

Model R2Y  Q2  Sens Spec AUC 

Main CRC 
Model 0.478 0.355 92.7% 71.8% 0.9314 

Top 5 
metabolites 0.27 0.256 85.4% 67.7% 0.8362 

Top 10 
metabolites 0.356 0.343 86.6% 75.5% 0.8723 

Top 15 
metabolites 0.351 0.337 86.6% 75.2% 0.8786 

Top 20 
metabolites 0.402 0.349 89.0% 74.5% 0.8988 

Top 25 
metabolites 0.437 0.381 89.0% 74.8% 0.9150 

Top 30 
metabolites 0.448 0.387 91.5% 64.3% 0.9174 
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To ensure that the top metabolites in the variable importance plot were indeed 

more important in establishing the metabolomic fingerprint of colorectal cancer, 

we validated the process above by attempting to build models using the bottom 

metabolites in the VIP list.  It took 50 metabolites before we could even build an 

OPLS model, and it was a poorly predictive one (R2Y of 0.224 and Q2 of only 

0.057). This validates the uniqueness of top metabolites as a diagnostic tool. 

 

4.6 Discussion 

4.6.1 Summary 

Using projection-based methods, the role of urine metabolomics in distinguishing 

normal subjects vs. colorectal cancer patients was examined in this chapter.  PCA 

was unable to separate the two groups but since each PCA model is generated 

based on the direction in the data demonstrating the highest variation, i.e. gender, 

age, diet, lifestyle, genes, unknown factors, etc. which might be distinctly 

different from the direction separating the classes.7, 8, this is not surprising.   

 

The training set of 294 normal subjects and 82 CRC patients was used to build the 

OPLS model (R2Y = 0.478, Q2 = 0.355), which was internally validated using 

permutation testing.  Sensitivity and specificity were calculated to be 92.7% and 

71.8% respectively.  The area under the curve was 0.9314.  Although the normal 

and the CRC patients were projected on different sides of the scatter plot, there 

was some overlap.  Each group was then subdivided into overlapping and non-

overlapping groups and analyzed to determine the best clinical characteristics by 
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which to stratify the groups to improve the model.  When stratified by gender, 

family history of any cancer, and family history of CRC, the diagnostic accuracies 

improved.  The main normal vs. CRC model developed from the training set was 

then externally validated with a blinded testing set of similar clinical 

characteristics and diagnostic accuracies of 85.3% and 52.7% were achieved for 

sensitivity and specificity, respectively.  Lastly, models were built using only the 

top metabolites and diagnostic accuracies were calculated.  Using only the top 10 

metabolites, sensitivity of 86.6% and specificity of 75.5% could be achieved, 

suggesting commercialization potential for this test.  

 

4.6.2 Patient and Disease Characteristics 

It is obvious that the normal group was different than the CRC group in baseline 

characteristics.  Since the normal subjects were recruited from a screening 

program and the CRC patients were recruited after they had a diagnosis of CRC, 

it is not surprising that the two groups were different in many ways, including 

gender, age, family history of CRC, family history of any cancer, smoking, 

diabetes, and GI symptoms.  However, each of these factors was analyzed 

statistically to see if they falsely contribute to the separation of the two groups and 

they didn’t; in fact, the diagnostic accuracies improved when the model was 

stratified by gender, family history of any cancer and family history of CRC.    

 

Sixty percent of the CRC patients were diagnosed with stage 3 or 4 CRC, that is, 

the lymph nodes were already involved or there was evidence of distance 
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metastasis, but the screening pilot study (SCOPE) only identified 2 malignant 

polyps in 1200 asymptomatic subjects.  This is partially explained by the fact that 

the CRC patients are a lot older than the screening group and most of them had 

not undergone regular screening in the past.  About one-third of the CRC patients 

had right-sided cancer that would have been missed if flexible sigmoidoscopy was 

used as a screening test.  

 

4.6.3 Model Characteristics 

The goodness of an OPLS model is represented by R2 and Q2.  As mentioned 

previously, R2Y is the percent of variation of Y explained by the model and thus 

is a measure of how well the model fits the data.  Q2 is the percent of variation of 

Y predicted by the model according to 7-fold cross validation and thus is a 

measure of how well the model predicts new data.  A large R2Y (close to 1) is 

necessary condition for a good model and a large Q2Y (Q2Y > 0.5) indicates good 

predictivity.9  The R2Y for this study was 0.478 and the Q2Y was 0.355.   

 

It can be difficult to produce high R2Y and Q2Y values in human studies due to 

the high variability between individuals.  Although a couple of metabolomic 

studies in the literature were able to generate higher R2Y and Q2Y values than the 

current study, there were potential factors to suggest over fitting in those cases.  

For example, Chan et al. 200910 was able to produce an OPLS model of normal 

vs. with CRC with R2Y and Q2Y of 0.622 and 0.518, respectively.  However, the 

number in each group was 22 and 25 only and yet there were 1101 variables 



 

115 

analyzed.  It is always easy to find random multivariate correlations when the 

number of variables greatly exceeds the number of samples.11  Qiu et al. 201012 

was able to construct a normal vs. CRC OPLS model with R2Y and Q2Y of 0.763 

and 0.467 respectively.  Again their sample sizes for the groups were 60 and 63, 

but 187 metabolites were analyzed.    

 

Table 4.16 illustrates the R2Y and Q2Y values of different models that can be built 

using our data and demonstrates that higher R2Y and Q2Y values can be obtained 

with smaller sample sized models.   However, larger sample sizes are more 

representative of the mean and variance of the population and therefore the 

models built using our original sample size is a more accurate reflection of reality. 
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Table 4.16: Model characteristics and diagnostic accuracies of OPLS models built 
with top contributing metabolites 

Model (total n) # Normals # CRC R2Y Q2 

Main CRC Model (376) 294 82 0.478 0.355 

20 10 10 0.975 0.688 

40 20 20 0.870 0.652 

60 30 30 0.651 0.463 

90 60 30 0.761 0.516 

120 90 30 0.705 0.470 

150 90 60 0.734 0.579 

164 82 82 0.728 0.603 

 

 

4.6.4 Diagnostic Accuracies 

Urine metabolomics is being investigated for its role as a screening test for CRC.  

It is not meant to replace the gold standard colonoscopy but rather to replace 

current non-invasive fecal tests.  For screening tests in general, a high sensitivity 

is more important than a high specificity, since a falsely negative result (missed 

cancer) is of much more consequence than a falsely positive result (unnecessary 

colonoscopy) for the patient.  Specificity is obviously important as well since too 

many unnecessary interventions will be costly to society, not to mention the 

patient anxiety that a false positive test can cause.  For this reason, we have 

chosen the diagnostic accuracies to reflect the highest sensitivities but with a 
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specificity of at least 50%.  Area under the receiver operating characteristics 

curve (AUC) of > 0.9 represents an excellent test, while a value over 0.8 is still 

likely to be good.11  In our case, the main normal vs. CRC model had an AUC of 

0.9314. 

 

4.6.5 Metabolites and Metabolic Pathways 

A more careful analysis of the top metabolites that drive the separation of normal 

and CRC and the underlying biochemical pathways involved in generating these 

metabolites may shine some light on the pathogenesis of CRC, or at least how 

human metabolism is affected by CRC.   

 

The top 10 metabolites that separated the normal group from the CRC group are 

hypoxanthine, creatinine, dimethylamine, 3-indoxylsulfate, methanol, adipate, 

urea, guanidoacetate, 3-hydroxybutyrate, and acetone.  Mapping the differential 

metabolites to their respective biochemical pathways as outlined in the Kyoto 

Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg/) 

revealed alterations mostly in nucleotide, amino acid, and microbial metabolisms.   

 

Hypoxanthine (increased in CRC) is a central intermediate in purine nucleotide 

biosynthesis and is the extra cellular compound most directly related to 

intracellular ATP.   Increases in hypoxanthine in biofluids have been associated 

with ATP depletion13, and may underline the deteriorating state of the energy 

level in CRC patients. 
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Creatinine (increased in CRC), is a degradation product of creatine, a 

phosphorylated molecule specific to muscle energy metabolism and was found to 

be increased in the urine of patients with cancer and cachexia14.  Creatinine is also 

involved in arginine and proline metabolism, along with urea (increased in 

normal), and guanidoacetate (increased in normal).  In addition, urea is involved 

in purine and pyrimidine metabolism, and microbial metabolism in diverse 

environments15.  Guanidoacetate is also a precursor of creatine, an essential 

substrate for muscle energy metabolism. 

 

Dimethylamine (increased in CRC) is produced by degradation of dietary choline 

to trimethylamine, which is subsequently converted to dimethylamine by gut 

microflora.16, 17  Methanol (increased in normal)  is also a product of microbial 

metabolism.15   

 

3-indoxylsulfate is increased in the CRC group.  It is a dietary protein metabolite, 

and also the metabolite of the common amino acid tryptophan.18  Up-regulation of 

tryptophan metabolism in patients with CRC has been suggested in the 

literature.12  3-indoxylsulfate also strongly decreases the levels of glutathione, one 

of the most active antioxidant systems of the cell19, thus suggesting a possible 

mechanism of pathogenesis for CRC. 
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3-hydroxybutyrate is a ketone body that is raised in ketosis.  It is involved in 

butanoate (carbohydrate) metabolism and synthesis and degradation of ketones.  

This metabolite is increased in CRC patients and this is not due to the fact that 

some CRC patients were fasting at the time of urine collection.  In fact, when the 

fasting CRC patients were excluded and the model was rebuilt with just those that 

were not fasting, 3-hydroxybutyrate moved up in the ranks to number three in 

order of importance in separating normal and CRC.  This is also seen for acetone.  

The increase in 3-hydroxybutyrate and acetone in CRC patients cannot be 

explained by diabetes either.  Exploratory analysis revealed that the patients with 

increased 3-hydroxybutryrate and acetone are not those with diabetes and vice 

versa.  Acetone is also typically derived from acetoacetate through the action of 

microbial acetoacetate decarboxylases found in gut microflora such as 

Clostridium acetobutylicum.20 

 

Adipate is particularly interesting.  It is a food additive and acidity regulator and 

was thought to be part of a probable carcinogenic DEHA (Di (2-ethylhexyl) 

Adipate) as DEHA caused liver tumors in mice.21  In our subjects, adipate was 

present in 23 out of 82 (28.0%) CRC patients but only in 7 out of 294 (2.4%) 

normal subjects.  The highest adipate level in one CRC patient was 13536 µM, 

while that in the normal group was 64 µM.  According to KEGG15, adipate is 

involved in microbial metabolism in diverse environments.  It is unclear whether 

in CRC, bacteria in the body are producing more adipate or that CRC is in part 

caused by increased adipate in the body. 
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β-alanine, which is the 12th metabolite that separates normal from CRC,  is 

another metabolite that has a different distribution in the normal group compared 

to the CRC group.  It is found in 61 out of 294 or 20.7% of the normal subjects 

and only 2 out of 82 or 2.4% of CRC patients.  β-alanine is an amino acid formed 

in vivo by the degradation of dihydrouracil and carnosine.  It is also involved in 

pyrimidine metabolism, propanoate metabolism, and pantothenate (vitamin B5) 

and CoA biosynthesis.15  β-alanine is a rate-limiting precursor of carnosine.  

Muscle carnosine is increased with β-alanine supplementation, which also results 

in decreased fatigue in athletes and increase in total muscular work done.22, 23  It is 

unclear whether the lack of β-alanine in CRC patients is a cause or a result of 

CRC.  If the lack of β-alanine is a result of CRC, then this could potentially 

represent a mechanism of cancer-related fatigue. 

 

Overall, in the limited literature on urine metabolomics and CRC, suggestions of 

increased tryptophan metabolism and altered gut microflora metabolism in 

patients with CRC were also observed in this study.  In fact, many of the 

metabolites that separate normal from CRC (dimethylamine, methanol, adipate, 

urea, and acetone) are products of microbial metabolism.  There have been many 

studies in the literature demonstrating the role of gastrointestinal microbiota in 

colorectal cancer by production of toxic and genotoxic bacterial metabolites.24-26  

As there are many more bacteria cells than human cells in the colon, it is not 
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surprising that the differences in the metabolites of normal versus CRC patients 

are reflections of different microbiota rather than human metabolism. 

 

The top contributing metabolites identified in this study, however, were different 

than those identified in the only other study in the literature on urine 

metabolomics and colorectal cancer.12  This may be due to several differences 

between the two studies.  First Qiu’s study used GC-MS to quantify the 

metabolites and our study used NMR and consequently the library of compounds 

to identify the metabolite peaks were different as well.  In addition, Qiu’s study 

only identified and structurally validated 40% of the differential variables 

detected.  Secondly, the populations of patients were different between the two 

studies.  All of Qiu’s samples were collected from people in Shanghai, whereas 

the samples for this study were collected from subjects in Northern Alberta 

(Edmonton and Grande Prairie).  The differences in ethnicity, climate, and diet 

can significantly change the metabolite profile of individuals.  Thirdly Qiu’s 

controls were healthy volunteers, whereas the controls for this study are 

colonoscopy-negative individuals.  Also, since there were more variables (187) 

than subjects (123 total; 63 control and 60 normal) in Qiu’s study, there could be 

some random multivariate correlations. 

 

4.6.6 Limitations  

There are some limitations to this study.  There were several occasions where 

information provided by the patient on the questionnaires was inconsistent with 
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what was identified in their medical records.  In such cases and where 

appropriate, the information regarding patients’ past medical history, family 

history and medications was taken from the patients’ charts, as this was likely a 

more reliable source. However information such as family history was only as 

good a patients’ reporting.  Additional information not provided by the patients 

but found on their medical charts were supplemented to the database. There can 

be bias/misinterpretations in filling out the questionnaires. 

 

The number of metabolites analyzed from the urine samples is limited by the 

number of metabolites contained in the Chenomx compound library.  As 

Chenomx is continually expanding their library, some of the newer metabolites 

would have been missed in the older analyses. 

 

Some of the CRC patients were fasting at the time of giving the urine sample.  

This was because these patients were identified and recruited either right after 

having a colonoscopy to confirm CRC or right before surgery.  The state of 

fasting affects one’s metabolic fingerprint, thus some of the separation between 

normal and CRC may be falsely due to separation between non-fasting and 

fasting.  This was examined by building a separate model with the fasting CRC 

patients excluded.  This new model did have lower R2 and Q2 values but it is 

unclear whether this is also due to a smaller sample size.  This can be further 

investigated as more CRC patients are recruited and analyzed. 
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There were some differences in baseline characteristics between the training set 

and the testing set.  This was because the testing set samples were not 

methodologically matched to the training set samples, but were simply 

subsequently collected samples.  To improve the robustness of this model, the 

validation set should be comparable to the training set.  This can be done by 

increasing the number of validation samples or by matching the baseline 

characteristics of the testing set to those of the training set.  

 

4.6.7 Bias 

4.6.7.1 Disease Progression Bias  

Urine samples are collected at the education session for the normal group and the 

pre-admission clinic for the CRC group.  Ideally the results of the index test and 

the reference standard are collected on the same patients at the same time to 

minimize misclassification due to spontaneous recovery or to progression to a 

more advanced stage of disease (disease progression bias).  However, it is 

unknown at this time whether the bowel preparation and the perioperative 

medications used for colonoscopy (SCOPE subjects) and surgery (CRC patients) 

affect one’s metabolomic profile, therefore the study was designed to collect the 

urine while the subjects are in a natural state of hydration and health.  Also, 

practically speaking, the yield of urine collection is higher with this study design.  

Moreover, disease progression bias may not be a problem for cancer as it would 

be for infectious diseases as cancer does not spontaneously recover or progress 

over the course of days.27 
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4.6.7.2 Misclassification 

Differential misclassification can occur if a CRC is missed and if the urine 

metabolomics test is positive, then there’s bias towards null, i.e. the difference is 

harder to detect. The polyp and CRC miss rate for colonoscopy is 2-6%.  

Nondifferential misclassification can result when other unknown cancers such as 

breast, ovarian etc. gives a positive test for urine metabolomics.  This can happen 

in both controls and cases.27 

4.6.7.3 Spectrum Bias  

This study population is representative of the patients who will receive the test in 

practice, that is, asymptomatic average and high-risk individuals undergoing CRC  

screening. This is an advantage over existing studies in that it does not merely 

consist of a group of healthy controls and a group known to have the target 

disorder (spectrum bias).27 

4.6.7.4 Partial Verification & Incorporation Bias 

Partial verification bias does not exist as all study patients went on to receive 

confirmation of the diagnosis by the reference standard.  Incorporation bias does 

not exist as the index test (urine metabolomics) was not used in establishing the 

final diagnosis. 

4.6.7.5 Review Bias 

Blinding was achieved as the index test was interpreted without the knowledge of 

the result of the reference standard test, and vice versa (i.e. no review bias).  The 

index test was analyzed and interpreted in an independent laboratory. 
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4.6.8 Strengths of Study 

This is the largest study to demonstrate that urine metabolomics can separate 

normal subjects from CRC patients.  In addition to the large sample size of this 

study, a significant strength is that the normals or controls in this study have all 

had a colonoscopy and found to be normal – no inflammation or polyps.  The 

other strength of this study over existing ones in the literature is the amount of 

clinical information such as family history, fasting state, and pathological features 

of the CRC, gathered and analyzed.  This allows for detailed analysis of the 

variations seen in the metabolomic model and stratification based on clinical 

characteristics such as gender and family history.  Existing CRC screening 

guidelines dictate different ages to start screening for those with a positive family 

history of CRC compared to those without28 and several studies have suggested to 

develop sex-specific recommendations for CRC screening29, 30.  The urine 

metabolomics test may be sex or age-specific as well. 

 

Whenever possible, all subjects’ urine samples were collected in their normal 

state of diet, hydration and activities etc. as to avoid confounding factors.  This is 

reflective of the situation that this test would be used in the future if it becomes a 

population-based screening test. 

 

Some common types of errors in design and analysis of metabolomics 

experiments have been addressed in this study.11  The sample size is sufficient as 
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the number of samples in this study exceeds the number of variables otherwise it 

is a lot easier to find random multivariate correlations.  Over fitting is avoided by 

using an independent/blind testing set which is held back from model 

optimization and used only to test the robustness of prediction in the final phase 

of the study.  Potential biases have been discussed and confounding variables 

such as gender, smoking, family history etc. have been addressed. 

 

4.7 Conclusions  

With 655,000 deaths worldwide per year, CRC is the third leading cause of 

cancer-related death in the Western World.  Current population-based fecal occult 

blood testing has low compliance and sensitivity.  Urine metabolomics has been 

shown to distinguish healthy subjects from CRC patients with high accuracy and 

can represent a novel, highly sensitive, patient-accepted screening test for CRC. 
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4.9 Appendix 

Training Set Normal vs. CRC Baseline Characteristics 
 
. cs sex nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        47         117  |        164 
        Noncases |        35         177  |        212 
-----------------+------------------------+------------ 
           Total |        82         294  |        376 
                 |                        | 
            Risk |  .5731707    .3979592  |   .4361702 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1752115       |    .0544165    .2960066  
      Risk ratio |         1.440275       |     1.14003    1.819595  
 Attr. frac. ex. |         .3056882       |    .1228301    .4504271  
 Attr. frac. pop |         .0876058       | 
                 +------------------------------------------------- 
                               chi2(1) =     8.00  Pr>chi2 = 0.0047 
 
 
. cs famhx_cca nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        20         191  |        211 
        Noncases |        60          85  |        145 
-----------------+------------------------+------------ 
           Total |        80         276  |        356 
                 |                        | 
            Risk |       .25     .692029  |   .5926966 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         -.442029       |   -.5514354   -.3326226  
      Risk ratio |         .3612565       |    .2451742    .5323002  
 Prev. frac. ex. |         .6387435       |    .4676998    .7548258  
 Prev. frac. pop |         .1435379       | 
                 +------------------------------------------------- 
                               chi2(1) =    50.20  Pr>chi2 = 0.0000 
 
 
. cs fh_any_ca nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        60         230  |        290 
        Noncases |        19          21  |         40 
-----------------+------------------------+------------ 
           Total |        79         251  |        330 
                 |                        | 
            Risk |  .7594937    .9163347  |   .8787879 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         -.156841       |   -.2571182   -.0565638  
      Risk ratio |         .8288387       |    .7280922    .9435257  
 Prev. frac. ex. |         .1711613       |    .0564743    .2719078  
 Prev. frac. pop |          .040975       | 
                 +------------------------------------------------- 
                               chi2(1) =    13.88  Pr>chi2 = 0.0002 
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. cs smoke nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        15          26  |         41 
        Noncases |        60         253  |        313 
-----------------+------------------------+------------ 
           Total |        75         279  |        354 
                 |                        | 
            Risk |        .2      .09319  |   .1158192 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |           .10681       |      .01007    .2035501  
      Risk ratio |         2.146154       |     1.19909    3.841228  
 Attr. frac. ex. |         .5340502       |     .166034    .7396666  
 Attr. frac. pop |         .1953842       | 
                 +------------------------------------------------- 
                               chi2(1) =     6.59  Pr>chi2 = 0.0103 
 
 
 
. cs dm nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        19          14  |         33 
        Noncases |        63         280  |        343 
-----------------+------------------------+------------ 
           Total |        82         294  |        376 
                 |                        | 
            Risk |  .2317073     .047619  |    .087766 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1840883       |    .0895777    .2785988  
      Risk ratio |         4.865854       |    2.551678    9.278809  
 Attr. frac. ex. |         .7944862       |     .608101    .8922276  
 Attr. frac. pop |         .4574315       | 
                 +------------------------------------------------- 
                               chi2(1) =    27.14  Pr>chi2 = 0.0000 
 
 
 
. cs sympt_gibleed nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        49           5  |         54 
        Noncases |        33         288  |        321 
-----------------+------------------------+------------ 
           Total |        82         293  |        375 
                 |                        | 
            Risk |   .597561    .0170648  |       .144 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .5804961       |    .4733244    .6876679  
      Risk ratio |         35.01707       |    14.42348    85.01386  
 Attr. frac. ex. |         .9714425       |    .9306686    .9882372  
 Attr. frac. pop |         .8814941       | 
                 +------------------------------------------------- 
                               chi2(1) =   175.15  Pr>chi2 = 0.0000 
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. cs sympt_bowelhabit nc if training ==1 
 
                 | NC                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        43          13  |         56 
        Noncases |        39         279  |        318 
-----------------+------------------------+------------ 
           Total |        82         292  |        374 
                 |                        | 
            Risk |  .5243902    .0445205  |   .1497326 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .4798697       |    .3692193    .5905201  
      Risk ratio |         11.77861       |    6.661512    20.82646  
 Attr. frac. ex. |         .9151004       |    .8498839    .9519842  
 Attr. frac. pop |         .7026663       | 
                 +------------------------------------------------- 
                               chi2(1) =   115.80  Pr>chi2 = 0.0000 
 
 
 
. ttest age, by(nc), if training==1 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
       0 |     294     55.2619    .4731272    8.112442    54.33075    56.19306 
       1 |      82    68.63415    1.164505    10.54504    66.31715    70.95115 
---------+-------------------------------------------------------------------- 
combined |     376    58.17819    .5309904    10.29629     57.1341    59.22228 
---------+-------------------------------------------------------------------- 
    diff |           -13.37224    1.086158               -15.50798    -11.2365 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t = -12.3115 
Ho: diff = 0                                     degrees of freedom =      374 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.0000         Pr(|T| > |t|) = 0.0000          Pr(T > t) = 1.0000 

 
 
 
CRC vs. Non-Overlapping Normals 
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CRC vs. Overlapping Normals 
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Overlapping vs. Non-Overlapping Normals 
 

 

 
 

 
Logistic Regression of Ov vs. NonOv Normals on predicting overlap with 
adenoma 
 
Gender 
 
. logistic overlapping_with_cancer S_sex 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =      13.80 
                                                  Prob > chi2     =     0.0002 
Log likelihood = -194.67543                       Pseudo R2       =     0.0342 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       S_sex |   2.491071   .6241658     3.64   0.000     1.524432    4.070655 
------------------------------------------------------------------------------ 
 
In the normal group, the odds of resembling or overlapping with the cancer group for males is 2.49 
(95% CI 1.52, 4.07) times that of females (p<0.01).  That is, females are more different than the 
cancers compared to the males. 
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Age 
 
. logistic overlapping_with_cancer age 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       1.86 
                                                  Prob > chi2     =     0.1726 
Log likelihood = -200.64549                       Pseudo R2       =     0.0046 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   1.020107   .0149642     1.36   0.175     .9911952    1.049862 
------------------------------------------------------------------------------ 
 
 
Within the normal group, age does not change the odds of overlapping with cancers, OR 1.02 
(95% CI 0.99, 1.05). 
 
 
. logit overlapping_with_cancer age 
 
Iteration 0:   log likelihood = -201.57565 
Iteration 1:   log likelihood = -200.64564 
Iteration 2:   log likelihood = -200.64549 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       1.86 
                                                  Prob > chi2     =     0.1726 
Log likelihood = -200.64549                       Pseudo R2       =     0.0046 
 
------------------------------------------------------------------------------ 
overlappin~r |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   .0199073   .0146692     1.36   0.175    -.0088438    .0486585 
       _cons |  -.8523324   .8167304    -1.04   0.297    -2.453095    .7484298 
------------------------------------------------------------------------------ 
 
 
 e 0.0199 x 10 = 1.220 
95% CI = e 10 (0.0146) ± 1.96 (10) (0.0146) = 0.915, 1.627 
 
For every 10 years increase in age, the odds of overlapping with cancer increases about 22%.  The 
95% CI for the OR is 0.915, 1.627.  This includes 1, therefore there is no significance. 
 
. generate age_cat = . 
(294 missing values generated) 
 
. replace age_cat=1 if age<=45 & age !=. 
(38 real changes made) 
 
. replace age_cat=2 if age>45 & age <=50 & age !=. 
(39 real changes made) 
 
. replace age_cat=3 if age>50 & age <=55 & age !=. 
(84 real changes made) 
 
. replace age_cat=4 if age>55& age <=60 & age !=. 
(64 real changes made) 
 
. replace age_cat=5 if age>60 & age <=65 & age !=. 
(37 real changes made) 
 
. replace age_cat=6 if age>65 & age <=70 & age !=. 
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(20 real changes made) 
 
. replace age_cat=7 if age>70 & age !=. 
(12 real changes made) 
 
. tabulate age_cat 
 
    age_cat |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |         38       12.93       12.93 
          2 |         39       13.27       26.19 
          3 |         84       28.57       54.76 
          4 |         64       21.77       76.53 
          5 |         37       12.59       89.12 
          6 |         20        6.80       95.92 
          7 |         12        4.08      100.00 
------------+----------------------------------- 
      Total |        294      100.00 
 
 
. xi:logistic overlapping_with_cancer i.age_cat 
i.age_cat         _Iage_cat_1-7       (naturally coded; _Iage_cat_1 omitted) 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(6)      =       7.13 
                                                  Prob > chi2     =     0.3090 
Log likelihood = -198.01048                       Pseudo R2       =     0.0177 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 _Iage_cat_2 |   .8521303   .3896334    -0.35   0.726     .3477741    2.087924 
 _Iage_cat_3 |   .8904762   .3496407    -0.30   0.768     .4124797    1.922393 
 _Iage_cat_4 |   1.109347   .4580767     0.25   0.802     .4938393    2.492009 
 _Iage_cat_5 |   1.494505   .7089571     0.85   0.397     .5898046    3.786926 
 _Iage_cat_6 |   .6623377   .3678585    -0.74   0.458     .2230114    1.967125 
 _Iage_cat_7 |   4.047619   3.401909     1.66   0.096     .7794512    21.01892 
------------------------------------------------------------------------------ 
 
 

 
 
 
Smoking History 
 
. xi:logistic overlapping_with_cancer i.s_smoke 
i.s_smoke         _Is_smoke_0-2       (naturally coded; _Is_smoke_0 omitted) 
 
Logistic regression                               Number of obs   =        279 
                                                  LR chi2(2)      =       3.32 
                                                  Prob > chi2     =     0.1900 
Log likelihood = -190.00159                       Pseudo R2       =     0.0087 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 _Is_smoke_1 |   1.629347   .7034889     1.13   0.258      .699033    3.797777 
 _Is_smoke_2 |   3.019084   2.451486     1.36   0.174     .6147555    14.82682 
------------------------------------------------------------------------------ 
 
Within the normal group, being a smoker or an ex-smoker does not increase the odds of 
overlapping with the cancer group. 
 
Since metabolism is a reflection of current status, ex-smokers could be classified as non-smokers. 
 
. logistic overlapping_with_cancer s_smoke_YN 
 
Logistic regression                               Number of obs   =        279 
                                                  LR chi2(1)      =       1.14 
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                                                  Prob > chi2     =     0.2848 
Log likelihood =  -191.0902                       Pseudo R2       =     0.0030 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
  s_smoke_YN |   1.574074    .678634     1.05   0.293     .6761527    3.664422 
------------------------------------------------------------------------------ 
 
 
Still no statistically significant difference, but smokers only 26, so may not be enough numbers to 
show a difference. 
 
 
 
Diabetes 
 
. logistic overlapping_with_cancer diabetes 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       0.01 
                                                  Prob > chi2     =     0.9371 
Log likelihood = -201.57254                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    diabetes |   1.044586   .5779933     0.08   0.937     .3531465    3.089822 
------------------------------------------------------------------------------ 
 
No statistically significant difference. 
 
 
 
 Family history 
 
. logistic overlapping_with_cancer s_fhcca 
 
Logistic regression                               Number of obs   =        276 
                                                  LR chi2(1)      =       0.81 
                                                  Prob > chi2     =     0.3688 
Log likelihood = -189.04556                       Pseudo R2       =     0.0021 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     s_fhcca |   1.265432    .331326     0.90   0.369     .7574782    2.114013 
------------------------------------------------------------------------------ 
 
 
Within the normal group, having a family history of CRC does not increase the odds of 
overlapping with the cancer group. 
 
 
. logistic overlapping_with_cancer st_degree_relative_with_crc 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       0.25 
                                                  Prob > chi2     =     0.6166 
Log likelihood = -201.45029                       Pseudo R2       =     0.0006 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
st_degree_~c |   1.129957   .2756153     0.50   0.616     .7005508     1.82257 
------------------------------------------------------------------------------ 
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1st degree relative – no difference. 
 
 
. logistic overlapping_with_cancer s_fhca 
 
Logistic regression                               Number of obs   =        251 
                                                  LR chi2(1)      =       0.74 
                                                  Prob > chi2     =     0.3894 
Log likelihood = -171.43385                       Pseudo R2       =     0.0022 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
      s_fhca |   1.481633   .6768466     0.86   0.389     .6051883    3.627359 
------------------------------------------------------------------------------ 

 
The data on the family history of various cancers were combined and it was found that within the 
normal group, those having a family history of any cancer(s) does not increase the odds of 
overlapping with the cancer group.  
 
 
Symptoms 
 
. logistic overlapping_with_cancer s_GIbleed 
 
Logistic regression                               Number of obs   =        293 
                                                  LR chi2(1)      =       2.82 
                                                  Prob > chi2     =     0.0933 
Log likelihood = -199.34162                       Pseudo R2       =     0.0070 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   s_GIbleed |   .1890244   .2125285    -1.48   0.138     .0208677    1.712227 
------------------------------------------------------------------------------ 
 
. logistic overlapping_with_cancer s_GIhabit 
 
Logistic regression                               Number of obs   =        292 
                                                  LR chi2(1)      =       2.47 
                                                  Prob > chi2     =     0.1161 
Log likelihood = -198.68493                       Pseudo R2       =     0.0062 
 
------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   s_GIhabit |   2.666667   1.784574     1.47   0.143     .7183429    9.899327 
------------------------------------------------------------------------------ 
 
Within the normal group, having symptoms of gastrointestinal bleeding or changes in bowel habits 
does not increase the odds of overlapping with the cancer group. 
 
 
Overall test 
 
. logistic overlapping_with_cancer sex age smoke dm famhx_cca fh_any_ca 
sympt_gibleed symp 
> t_bowelhabit if nc ==0 
 
Logistic regression                               Number of obs   =        231 
                                                  LR chi2(8)      =      22.13 
                                                  Prob > chi2     =     0.0047 
Log likelihood =   -147.229                       Pseudo R2       =     0.0699 
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------------------------------------------------------------------------------ 
overlappin~r | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         sex |   2.919098   .8853455     3.53   0.000     1.610958    5.289482 
         age |   1.034737   .0192592     1.83   0.067     .9976696    1.073181 
       smoke |   1.694832   .9341804     0.96   0.338     .5753734    4.992332 
          dm |   1.659519   1.175265     0.72   0.474     .4141564    6.649668 
   famhx_cca |   1.283903   .5316059     0.60   0.546     .5702801    2.890521 
   fh_any_ca |   1.443366   .8532534     0.62   0.535     .4530899    4.597998 
sympt_gibl~d |   .1435988   .1706661    -1.63   0.102     .0139799     1.47502 
sympt_bowe~t |   3.797069   3.104427     1.63   0.103      .764749     18.8529 
------------------------------------------------------------------------------ 

 

 
 
Normal vs. Non-overlapping CRC 

 
 

 
The top five metabolites for normals vs. non-overlapping cancers are: 

• Hypoxanthine 
• Urea 
• Adipate 
• Acetone 
• 3-Hydroxybutyrate 

 
 
Normal vs. Overlapping CRC 
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The top five metabolites are for normals vs. overlapping cancers: 

• 3-Indoxylsulfate 
• Creatinine 
• Dimethylamine 
• Methanol 
• 4-Hydroxyphenylacetate 

 
Overlapping vs. Non-Overlapping CRC 
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The top five metabolites for these two groups of cancers are: 

• Urea 
• Hypoxanthine 
• Trigonelline 
• N, N-Dimethylglycine 
• Guanidoacetate 

 
 

Logistic regression of overlapping and non-overlapping CRC on predicting 
overlapping with normal 

 
. logistic overla_with_normal S_sex 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       4.15 
                                                  Prob > chi2     =     0.0417 
Log likelihood = -53.564057                       Pseudo R2       =     0.0373 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       S_sex |   2.533333   1.169308     2.01   0.044      1.02519    6.260088 
------------------------------------------------------------------------------ 
 
 
 
Age 

 
. logistic overla_with_normal age 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       0.00 
                                                  Prob > chi2     =     0.9925 
Log likelihood = -55.637028                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   .9997992   .0213833    -0.01   0.993      .958755    1.042601 
------------------------------------------------------------------------------ 
 
Within the cancer group, age does not change the odds of overlapping with normals, OR 1.00 
(95% CI 0.96, 1.04). 
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. generate age_cat=. 
(82 missing values generated) 
 
. replace age_cat=1 if age<=50 & age !=. 
(3 real changes made) 
 
. replace age_cat=2 if age>50 & age<=55 & age !=. 
(8 real changes made) 
 
. replace age_cat=3 if age>55 & age<=60 & age !=. 
(7 real changes made) 
 
. replace age_cat=4 if age>60 & age<=65 & age !=. 
(17 real changes made) 
 
. replace age_cat=5 if age>65 & age<=70 & age !=. 
(13 real changes made) 
 
. replace age_cat=6 if age>70 & age<=75 & age !=. 
(8 real changes made) 
 
. replace age_cat=7 if age>75 & age<=80 & age !=. 
(16 real changes made) 
 
. replace age_cat=8 if age>80 & age !=. 
(10 real changes made) 
 
. tabulate age_cat 
 
    age_cat |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |          3        3.66        3.66 
          2 |          8        9.76       13.41 
          3 |          7        8.54       21.95 
          4 |         17       20.73       42.68 
          5 |         13       15.85       58.54 
          6 |          8        9.76       68.29 
          7 |         16       19.51       87.80 
          8 |         10       12.20      100.00 
------------+----------------------------------- 
      Total |         82      100.00 
 
 
. xi:logistic overla_with_normal i.age_cat 
i.age_cat         _Iage_cat_1-8       (naturally coded; _Iage_cat_1 omitted) 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(7)      =       8.72 
                                                  Prob > chi2     =     0.2730 
Log likelihood = -51.274834                       Pseudo R2       =     0.0784 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 _Iage_cat_2 |   .8333333   1.188292    -0.13   0.898     .0509387    13.63294 
 _Iage_cat_3 |   .6666667   .9622504    -0.28   0.779     .0393827    11.28528 
 _Iage_cat_4 |        .35   .4620606    -0.80   0.426      .026323    4.653733 
 _Iage_cat_5 |       2.75   3.976493     0.70   0.484     .1616208    46.79162 
 _Iage_cat_6 |        1.5    2.20794     0.28   0.783     .0837831    26.85505 
 _Iage_cat_7 |   .3888889   .5150346    -0.71   0.476     .0290079    5.213571 
 _Iage_cat_8 |        .75   1.038328    -0.21   0.835     .0497309    11.31088 
------------------------------------------------------------------------------ 
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Smoking History 
 
. xi:logistic overla_with_normal i.s_smoke 
i.s_smoke         _Is_smoke_0-2       (naturally coded; _Is_smoke_0 omitted) 
 
Logistic regression                               Number of obs   =         75 
                                                  LR chi2(2)      =       2.47 
                                                  Prob > chi2     =     0.2906 
Log likelihood = -49.940654                       Pseudo R2       =     0.0241 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 _Is_smoke_1 |   .8166667   .5203342    -0.32   0.751     .2342647    2.846969 
 _Is_smoke_2 |       1.96   1.047664     1.26   0.208     .6874953     5.58782 
------------------------------------------------------------------------------ 

 
Within the cancer group, being a smoker or an ex-smoker does not increase the odds of 
overlapping with the normal group. 
 
 
Since metabolism is a reflection of current status, ex-smokers could be classified as non-smokers. 
 
. logistic overla_with_normal s_smoke_YN 
 
Logistic regression                               Number of obs   =         75 
                                                  LR chi2(1)      =       0.86 
                                                  Prob > chi2     =     0.3527 
Log likelihood =  -50.74455                       Pseudo R2       =     0.0084 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
  s_smoke_YN |   .5833333   .3387864    -0.93   0.353     .1868783    1.820853 
------------------------------------------------------------------------------ 
 
 
 
Still no statistically significant difference, but smokers only 15, so may not be enough numbers to 
show a difference. 
 
 
 
Diabetes 
 
. logistic overla_with_normal diabetes 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       0.35 
                                                  Prob > chi2     =     0.5527 
Log likelihood = -55.460787                       Pseudo R2       =     0.0032 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
    diabetes |   .7309942   .3850243    -0.59   0.552     .2603603    2.052358 
------------------------------------------------------------------------------ 

 
No statistically significant difference. 
 
 
 
 Family history 
 
. logistic overla_with_normal s_fhcca 
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Logistic regression                               Number of obs   =         80 
                                                  LR chi2(1)      =       0.01 
                                                  Prob > chi2     =     0.9129 
Log likelihood = -53.834946                       Pseudo R2       =     0.0001 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     s_fhcca |   1.061776   .5823271     0.11   0.913     .3624054    3.110794 
------------------------------------------------------------------------------ 

 
Within the cancer group, having a family history of CRC does not increase the odds of 
overlapping with the normal group. 
 
 
. logistic overla_with_normal s_fhoca 
 
Logistic regression                               Number of obs   =         79 
                                                  LR chi2(1)      =       4.93 
                                                  Prob > chi2     =     0.0264 
Log likelihood = -50.450127                       Pseudo R2       =     0.0466 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     s_fhoca |   .3461538   .1697502    -2.16   0.031     .1323881     .905085 
------------------------------------------------------------------------------ 

 
However, within the cancer group, those having a family history of other cancers (other than 
colon, rectal, uterine, breast, ovarian cancer) have 0.35 (p=0.03) the odds of overlapping with the 
normal group compared to those that do not have a family history.  That is, the metabolomic 
profile of those cancer patients that have a family history of ‘other’ cancers have statistically 
significant increased odds of being different than the normal group.  
 
 
. logistic overla_with_normal s_fhca 
 
Logistic regression                               Number of obs   =         78 
                                                  LR chi2(1)      =       6.61 
                                                  Prob > chi2     =     0.0101 
Log likelihood = -49.106464                       Pseudo R2       =     0.0631 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
      s_fhca |   .2075893   .1413695    -2.31   0.021     .0546426     .788639 
------------------------------------------------------------------------------ 

 
 
The data on the family history of various cancers were combined and it was found that within the 
cancer group, those having a family history of any cancer(s) have 0.21 (p=0.02) the odds of 
overlapping with the normal group compared to those that do not have a family history.  That is, 
the metabolomic profiles of those cancer patients that have a family history of any neoplastic 
process have statistically significant increased odds of being different than that of the normal 
group. 
 
 
 
Fasting 
 
. logistic overlap_with_normal fasting if nc==1  
 
Logistic regression                               Number of obs   =         74 
                                                  LR chi2(1)      =       4.76 
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                                                  Prob > chi2     =     0.0292 
Log likelihood = -48.480415                       Pseudo R2       =     0.0468 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     fasting |    .345098   .1710117    -2.15   0.032     .1306573    .9114888 
------------------------------------------------------------------------------ 
 
Within the cancer group, the odds of overlapping with the normal group in those that are fasting is 
0.35 times (p=0.032) that of those that are not fasting.  That is, the metabolomic profiles of those 
that are fasting are more different than the profiles of  the normals. 
 
 
 
Symptoms 
 
. logistic overlap_with_normal sympt_gibleed if nc==1 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       0.36 
                                                  Prob > chi2     =     0.5476 
Log likelihood = -55.456237                       Pseudo R2       =     0.0033 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
sympt_gibl~d |   1.315789   .6003622     0.60   0.548     .5380271    3.217871 
------------------------------------------------------------------------------ 
 
 
. logistic overla_with_normal s_GIhabit 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       0.67 
                                                  Prob > chi2     =     0.4115 
Log likelihood = -55.299831                       Pseudo R2       =     0.0061 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   s_GIhabit |   1.446429   .6512329     0.82   0.412     .5984891    3.495729 
------------------------------------------------------------------------------ 

 
Within the cancer group, having symptoms of gastrointestinal bleeding or changes in bowel habits 
does not increase the odds of overlapping with the normal group. 
 
 
 
Location of Cancer  
 
 
Location of Cancer (colon vs. rectal) 
Colon = 0; rectal = 1 
 
. logistic overla_with_normal s_location1 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       1.50 
                                                  Prob > chi2     =     0.2211 
Log likelihood = -54.888452                       Pseudo R2       =     0.0135 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 s_location1 |    .545045    .270731    -1.22   0.222     .2058872    1.442897 
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------------------------------------------------------------------------------ 
 
No significant difference. 
 
 
Location of Cancer (left vs. right sided) 
Right = 0, everything else = 1 
 
. logistic overla_with_normal s_location2 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(1)      =       0.74 
                                                  Prob > chi2     =     0.3906 
Log likelihood = -55.268547                       Pseudo R2       =     0.0066 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
 s_location2 |   1.503401   .7137317     0.86   0.390     .5928865    3.812223 
------------------------------------------------------------------------------ 

No difference. 
 
 
 
CEA 
 
. logistic overla_with_normal cea 
 
Logistic regression                               Number of obs   =         63 
                                                  LR chi2(1)      =       7.73 
                                                  Prob > chi2     =     0.0054 
Log likelihood =  -38.83666                       Pseudo R2       =     0.0905 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         cea |   .9506619   .0292049    -1.65   0.100     .8951106    1.009661 
------------------------------------------------------------------------------ 
Note: 2 failures and 0 successes completely determined. 

 
 
CEA not statistically significant, but CEA distribution very skewed, therefore catergorized. 
 
. generate cea_cat = . 
(82 missing values generated) 
 
. replace cea_cat = 1 if cea > 0 & cea <= 5 
(45 real changes made) 
 
. replace cea_cat = 2 if cea > 5 
(37 real changes made) 
 
 
. logistic overla_with_normal cea_cat 
 
Logistic regression                               Number of obs   =         63 
                                                  LR chi2(1)      =       2.10 
                                                  Prob > chi2     =     0.1471 
Log likelihood = -41.652122                       Pseudo R2       =     0.0246 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     cea_cat |   .4413793    .250454    -1.44   0.149     .1451478    1.342188 
------------------------------------------------------------------------------ 
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Cancer Pathology 
 
. logistic overlap_with_normal li if nc ==1 
 
Logistic regression                               Number of obs   =         74 
                                                  LR chi2(1)      =       1.60 
                                                  Prob > chi2     =     0.2061 
Log likelihood = -47.756974                       Pseudo R2       =     0.0165 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          li |    .530303   .2660679    -1.26   0.206     .1983592    1.417737 
------------------------------------------------------------------------------ 
 
. logistic overlap_with_normal vi if nc ==1 
 
Logistic regression                               Number of obs   =         74 
                                                  LR chi2(1)      =       0.27 
                                                  Prob > chi2     =     0.6007 
Log likelihood = -48.419336                       Pseudo R2       =     0.0028 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          vi |   .6845238    .492328    -0.53   0.598     .1671789    2.802823 
------------------------------------------------------------------------------ 
 
. logistic overlap_with_normal pni if nc ==1 
 
Logistic regression                               Number of obs   =         71 
                                                  LR chi2(1)      =       0.02 
                                                  Prob > chi2     =     0.9013 
Log likelihood = -47.150644                       Pseudo R2       =     0.0002 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         pni |   1.087838   .7404992     0.12   0.902     .2865135    4.130316 
------------------------------------------------------------------------------ 
 
. logistic overlap_with_normal lymphocyctic_resp if nc ==1 
 
Logistic regression                               Number of obs   =         64 
                                                  LR chi2(1)      =       0.07 
                                                  Prob > chi2     =     0.7945 
Log likelihood = -42.306129                       Pseudo R2       =     0.0008 
 
------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
lymphocyct~p |   .8730159   .4556764    -0.26   0.795     .3138571    2.428356 
------------------------------------------------------------------------------ 
 
 
 
. xi:logistic overlap_with_normal i.gradepath 
i.gradepath       _Igradepath_1-3     (naturally coded; _Igradepath_1 omitted) 
 
note: _Igradepath_2 != 0 predicts success perfectly 
      _Igradepath_2 dropped and 3 obs not used 
 
 
Logistic regression                               Number of obs   =         71 
                                                  LR chi2(1)      =       0.16 
                                                  Prob > chi2     =     0.6858 
Log likelihood = -47.535101                       Pseudo R2       =     0.0017 
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------------------------------------------------------------------------------ 
overlap_wi~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
_Igradepat~3 |   1.351351   1.017582     0.40   0.689     .3088905    5.911968 
------------------------------------------------------------------------------ 
 
. tab overlap_with_normal gradepath gradepath 
too many variables specified 
r(103); 
 
. tab overlap_with_normal gradepath 
 
Overlap_wi |            GradePath 
 th_normal |         1          2          3 |     Total 
-----------+---------------------------------+---------- 
         0 |        25          0          3 |        28  
         1 |        37          3          6 |        46  
-----------+---------------------------------+---------- 
     Total |        62          3          9 |        74  
 
 
 
No statistically significant differences based on lymphovascular invasion, perineural invasion, 
lymphocytic response or grade.  Although all moderately differentiated tumors are in the 
overlapping group… 
 
 
 
Cancer Stage 
 
. xi:logistic overla_with_normal i.stage_of_cancer 
i.stage_of_ca~r   _Istage_of__1-4     (naturally coded; _Istage_of__1 omitted) 
 
Logistic regression                               Number of obs   =         82 
                                                  LR chi2(3)      =       5.70 
                                                  Prob > chi2     =     0.1271 
Log likelihood = -52.787022                       Pseudo R2       =     0.0512 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
_Istage_of~2 |         .5   .4082472    -0.85   0.396      .100918    2.477259 
_Istage_of~3 |    .265625   .1948295    -1.81   0.071      .063086    1.118419 
_Istage_of~4 |   .1944444   .1592346    -2.00   0.046     .0390597    .9679709 
------------------------------------------------------------------------------ 
 
. tab overlap_with_normal stage_of_cancer 
 
Overlap_wi |               STAGE_of_Cancer 
 th_normal |         1          2          3          4 |     Total 
-----------+--------------------------------------------+---------- 
         0 |         3          6         16          9 |        34  
         1 |        12         12         17          7 |        48  
-----------+--------------------------------------------+---------- 
     Total |        15         18         33         16 |        82  

 
Stage 4 cancers more likely not to overlap compared to stage 1 cancers, i.e. more different than 
normals, OR 0.19 (p=0.05), but stage 2 and 3 cancers are not statistically different than stage 1 
cancers. 
 
 
 
In summary, gender, family history of any cancer, and fasting are statistically significant 
differences between the overlapping and non-overlapping cancer subgroups.  When these factors 
are tested with an Overall test, they are still all statistically different.   
 



 

148 

 
. logistic overla_with_normal S_sex s_fasting s_fhca 
 
Logistic regression                               Number of obs   =         71 
                                                  LR chi2(3)      =      18.04 
                                                  Prob > chi2     =     0.0004 
Log likelihood = -38.997903                       Pseudo R2       =     0.1878 
 
------------------------------------------------------------------------------ 
overla_wit~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       S_sex |   3.500294   2.080689     2.11   0.035     1.091748    11.22242 
   s_fasting |   .1812088   .1102056    -2.81   0.005      .055018    .5968346 
      s_fhca |   .1793053   .1326809    -2.32   0.020     .0420463    .7646427 
------------------------------------------------------------------------------ 

 
 
 

Training Set vs. Testing Set 
 
. insheet using training_and_testing_set_normal_cancer.txt, clear 
(94 vars, 560 obs) 
 
Normal 
 
. ttest age, by(training), if nc==0 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
       0 |     150       56.44    .6635597    8.126913     55.1288     57.7512 
       1 |     294     55.2619    .4731272    8.112442    54.33075    56.19306 
---------+-------------------------------------------------------------------- 
combined |     444    55.65991    .3857057    8.127323    54.90187    56.41795 
---------+-------------------------------------------------------------------- 
    diff |            1.178095    .8144886               -.4226564    2.778847 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t =   1.4464 
Ho: diff = 0                                     degrees of freedom =      442 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.9256         Pr(|T| > |t|) = 0.1488          Pr(T > t) = 0.0744 
 
 
 
. cs sex training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       117          71  |        188 
        Noncases |       177          79  |        256 
-----------------+------------------------+------------ 
           Total |       294         150  |        444 
                 |                        | 
            Risk |  .3979592    .4733333  |   .4234234 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0753741       |   -.1729176    .0221693  
      Risk ratio |         .8407588       |    .6749364    1.047322  
 Prev. frac. ex. |         .1592412       |   -.0473216    .3250636  
 Prev. frac. pop |         .1054435       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.31  Pr>chi2 = 0.1284 
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. cs famhx_cca training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       191          91  |        282 
        Noncases |        85          49  |        134 
-----------------+------------------------+------------ 
           Total |       276         140  |        416 
                 |                        | 
            Risk |   .692029         .65  |   .6778846 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |          .042029       |   -.0539331     .137991  
      Risk ratio |          1.06466       |     .921133    1.230551  
 Attr. frac. ex. |          .060733       |   -.0856195    .1873557  
 Attr. frac. pop |         .0411348       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.75  Pr>chi2 = 0.3860 
 
 
. cs fh_any_ca training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       230         115  |        345 
        Noncases |        21          35  |         56 
-----------------+------------------------+------------ 
           Total |       251         150  |        401 
                 |                        | 
            Risk |  .9163347    .7666667  |   .8603491 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |          .149668       |    .0738087    .2255273  
      Risk ratio |         1.195219       |    1.085951    1.315481  
 Attr. frac. ex. |         .1633333       |    .0791485    .2398219  
 Attr. frac. pop |         .1088889       | 
                 +------------------------------------------------- 
                               chi2(1) =    17.50  Pr>chi2 = 0.0000 
 
 
. cs smoke training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        26          15  |         41 
        Noncases |       253         134  |        387 
-----------------+------------------------+------------ 
           Total |       279         149  |        428 
                 |                        | 
            Risk |    .09319    .1006711  |   .0957944 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0074812       |   -.0666226    .0516602  
      Risk ratio |          .925687       |    .5062179    1.692742  
 Prev. frac. ex. |          .074313       |   -.6927421    .4937821  
 Prev. frac. pop |         .0484424       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.06  Pr>chi2 = 0.8022 
 
. cs dm training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        14          10  |         24 
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        Noncases |       280         140  |        420 
-----------------+------------------------+------------ 
           Total |       294         150  |        444 
                 |                        | 
            Risk |   .047619    .0666667  |   .0540541 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0190476       |    -.065803    .0277078  
      Risk ratio |         .7142857       |    .3250475    1.569629  
 Prev. frac. ex. |         .2857143       |   -.5696295    .6749525  
 Prev. frac. pop |         .1891892       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.70  Pr>chi2 = 0.4012 
 
 
 
. cs sympt_gibleed training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         5           2  |          7 
        Noncases |       288         147  |        435 
-----------------+------------------------+------------ 
           Total |       293         149  |        442 
                 |                        | 
            Risk |  .0170648    .0134228  |   .0158371 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |          .003642       |   -.0200504    .0273345  
      Risk ratio |         1.271331       |    .2496096    6.475242  
 Attr. frac. ex. |         .2134228       |   -3.006256    .8455656  
 Attr. frac. pop |         .1524449       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.08  Pr>chi2 = 0.7719 
 
 
 
. cs sympt_bowelhabit training if nc ==0 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        13           0  |         13 
        Noncases |       279         149  |        428 
-----------------+------------------------+------------ 
           Total |       292         149  |        441 
                 |                        | 
            Risk |  .0445205           0  |   .0294785 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0445205       |    .0208642    .0681769  
      Risk ratio |                .       |           .           .  
 Attr. frac. ex. |                1       |           .           .  
 Attr. frac. pop |                1       | 
                 +------------------------------------------------- 
                               chi2(1) =     6.84  Pr>chi2 = 0.0089 

 
 
CRC group 
 
. ttest age, by(training), if nc==1 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
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       0 |      34    67.94118    2.019487    11.77553     63.8325    72.04985 
       1 |      82    68.63415    1.164505    10.54504    66.31715    70.95115 
---------+-------------------------------------------------------------------- 
combined |     116    68.43103    1.009492    10.87256    66.43143    70.43064 
---------+-------------------------------------------------------------------- 
    diff |           -.6929699     2.22652               -5.103688    3.717749 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t =  -0.3112 
Ho: diff = 0                                     degrees of freedom =      114 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.3781         Pr(|T| > |t|) = 0.7562          Pr(T > t) = 0.6219 
 
 
 
. cs sex training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        47          23  |         70 
        Noncases |        35          11  |         46 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |  .5731707    .6764706  |   .6034483 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.1032999       |   -.2935324    .0869327  
      Risk ratio |         .8472959       |    .6288244     1.14167  
 Prev. frac. ex. |         .1527041       |   -.1416705    .3711756  
 Prev. frac. pop |          .107946       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.07  Pr>chi2 = 0.3006 
 
 
 
 
 
. cs famhx_cca training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        20           7  |         27 
        Noncases |        60          26  |         86 
-----------------+------------------------+------------ 
           Total |        80          33  |        113 
                 |                        | 
            Risk |       .25    .2121212  |   .2389381 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0378788       |   -.1308167    .2065743  
      Risk ratio |         1.178571       |    .5516041    2.518166  
 Attr. frac. ex. |         .1515152       |   -.8128943    .6028855  
 Attr. frac. pop |         .1122334       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.18  Pr>chi2 = 0.6677 
 
 
. cs fh_any_ca training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        60          18  |         78 
        Noncases |        19          16  |         35 
-----------------+------------------------+------------ 
           Total |        79          34  |        113 
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                 |                        | 
            Risk |  .7594937    .5294118  |   .6902655 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .2300819       |    .0376489    .4225149  
      Risk ratio |         1.434599       |    1.020762    2.016214  
 Attr. frac. ex. |         .3029412       |    .0203398    .5040209  
 Attr. frac. pop |         .2330317       | 
                 +------------------------------------------------- 
                               chi2(1) =     5.89  Pr>chi2 = 0.0153 
 
 
. cs smoke training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        15           4  |         19 
        Noncases |        60          29  |         89 
-----------------+------------------------+------------ 
           Total |        75          33  |        108 
                 |                        | 
            Risk |        .2    .1212121  |   .1759259 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0787879       |   -.0647212    .2222969  
      Risk ratio |             1.65       |    .5925316    4.594691  
 Attr. frac. ex. |         .3939394       |   -.6876736    .7823575  
 Attr. frac. pop |         .3110048       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.98  Pr>chi2 = 0.3219 
 
 
 
. cs dm training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        19           8  |         27 
        Noncases |        63          26  |         89 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |  .2317073    .2352941  |   .2327586 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0035868       |    -.172906    .1657324  
      Risk ratio |         .9847561       |    .4779611    2.028919  
 Prev. frac. ex. |         .0152439       |   -1.028919    .5220389  
 Prev. frac. pop |         .0107759       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.00  Pr>chi2 = 0.9668 
 
 
. cs sympt_gibleed training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        49          22  |         71 
        Noncases |        33          12  |         45 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |   .597561    .6470588  |    .612069 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
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                 |------------------------+------------------------ 
 Risk difference |        -.0494978       |   -.2420296    .1430339  
      Risk ratio |         .9235033       |    .6805655    1.253161  
 Prev. frac. ex. |         .0764967       |   -.2531613    .3194345  
 Prev. frac. pop |         .0540752       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.25  Pr>chi2 = 0.6185 
 
 
. cs sympt_bowelhabit training if nc ==1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        43          19  |         62 
        Noncases |        39          15  |         54 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |  .5243902    .5588235  |   .5344828 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0344333       |   -.2332774    .1644108  
      Risk ratio |         .9383825       |    .6527998      1.3489  
 Prev. frac. ex. |         .0616175       |   -.3489003    .3472002  
 Prev. frac. pop |         .0435572       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.11  Pr>chi2 = 0.7350 
 
 
 
 
. generate or_tumorlocation_rc =. 
(560 missing values generated) 
 
. tab or_tumorlocation 
 
OR_tumorlocation |      Freq.     Percent        Cum. 
-----------------+----------------------------------- 
          Lt COL |         11        9.48        9.48 
      Rect Above |          7        6.03       15.52 
         Rect At |          6        5.17       20.69 
      Rect Below |         17       14.66       35.34 
          Rt COL |         40       34.48       69.83 
Rt COL & Sigmoid |          1        0.86       70.69 
         Sigmoid |         29       25.00       95.69 
      Transv COL |          5        4.31      100.00 
-----------------+----------------------------------- 
           Total |        116      100.00 
 
. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Lt COL" 
(11 real changes made) 
 
. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Rt COL" 
(40 real changes made) 
 
. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Rt COL & Sigmoid" 
(1 real change made) 
 
. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Sigmoid" 
(29 real changes made) 
 
. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Transv COL" 
(5 real changes made) 
 
. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect Above" 
(7 real changes made) 
 
. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect At" 
(6 real changes made) 
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. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect Below" 
(17 real changes made) 
 
. tab or_tumorlocation_rc or_tumorlocation_rc 
 
or_tumorlo |  or_tumorlocation_rc 
 cation_rc |         0          1 |     Total 
-----------+----------------------+---------- 
         0 |        86          0 |        86  
         1 |         0         30 |        30  
-----------+----------------------+---------- 
     Total |        86         30 |       116  
 
 
. cs or_tumorlocation_rc training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        23           7  |         30 
        Noncases |        59          27  |         86 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |  .2804878    .2058824  |   .2586207 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0746055       |   -.0925075    .2417184  
      Risk ratio |         1.362369       |    .6463542    2.871568  
 Attr. frac. ex. |         .2659847       |   -.5471394    .6517583  
 Attr. frac. pop |         .2039216       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.70  Pr>chi2 = 0.4036 
 
 
 
. generate or_tumorlocation_lr = . 
(560 missing values generated) 
 
. replace or_tumorlocation_lr = 0 if or_tumorlocation == "Rt COL" 
(40 real changes made) 
 
. replace or_tumorlocation_lr = 1 if or_tumorlocation != "Rt COL" 
(520 real changes made) 
 
. cs or_tumorlocation_lr training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        55          21  |         76 
        Noncases |        27          13  |         40 
-----------------+------------------------+------------ 
           Total |        82          34  |        116 
                 |                        | 
            Risk |  .6707317    .6176471  |   .6551724 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0530846       |   -.1393431    .2455124  
      Risk ratio |         1.085947       |    .8005879    1.473017  
 Attr. frac. ex. |         .0791444       |    -.249082    .3211214  
 Attr. frac. pop |         .0572755       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.30  Pr>chi2 = 0.5840 
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. cs li training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        26           6  |         32 
        Noncases |        48          22  |         70 
-----------------+------------------------+------------ 
           Total |        74          28  |        102 
                 |                        | 
            Risk |  .3513514    .2142857  |   .3137255 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1370656       |     -.04983    .3239613  
      Risk ratio |          1.63964       |    .7562373    3.554993  
 Attr. frac. ex. |         .3901099       |   -.3223363    .7187055  
 Attr. frac. pop |         .3169643       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.77  Pr>chi2 = 0.1831 
 
. cs vi training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         9           4  |         13 
        Noncases |        65          24  |         89 
-----------------+------------------------+------------ 
           Total |        74          28  |        102 
                 |                        | 
            Risk |  .1216216    .1428571  |    .127451 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0212355       |   -.1707183    .1282472  
      Risk ratio |         .8513514       |    .2849328    2.543755  
 Prev. frac. ex. |         .1486486       |   -1.543755    .7150672  
 Prev. frac. pop |         .1078431       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.08  Pr>chi2 = 0.7741 
 
. cs pni training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        11           2  |         13 
        Noncases |        60          26  |         86 
-----------------+------------------------+------------ 
           Total |        71          28  |         99 
                 |                        | 
            Risk |  .1549296    .0714286  |   .1313131 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |          .083501       |   -.0437132    .2107152  
      Risk ratio |         2.169014       |    .5129994    9.170815  
 Attr. frac. ex. |          .538961       |   -.9493202    .8909584  
 Attr. frac. pop |          .456044       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.23  Pr>chi2 = 0.2679 
 
. cs lymphocyctic_resp training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        36          11  |         47 
        Noncases |        28          12  |         40 
-----------------+------------------------+------------ 
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           Total |        64          23  |         87 
                 |                        | 
            Risk |     .5625    .4782609  |   .5402299 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0842391       |   -.1533473    .3218255  
      Risk ratio |         1.176136       |    .7289227    1.897728  
 Attr. frac. ex. |         .1497585       |   -.3718876     .473054  
 Attr. frac. pop |         .1147086       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.48  Pr>chi2 = 0.4869 
 
 
. cs igradepath_1 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        62          24  |         86 
        Noncases |        12           6  |         18 
-----------------+------------------------+------------ 
           Total |        74          30  |        104 
                 |                        | 
            Risk |  .8378378          .8  |   .8269231 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0378378       |   -.1281163     .203792  
      Risk ratio |         1.047297       |     .853106    1.285692  
 Attr. frac. ex. |         .0451613       |   -.1721872    .2222088  
 Attr. frac. pop |         .0325581       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.21  Pr>chi2 = 0.6440 
 
. cs _Igradepath_2 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         3           3  |          6 
        Noncases |        71          27  |         98 
-----------------+------------------------+------------ 
           Total |        74          30  |        104 
                 |                        | 
            Risk |  .0405405          .1  |   .0576923 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0594595       |   -.1758364    .0569174  
      Risk ratio |         .4054054       |    .0866463    1.896832  
 Prev. frac. ex. |         .5945946       |   -.8968322    .9133537  
 Prev. frac. pop |         .4230769       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.39  Pr>chi2 = 0.2387 
 
. cs _Igradepath_3 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         9           3  |         12 
        Noncases |        65          27  |         92 
-----------------+------------------------+------------ 
           Total |        74          30  |        104 
                 |                        | 
            Risk |  .1216216          .1  |   .1153846 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0216216       |   -.1090309    .1522741  
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      Risk ratio |         1.216216       |    .3534132    4.185418  
 Attr. frac. ex. |         .1777778       |   -1.829549    .7610752  
 Attr. frac. pop |         .1333333       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.10  Pr>chi2 = 0.7545 
 
 
 
. generate istage_of_cancer_1 = . 
(560 missing values generated) 
 
 
. replace istage_of_cancer_1 = 1 if stage_of_cancer == 1 & stage_of_cancer !=. 
(21 real changes made) 
 
. replace istage_of_cancer_1 = 0 if stage_of_cancer != 1 & stage_of_cancer !=. 
(94 real changes made) 
 
. cs istage_of_cancer_1 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        15           6  |         21 
        Noncases |        67          27  |         94 
-----------------+------------------------+------------ 
           Total |        82          33  |        115 
                 |                        | 
            Risk |  .1829268    .1818182  |   .1826087 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0011086       |   -.1548364    .1570537  
      Risk ratio |         1.006098       |    .4273615    2.368562  
 Attr. frac. ex. |         .0060606       |   -1.339939     .577803  
 Attr. frac. pop |          .004329       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.00  Pr>chi2 = 0.9889 
 
 
. cs _Istage_of__2 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        18          11  |         29 
        Noncases |        64          22  |         86 
-----------------+------------------------+------------ 
           Total |        82          33  |        115 
                 |                        | 
            Risk |  .2195122    .3333333  |   .2521739 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.1138211       |   -.2979259    .0702836  
      Risk ratio |         .6585366       |    .3500418    1.238911  
 Prev. frac. ex. |         .3414634       |   -.2389105    .6499582  
 Prev. frac. pop |         .2434783       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.62  Pr>chi2 = 0.2036 
 
. cs _Istage_of__3 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        33           8  |         41 
        Noncases |        49          25  |         74 
-----------------+------------------------+------------ 
           Total |        82          33  |        115 
                 |                        | 
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            Risk |   .402439    .2424242  |   .3565217 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1600148       |   -.0206637    .3406933  
      Risk ratio |         1.660061       |      .85948     3.20636  
 Attr. frac. ex. |         .3976125       |   -.1634942    .6881199  
 Attr. frac. pop |         .3200296       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.63  Pr>chi2 = 0.1051 
 
. cs _Istage_of__4 training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        16           8  |         24 
        Noncases |        66          25  |         91 
-----------------+------------------------+------------ 
           Total |        82          33  |        115 
                 |                        | 
            Risk |   .195122    .2424242  |   .2086957 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0473023       |   -.2168197    .1222151  
      Risk ratio |          .804878       |    .3815928    1.697696  
 Prev. frac. ex. |          .195122       |   -.6976964    .6184072  
 Prev. frac. pop |         .1391304       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.32  Pr>chi2 = 0.5723 
 
 
. generate cea_cat = . 
(560 missing values generated) 
 
. replace cea_cat=1 if cea > 5 & cea !=. 
(28 real changes made) 
 
. replace cea_cat=0 if cea <= 5 & cea !=. 
(60 real changes made) 
 
. cs cea_cat training if nc == 1 
 
                 | TRAINING               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        18          10  |         28 
        Noncases |        45          15  |         60 
-----------------+------------------------+------------ 
           Total |        63          25  |         88 
                 |                        | 
            Risk |  .2857143          .4  |   .3181818 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.1142857       |   -.3363713    .1077998  
      Risk ratio |         .7142857       |    .3847034    1.326227  
 Prev. frac. ex. |         .2857143       |   -.3262272    .6152966  
 Prev. frac. pop |         .2045455       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.08  Pr>chi2 = 0.2992 
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5.0 NMR Spot Urine Metabolomics as a New and Highly 
Sensitive Screening Test for Colorectal Adenomatous Polyps 

 
 
5.1 Abstract 

Background: Colorectal cancer (CRC) is a major public health concern.  

Adenomatous polyps are precursors of CRC and their identification is the basis 

for population-based colon cancer screening programs. Current non-invasive, 

fecal-based screening methods have poor diagnostic sensitivities (range 10-30%) 

for adenomatous polyps and limited patient uptake due to their fecal nature.  

Novel, patient-acceptable, highly sensitive CRC screening modalities are urgently 

required.  Metabolomics is a new science that identifies patterns of small 

molecule metabolites and has been shown to predict health and disease states.  

Aim: The aim of this study was to use metabolomics from a spot urine sample to 

develop a diagnostic test that would distinguish healthy subjects from patients 

with colonic polyps.  We achieved this aim by building and refining a 

metabolomics model that estimated the sensitivity and specificity of adenomatous 

polyps relative to the gold standard of colonoscopy.    

Methods: Through a prospective controlled study, urine samples were collected 

from 354 subjects with normal colonoscopies, 243 subjects with colonic 

adenomatous polyps (215 tubular, 28 villous) and 110 subjects with hyperplastic 

polyps.  One-dimensional nuclear magnetic resonance (NMR) spectra were 

acquired using an Oxford 600Hz NMR spectrometer with a Varian VNMRS two-

channel console.  The 1H NMR spectrum of each urine sample was analyzed 
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using Chenomx NMRSuite v7.0 (Chenomx, Inc. Edmonton, Canada).  The first 

294 of the normal and 200 of the adenoma urine specimens were used as a 

training set to establish the diagnostic metabolomic model using SIMCA-P+ 

v12.0.1 (Umetrics, Umea, Sweden).  The model built was then validated with the 

remaining 60 normal and 43 adenoma samples, as well as the hyperplastic 

samples (the testing set).  

Results: A two-component orthogonal partial least squares (OPLS) model for 

normal vs. adenoma was built; R2Y = 0.396 (model’s fit of data), Q2 = 0.25 

(model’s predictability of data in 7-fold cross-validation).  The model had a 

sensitivity and specificity of 89.5% and 71.8%, respectively.  A receiver operating 

characteristics (ROC) curve was generated and area under the curve (AUC) was 

calculated to be 0.891 (95% CI 0.864, 0.919).  Validation of the model with 103 

blinded samples resulted in sensitivity and specificity values of 72.1% and 40.0%, 

respectively.  When the hyperplastic samples were introduced blindly into the 

adenoma model, exploratory analysis showed that they were more similar to the 

adenomatous polyps than the normals.   

Conclusions: This is the first study to demonstrate that NMR urine metabolomics, 

as a diagnostic test, has the ability to distinguish normal healthy subjects from 

patients with adenomatous polyps with far superior accuracy than that of current 

fecal-based screening tests. Urine metabolomics has the potential to become an 

accurate, non-invasive, and inexpensive screening tool for CRC. 
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5.2 Introduction 

 
Colorectal cancer can be curable if detected early and even preventable if 

identified in the adenomatous polyp stage.  The development of colorectal 

carcinoma is a multi-step process that typically develops over decades and 

requires mutational activation of many oncogenes coupled with the mutational 

inactivation of tumor suppressor genes.  Approximately 80% of the colorectal 

carcinomas develop through the loss of heterozygosity (LOH) pathway involving 

inactivation of APC gene.  Other genes involved in the LOH pathway include K-

ras, DCC and p53.1  The cascade of events described by Fearon and Vogelstein 

begins with a series of genetic mutations that transforms normal colonic mucosa 

through adenoma to carcinoma.2  Adenomatous polyps are precursors of CRC and 

their identification is the basis for population-based CRC screening programs.  

Once identified, adenomatous polyps can be removed endoscopically. Contrary to 

adenomatous polyps, hyperplastic polyps are benign growths in the colon that 

have no malignant potential. 

 

Current world-wide population-based screening uses guaiac-based fecal occult 

blood tests which only have a sensitivity 10-30% in detecting adenomatous 

polyps.3, 4   Newer fecal immunochemical tests (FITs) use antibodies directed 

against human globin and are thus more specific for colorectal bleeding.  Initial 

clinical trials have demonstrated that the diagnostic performance of several FITs 
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is superior to standard guaiac-based tests in detecting both colonic adenomas (20-

67%) and cancers (61-91%).5   

 

It was shown in chapter 4 that urine metabolomics can distinguish healthy 

normals from CRC, but detecting adenomatous polyps is the key in preventing 

CRC.  This chapter examines urine metabolomic fingerprint for colonic 

adenomatous polyps. 

 

5.3 Objectives 

• To identify the most influential metabolites that contribute to the separation, 

in the spot urine metabolomic fingerprint, between patients with colorectal 

adenomatous polyps and those without colorectal adenomatous polyps 

• In patients with colorectal adenomatous polyps and those without colorectal 

adenomatous polyps, using an un-blinded training set of the metabolomic 

fingerprint data defined above, to build and refine a model that would estimate 

the sensitivity and specificity of colorectal adenomatous polyps relative to the 

gold standard of colonoscopy 

• Using a blinded testing set of the metabolomic fingerprint data, to further 

confirm the statistical models and the sensitivity and specificity of the spot 

urine metabolomic fingerprint as a diagnostic test that would distinguish 

patients with colorectal adenomatous polyps from those without.  
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• To compare the sensitivity and specificity of the spot urine metabolomics test 

with those of fecal occult blood test (Hemoccult II) and fecal immune tests, 

namely Hemoccult II, Hemoccult ICT, and MagStream HemSp/HT. 

 

5.4 Material & Methods 

5.4.1 Recruitment and Sample Collection 

Urine samples were collected from 707 subjects aged 39-76 through a regional 

population-based screening program called SCOPE (Stop COlorectal cancer 

through Prevention and Education) in Edmonton, Alberta between April 2008 and 

October 2009.  The screening population consisted of average and high-risk 

individuals (personal or family history of CRC).  The midstream urine samples 

were collected from the screening subjects at the end of the education session 

with subjects in their normal states, i.e. no diet modifications.   The urine sample 

containers were pre-coated with sodium azide drops (27.3mg/mL) to prevent 

bacterial growth.  The urine samples were frozen at -80°C within 24 hours of 

collection and if the samples could not be frozen immediately, they were stored at 

4°C within 4 hours of collection.  All urine samples were collected prior to 

colonoscopy, which was the gold standard for diagnosis.  All polyps identified via 

colonoscopy were removed using standard endoscopic techniques (polypectomy 

snare with electrocautery or polypectomy forceps).  All removed colonic tissue 

was sent for histological analysis.  Pathologists were blinded to the urine 

metabolomics results. Each case was classified according to the most severe 

lesion found on colonoscopy based on polyp size, number and histology.  354 out 
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of 707 had normal colonoscopies, 243 out of 707 had adenomatous polyps, and 

110 out of 707 subjects had hyperplastic polyps.  A screen relevant neoplasm 

(SRN) was defined as any adenoma 1.0 cm or greater in size, any adenoma with 

villous components or high-grade dysplasia on histology or carcinoma of any size. 

Subjects were excluded if they were anuric, oliguric, have end-stage renal failure, 

or on hemo or peritoneal dialysis.  Ethics approval for this study was obtained 

from the Health Research Ethics Board at the University of Alberta. 

 

5.4.2 Sample Analysis 

All urine samples were stored at -80°C until they were ready to be analyzed.  The 

day prior to NMR acquisition, each sample was thawed to room temperature and 

was diluted (1:10) with internal standard consisting of 5 mM sodium 2,2-

dimethyl-2-silapentane-5-sulfonate (DSS), 100 mM imidazole, 0.2% sodium 

azide in 99% D2O.  The samples were stored at 4°C overnight.  On the day of 

NMR acquisition, each sampled was adjusted to a pH between 6.7 and 6.8 and 

aliquoted into 5mm NMR tubes. One-dimensional nuclear magnetic resonance 

spectra was acquired using an Oxford 600Hz NMR spectrometer with a Varian 

VNMRS two channel console and running VNMRJ software version 2.2C on a 

RHEL 4 host computer in the Canadian National High Field NMR Centre 

(NANUC), Edmonton, Alberta. All samples were run at a sweep width (sw) of 

7225.43 Hz. The saturation frequency (sfrq), transmitter offset (tof) and pulse 

width (pw) were all individually calibrated at the start of each day. The tof 

typically ranged from (-213 to -215 Hz) and the pw ranged from 6 to 8 
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microseconds.  Shims were optimized until an acceptable line width value was 

obtained at relative peak heights of: 50% (< 1.0 Hz), 0.55% (< 12.0 Hz), and 

0.11% (< 20.0 Hz) were achieved.  Water suppression was performed. Spectra 

were collected at 25°C through a total of 32 scans over a period of 3.5 minutes; a 

total recycle delay of 5 seconds was also used (i.e. 1 second recovery 

delay/saturation and a 4 second acquisition).  The 1H NMR spectrum of each 

urine sample was analyzed and quantitated using the targeted profiling technique6 

as implemented in Chenomx NMRSuite v7.0 (Chenomx, Inc. Edmonton, 

Canada).  The quantification process was done independently by two individuals 

and verified by a third individual to optimize accuracy.  294 metabolites were 

considered and 72 were found to be significant.   

 

The spectral acquisition and quantification process were performed without the 

knowledge of the pathology results. 

 

5.4.3 Data Analysis 

The first 294 normal and 200 adenoma samples were used as a training set to 

establish the diagnostic metabolomic model of normal vs. adenoma using 

projection-based methods and logistic regression with the aid of SIMCA-P+ 

v12.0.1 (Umetrics, Umea, Sweden) and STATA/SE 10.1 (TX, USA).  The 

metabolite concentrations were normalized (to total metabolite concentration 

except urea) to account for the dilutional differences in the urine samples. Log 

transformation was done to account for the non-normal distributive nature of the 
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concentrations.  Finally, those metabolites that are not products of normal human 

metabolism, i.e. xenobiotics, such as ibuprofen and salicylurate, were excluded.  

Diagnostic accuracies (such as sensitivity, specificity, and AUC for ROC curve) 

were calculated from the statistical model and the model was then validated with 

103 blinded urine samples (60 normal, 43 adenoma), the testing set.  The clinical 

characteristics of the two groups were compared and stratified models were built.  

Chi squared test was used to compare proportional outcomes and student’s t-test 

was used to compare continuous outcomes.  Lastly the urine metabolomic results 

were compared to the fecal test results. 

 

5.4.4 Fecal Test Collection and Analysis 

As part of the SCOPE pilot study, all screening subjects were required to obtain 

stool samples for three fecal tests, namely the Hemoccult II® (Beckman Coulter 

Canada Inc.), Hemoccult ICT® (Beckman Coulter Inc. USA) and the MagStream 

HemSp/HT® (Fujirebio Inc, Japan and Fujirebio Diagnostics Inc, USA) occult 

blood tests.  Each participant was instructed on the proper use of each test kit 

during the educational sessions. All study participants completed the three occult 

blood kits from the same bowel movement on each of two consecutive days at 

home 10 days prior to the booked date of the colonoscopy. No medication or 

dietary restrictions were required prior to or during the stool collection except that 

vitamin C supplements were to be discontinued three days prior.  Stool samples 

were not to be collected three days prior, during or three days after a menstrual 

period, if they had bleeding hemorrhoids or if there was blood in their urine. The 
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Hemoccult II and Hemoccult ICT stool specimens were to be obtained from 2 

portions of 1 bowel movement and applied to the test card windows. MagStream 

HemSp samples were to be obtained from multiple areas of the same bowel 

movements using the collection probes (Hemetubes) provided. Once all stool 

collections were complete, samples from day 1 and day 2 were placed in separate 

plastic biohazard bag and delivered in person to an outpatient collection site. 

Samples were stored at 4°C and analyzed within 4 days of receipt.  All occult 

blood stool samples were analyzed at a single laboratory according to standard 

manufacturer’s instructions. Each occult blood test was analyzed independently 

by trained laboratory personnel who were blinded to patient history and 

colonoscopy results.7 

 

5.5 Results 

5.5.1 Training Set Subject Characteristics 

Table 5.1 lists the demographics and clinical characteristics comparing the normal 

and the adenoma groups.  It is a little surprising that the two groups are quite 

different from each other.  There are more females in the normal group (60%) 

compared to the adenoma group (41%) (p<0.001).  The average age for the 

adenoma group (59.4 ± 0.6 years) is approximately 4 years older than that of the 

normal group (55.3 ± 0.5 years) (p<0.001).  There are more people in the normal 

group with positive family history of CRC (69%) or any cancer (92%) compared 

to the adenoma group (61%, 71% respectively) (p=0.055, p<0.001, respectively), 

and surprisingly more people in the normal group who have altered bowel habits 
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compared to the adenoma group (4% vs. 0.5%, p=0.010).  Smoking and diabetes 

are equally prevalent for the two groups. 

 

Table 5.1: Patient characteristics 

 NORMAL 
[N=294] 
N (%) 

ADENOMA 
[N= 200]  

N (%) 

p-
VALUE 

Male:Female 117:177 118:82 <0.001* 
Average age (years ± SEM) 55.3 ± 0.5  59.4 ± 0.6  <0.001* 
FHx of Colon or Rectal 
cancer 

191 (69) 112 (61) 0.055 

FHx of Any Cancer 230 (92) 141 (71) <0.001* 
Smoking 26 (9) 29 (15) 0.058 
Diabetes 14 (5) 8 (4) 0.687 
GI Bleeding 5 (2) 6 (3) 0.340 
Change in Bowel Habit 13 (4) 1 (0.5)   0.010* 
Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. 
* p≤0.05 
 

Adenomatous polyps were classified according to pathology – 87% of the 

adenomas were tubular and 13% were tubulovillous or villous (figure 5.1).  

Where multiple adenomas were found in the same patient, they were classified by 

the largest or most histologically advanced lesion found.  The presence of high-

grade dysplasia was also noted.  A screen relevant neoplasm (SRN) was defined 

as any adenoma 1.0 cm or greater in size, any adenoma with villous components 

or high-grade dysplasia on histology or carcinoma of any size.  There were 52 out 

of 200 or 26% adenoma subjects with screening relevant neoplasms (figure 5.2).  

The adenomas were fairly evenly distributed along the colon and rectum (figure 

5.3) although the locations of the polyps were endoscopically determined by the 

gastroenterologists/surgeons and there can be a lot of inter-observer variability.   
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Figure 5.1: Adenoma by type 

 
 
Figure 5.2: Screen relevant neoplasm 

 
 
Figure 5.3: Adenoma by location 
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5.5.2 Building the Models 

Unsupervised principal component analysis (PCA) was unable to generate a 

statistically significant model to separate out the two groups.  However, using 

two-component separation, a supervised orthogonal partial least squares (OPLS) 

model was built with R2Y of 0.396, and Q2 of 0.250.  The OPLS scatter plot 

shown below (figure 5.4) illustrates the normal group in black squares and the 

cancer group in red diamonds.  A crude exploratory data analysis shows that 

although there’s some degree of overlap, it is clear that the two groups are 

showing up in different areas of the plot.  A partial least squared discriminate 

analysis (PLS-DA) model was also built and extra components were added so the 

data can be represented using a three-dimensional scatter plot (figure 5.5).   

 

Figure 5.4: OPLS Scatter plot of normal (black squares) vs. adenoma (red 
diamonds) 
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Figure 5.5: PLS-DA 3-D scatter plot of normal (black pyramids) vs. adenoma  

(red pyramids) 

 

 
 
 
The PLS-DA model was again internally validated using permutation tests and the 

validation plot is shown as figure 5.6.  Twenty models were generated and the R2 

and Q2 values for these models are shown on the left side of the validation plot.  

The R2 and Q2 values of the original normal vs. adenoma model are shown far to 

the right.  This validation plot shows that all the R2 and Q2 values for the 

randomly generated models are lower than the original points to the right, that is, 

the model is not over-fit. 
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Figure 5.6: Validation plot 

 
 
 
5.5.3 Diagnostic Accuracies 

A spectrum of sensitivity and specificity were again calculated using the 

Observed vs. Predicted plot (figure 5.7).  Three representative pairs of diagnostic 

accuracies are listed in table 5.2.  Receiver operating characteristics (ROC) curve 

is generated (figure 5.8) from the range of sensitivity and specificity values and 

AUC is calculated to be 0.8913 (95% CI 0.8639, 0.9187). 
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Figure 5.7: Observed vs. predicted plot of normal (black squares) vs. adenoma 
(red diamonds) model 

 

 

Table 5.2: Representative diagnostics for normal vs. adenoma OPLS model 

Cut off level Sensitivity Specificity R2Y Q2 AUC 
0.276579 97.50% 53.06% 
0.422109 89.50% 71.77% 
0.491614 81.00% 80.61% 

0.396 0.25 0.8913 

 
 

Figure 5.8: Receiver operating characteristics (ROC) curve for normal vs. 
adenoma OPLS model 
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5.5.4 Metabolites 

The most contributing metabolites to the separation between normal and adenoma 

are shown in figure 5.9.  

 

Figure 5.9: Variable importance plot of normal vs. adenoma OPLS model 

 
 
The top 10 metabolites that contribute to the separation of normal and adenoma 

(in order of importance) are: butyrate, serine, methanol, β-alanine, asparagine, 3- 

hydroxyphenylacetate, creatinine, histidine, trigonelline, and cis-aconitate.  

Specifically, the top 5 metabolites that are higher in concentration in the adenoma 

samples are asparagine, 3-hydroxyphenylacetate, histidine, trigonelline, and 

creatinine; and those that are higher in normal samples are butyrate, serine, 

methanol, β-alanine, and O-acetylcarnitine.  This is shown by the coefficient plot 

(figure 5.10). 
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Figure 5.10: Coefficient plot for normal vs. adenoma OPLS model 

 

 
 
 
 
5.5.5 Model Analysis 

As there is overlap between the normal group and the adenoma group in the 

OPLS model generated, it was unclear what characteristics contributed to the 

overlap, that is, what clinical characteristics do some of the patients with adenoma 

have that makes them behave like normal and vice versa.  For this, the 

overlapping and non-overlapping groups in the model were studied separately.  

Four groups were generated: 1) Normal Overlapping, 2) Normal Non-

overlapping, 3) Adenoma Overlapping, and 4) Adenoma non-overlapping groups.  

Since we are working with the OPLS model, only one direction of separation had 

to be taken into consideration (left-right).  To generate the subgroups, we took all 

the normal (black square) data points to the right of the right-most adenoma (red 

diamond) data point (excluding the two obvious outliers) and made this the Non-

overlapping Normal group; and the remainder normal data points the Overlapping 
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Normal group. The same process was done for the adenoma data points.  (Figure 

5.11) 

 

Figure 5.11: OPLS scatter plot of normal (black squares) vs. adenoma (red 
diamonds) model with overlapping and non-overlapping groups defined 

 

 

We looked at each combination of the different subgroups and examined the 

metabolites that contribute to the separation separately in an attempt to narrow 

down the list of metabolites that would give us a more powerful model.  Next we 

looked at clinical characteristics that may be different between the subgroups to 

determine the best traits to stratify the groups to generate more predictive models. 

 

5.5.5.2 Subdividing The Normal Group 
 
5.5.5.2.1 Metabolites 

• Adenoma vs. Non-overlapping Normal 

When the adenoma group was plotted against the non-overlapping normal group, 

that is, the group of normal that is the most different from the adenoma group, the 
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top metabolites that drove the separation were:  butyrate, serine, methanol, β-

alanine, and isoleucine (table 5.3). 

 

• Adenoma vs. Overlapping Normal 

When the adenoma group was plotted against the overlapping normal group, that 

is, the group of normal that somehow resembles the adenoma group 

metabolomically, the top metabolites that drove the separation were: butyrate, 

methanol, cis-aconitate, asparagine, and serine (table 5.3). 

 
 

• Overlapping Normal Vs. Non-overlapping Normal 

The overlapping group and the non-overlapping group of normal are plotted 

together on a scatter plot, without the adenoma group, to see what the 

metabolomic difference is between these two groups of normal.  The top 5 

metabolites that contributed to the separation between these two groups of 

Normal were: butyrate, serine, leucine, methanol, and β-alanine (table 5.3). 
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Table 5.3: Summary of metabolites from sub models of normal subjects 

Adenoma vs. Non-
overlapping Normal 

Adenoma vs. 
Overlapping Normal 

Overlapping vs. Non-
overlapping Normal 

Butyrate Butyrate Butyrate* 
Serine Methanol Serine* 
Methanol Cis-Aconitate Leucine* 
β-alanine Asparagine Methanol* 
Isoleucine Serine β-alanine* 
Leucine Tyrosine Isoleucine* 
Trigonelline** Histidine Uracil* 
2-oxoglutarate Urea 2-oxoglutarate* 
O-Acetylcarnitine Creatinine Valine 
Creatinine** 3-Hydroxyphenylacetate Pyroglutamate 
3-
Hydroxyphenylacetate** 

Valine O-Acetylcarnitine* 

Asparagine** π-methylhistidine Threonine 
Citrate** 2-Hydroxyisobutyrate Glutamine 
Uracil Trimethylamine Urea 
3-Hydroxymandelate** Trigonelline Methylguanidine 
* Metabolites in Overlapping vs. Non-overlapping Normal model that are also part of Adenoma 
vs. Non-overlapping Normal model. ** Metabolites in Adenoma vs. Non-overlapping Normal 
model not in Overlapping vs. Non-overlapping Normal model. 
 

 

It was hypothesized that if we eliminated those top metabolites that separate 

overlapping & non-overlapping normal from the main normal vs. adenoma model, 

perhaps we could minimize the difference between the two normal groups and 

achieve greater separation between normal and CRC.  However, this was not the 

case as the R2 and Q2 values are not as good as that for the main model (table 5.4). 
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Table 5.4: Summary of sub-model characteristics  

Model R2Y  Q2  
Main model (Normal vs. Adenoma) 0.396 0.250 
Main model excluding the 9 metabolites in 
Overlapping vs. Non-overlapping Normal 
model that are also part of Adenoma vs. Non-
overlapping Normal model (denoted by *) 

 
0.122 

 
0.009 

Main model using only 6 metabolites in 
Adenoma vs. Non-overlapping Normal model 
not in Overlapping vs. Non-overlapping 
Normal model (denoted by **) 

 
0.089 

 
0.059 

 

 
5.5.5.2.2 Clinical Parameters 

Using logistic regression, clinical characteristics such as age, gender, family 

history, etc of the normal group were tested for their odds of predicting the 

dichotomous outcome of overlap with the adenoma group or not.  The odds ratios 

and p-values are summarized in the table below (table 5.5).  This is an exploratory 

analysis to identify potential factors for stratification. 

 
Table 5.5: Clinical characteristics of the normal group and the odds of 

overlapping with adenoma group  

Variable Odds Ratio p-value 

Gender 1.232 0.391 
Age 1.015 0.314 
Smoking 2.055 0.118 
Diabetes 0.943 0.916 

CRC 1.122 0.662  
Family 
History 

Any cancer 0.723 0.502 

GI bleed 1.071 0.940 Symptoms 
Change bowel habits 0.601 0.371 
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Demographics 

In the normal group, gender and age did not change the odds of overlapping with 

the adenoma group, OR 1.23 (95% CI 0.76, 1.98), p = 0.391 and OR 1.01 (0.99, 

1.04), p = 0.314, respectively.  Even when age was tested by categories of 5 years, 

none of the categories significantly predicts overlap with adenoma.  Although the 

odds of overlapping with adenoma in those that were over the age of 70 was 

almost three times that of those that were younger than 45, but this was not 

statistically significant (p = 0.205) and there might not be enough numbers to see 

this effect.   This was reflected by the wide 95% confidence interval (0.557, 

15.264) of the odds ratio. 

 

Smoking History 

Within the normal group, being a smoker did not increase the odds of overlapping 

with the adenoma group (OR = 2.05, 95% CI = 0.83, 5.06; p = 0.118), but again 

since there were only 26 smokers in the normal group, there might not be enough 

numbers to show a difference. 

 

Diabetes 

Having diabetes did not increase the odds of overlapping with the CRC group 

(OR = 0.94, 95% CI = 0.32, 2.79; p=0.916), although there were only 14 out of 

294 subjects who had diabetes, and this might be too few to show a difference. 
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Family history 

Within the normal group, having a family history of CRC did not increase the 

odds of overlapping with the CRC group (OR = 1.12; 95% CI = 0.67, 1.88; 

p=0.662).  Having a family history of any cancer(s) did not increase the odds of 

overlapping with the cancer group either (OR = 0.72; 95% CI = 0.28, 1.86; 

p=0.502).  

 

Gastrointestinal Symptoms 

Within the normal group, having symptoms of gastrointestinal bleeding (OR = 

1.07; 95% CI = 0.18, 6.51; p=0.940) or changes in bowel habits (OR = 0.60; 95% 

CI = 0.20, 1.84; p=0.371) did not increase the odds of overlapping with the CRC 

group, although the number of subjects with GI symptoms in this screening 

population was small. 

 

5.5.5.3 Subdividing The Adenoma Group 

5.5.5.3.1 Metabolites 
 
• Normal vs. Non-overlapping Adenoma 

When the normal group was plotted against the non-overlapping adenoma group, 

that is, the group of adenoma that was the most different from the normal group, 

the top metabolites that drove the separation were: serine, trigonelline, 

trimethylamine, butyrate, and asparagine (table 5.6). 
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• Normal vs. Overlapping Adenoma 
 
When the normal group was plotted against the overlapping adenoma group, that 

is, the group of adenomas that somehow resembled the normal group 

metabolomically, the top metabolites that drove the separation were butyrate, 

serine, methanol, β-alanine, and creatinine (table 5.6). 

 
 

• Overlapping Cancers Vs. Non-overlapping Adenoma 

The overlapping group and the non-overlapping group of adenoma were plotted 

together on a scatter plot, without the normal group, to see what the metabolomic 

difference was between these two groups of adenoma.  The top 5 metabolites that 

contributed to the separation between these two groups of normal were 

trimethylamine, trigonelline, asparagine, acetate, and histidine (table 5.6). 
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Table 5.6: Summary of metabolites from sub models of Adenoma 

Normal vs. Non-
overlapping Adenoma 

Normal vs. Overlapping 
Adenoma 

Overlapping vs. Non-
overlapping Adenoma 

Serine Butyrate Trimethylamine* 
Trigonelline Serine Trigonelline* 
Trimethylamine Methanol Asparagine* 
Butyrate** β-alanine Acetate 
Asparagine Creatinine Histidine* 
3-Hydroxyphenylacetate 3-Hydroxyphenylacetate Isoleucine* 
Histidine Cis-Aconitate Pyruvate* 
Methanol** Histidine 4-

hydroxyphenylacetate* 
2-Oxoglutarate Asparagine Benzoate* 
Isoleucine Trimethylamine N-oxide 2-Oxoglutarate* 
Benzoate 3-Hydroxymandelate 3-

Hydroxyphenylacetate* 
4-Hydroxyphenylacetate Adipate Serine* 
Pyruvate Carnitine Citrate* 
Cis-Aconitate** O-Acetylcarnitine 3-Hydroxyisovalerate 
Citrate 3-Indoxylsulfate Trimethylamine N-oxide 
* Metabolites in Overlapping vs. Non-overlapping adenoma model that are also in Normal vs. 
Non-overlapping adenoma model.  ** Metabolites in Normal vs. Non-overlapping adenoma model 
not in Overlapping vs. Non-overlapping adenoma model. 
 

Again we hypothesized that if we eliminated those metabolites that separate 

Overlapping & Non-overlapping adenoma from the main model, perhaps we 

could minimize the difference between the two adenoma groups and achieve 

greater separation between normal and adenoma.  However, his was not the case 

as shown in table 5.7. 
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Table 5.7: Summary of sub-model characteristics 

Model R2Y  Q2 
Main model (Normal vs. Adenoma) 0.396 0.250 
Main model excluding 12 metabolites in 
Overlapping vs. Non-overlapping adenoma 
model that are also in Normal vs. Non-
overlapping adenoma model (denoted by*) 

 
0.237 

 
0.127 

Main model using only 3 metabolites in 
Normal vs. Non-overlapping adenoma model 
not in Overlapping vs. Non-overlapping 
adenoma model (denoted by**) 

 
0.186 

 
0.181 

 
 
 
5.5.5.3.2 Clinical Parameters 

Logistic regression analysis was used to test the significance of various clinical 

and pathological variables of adenoma patients on the dichotomous outcome of 

overlapping or non-overlapping with normals.  The odds ratios and p-values are 

summarized in table 5.8.  This is an exploratory analysis to identify potential 

factors for stratification. 
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Table 5.8: Clinical characteristics of the adenoma group and the odds of 
overlapping with normal group  

Variable Odds Ratio p-value 

Gender 0.434   0.031* 
Age 0.989 0.632 
Smoking 0.304   0.006* 
Diabetes 0.425 0.255 

CRC 1.113 0.766 Family history 
Any cancer 0.710 0.393 
GI bleed - - Symptoms 
Change bowel habits - - 
Rectal vs. colon 0.6875 0.410 Location of 

Adenoma  Left vs. right  0.753 0.497 
Villous vs. Tubular 1.134 0.812 Pathology of 

Adenoma  Screening Relevant Neoplasm 
vs. not 0.633 0.225 

Note: There are too few people with symptoms to make any meaningful conclusions. 
* p≤0.05 
 

Demographics 

In the adenoma group, the odds of resembling or overlapping with the normal 

group for males was 0.43 (95% CI 0.20, 0.93) times that of females (p=0.03).  

That is, males were more different than the normal compared to the females.  Age 

did not change the odds of overlapping with normal, OR 0.99 (95% CI 0.95, 

1.03); p=0.632.  Even when age was subdivided into 5-year categories, there was 

not one category that statistically significantly predicts overlapping with normal. 

 

Smoking 

Within the adenoma group, being a smoker did decrease the odds of overlapping 

with the normal group (OR = 0.30; 95% CI = 0.13, 0.71; p = 0.006).  That is, 

smokers were more likely to be different than normal. 
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Diabetes 

Adenoma patients who have diabetes had decreased odds of overlapping with the 

normal group (OR=0.42; 95% CI=0.10, 1.85; p=0.255), but this was not 

statistically significant, although there were only 8 out of 200 subjects who have 

diabetes. 

 
 
 
Family history 

Within the adenoma group, a positive family history of CRC  (OR = 1.11; 95% CI 

= 0.55, 2.25; p=0.766) and a positive family history of any cancer(s) (OR = 0.71; 

95% CI = 0.32, 1.56; p=0.393) did not increase the odds of overlapping with the 

normal group.  

 

Gastrointestinal Symptoms 

Since there were only six people with GI bleeding in the adenoma group and one 

person with altered bowel habits, there was not enough numbers to make 

meaningful conclusions regarding the effects of gastrointestinal symptoms on the 

effects of overlapping with normal. 

 

Location of Adenoma 

When colon and rectal adenomas were separated and compared in their odds of 

overlapping with normal, the rectal adenomas were more likely to be different 

than the normals, but this difference was not statistically significant (OR=0.69; 

95% CI=0.28, 1.68; p=0.410).  There was also no statistically significant 
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difference when left-sided (including transverse, descending colon, sigmoid, and 

rectal) adenomas were compared to right-sided ones (OR=0.75; 95% CI=0.33, 

1.71; p=0.497). 

 

Adenoma Pathology 

In the adenoma group, there were 174 subjects with tubular adenomas and 26 with 

tubulovillous or villous adenomas. Villous adenomas were more likely to become 

malignant than tubular ones1, but logistic regression revealed that the villous 

adenomas were not more likely to be different than normal compared to the 

tubular ones (OR = 1.13; 95% CI = 0.40, 3.21; p=0.812).   

 

A screen relevant neoplasm (SRN) was defined as any adenoma 1.0 cm or greater 

in size, any adenoma with villous components or high-grade dysplasia on 

histology or carcinoma of any size.  There were 52 out of 200 or 26% adenoma 

subjects with screening relevant neoplasms.  The SRNs were more likely to be 

different than the normals compared to the non-SRNs (OR = 0.63; 95% CI = 0.30, 

1.32; p=0.225), but this did not reach statistical significance. 

 

Summary 

In summary, gender and smoking were statistically significant differences 

between the overlapping and non-overlapping adenoma subgroups.  When these 

factors were tested with an overall logistic regression test, they were still all 

statistically different. In fact, the effect size was even bigger when both variables 
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were in the model, so ideally we should do 4-way stratification.  However, since 

there were only 55 smokers in total, four-way stratification would reduce the 

number of samples further thus making it hard to use projection-based methods to 

analyze the data. 

 

5.5.5.4 Stratification 

The above method of model analysis allowed us to narrow down the specific 

clinical characteristics by which to stratify the models – these were gender and 

smoking.  We also chose to stratify by family history of colorectal cancer as this 

is a known risk factor for CRC8, as well as family history of any cancer since this 

stratification was performed for the normal vs. CRC analysis.   

 

5.5.5.4.1 Gender 

 
Separate male and female OPLS models were built for normal vs. adenoma and 

their model characteristics are shown in table 5.9.  Contrary to what was seen for 

the normal vs. CRC analysis, the male model had a numerically better R2Y, a 

comparable Q2 value, and a numerically better AUC compared to the main model, 

suggesting that this urine metabolomics test for adenomas would work better for 

males, but the statistical and clinical significance for this was unclear.  The scatter 

plots for the male and female models are shown as figure 5.12 and 5.13, 

respectively.  Note when the male model was autofit, only one component was 

generated, hence an extra component was added to generate a proper scatter plot 
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shown here, but the R2Y and Q2 values in table 5.9 are those from the autofit 

model. 

 

Table 5.9: Characteristics of gender-stratified models compared to the normal vs. 
adenoma training set model 

Model R2Y Q2  Sens Spec AUC AUC 95% CI 
Main Normal 
vs. Adenoma 
Training Set 
Model 

0.396 0.250 90% 72% 0.8913 0.8639, 0.9187 

Male Model 0.436 0.276 90% 74% 0.9027 0.8655, 0.9398 
Female Model 0.369 0.164 89% 63% 0.8836 0.8421, 0.9250 
 
 
 
Figure 5.12: OPLS scatter plot of the male model of normal (orange triangle) vs. 

adenoma (blue diamonds) 
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Figure 5.13: OPLS scatter plot of the female model of normal (pink squares) vs. 
adenoma (green stars) 

 
 

 
 

5.5.5.4.2 Smoking 

When stratified models for smoking were compared to the main adenoma model, 

the diagnostic accuracies were not improved at all (table 5.10).  Although the 

smoking model had a better AUC, but the Q2 for the model was only 0.04.  This 

was largely due to the fact that there were only 55 people in both the normal and 

adenoma groups who smoke. The scatter plots for the smoking and non-

smoking/ex-smoking/unknown models are shown as figure 5.14 and 5.15, 

respectively.  Again, an extra component had to be generated to create a scatter 

plot for representation of the data for the smoking model.  The scatter plot for the 

smoking model (figure 5.14) gives a false impression that the separation between 

the two groups is very good, but in fact, the Q2 for the model is only 0.04, re-

emphasizing that the model characteristics need to be interpreted together with the 

scatter plots to get an accurate idea of what the data shows.  It is also much easier 
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to find random multivariate correlations when the number of variables exceeds 

the number of samples, as is the case for the smoking model. 

 

Table 5.10: Characteristics of smoking-stratified models compared to the main 
normal vs. adenoma training set model 

Model R2Y Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
Adenoma Training 
Set Model 

0.396 0.250 90% 72% 0.8913 0.8639, 0.9187 

Smoking Model 0.547 0.040 90% 88% 0.9430 0.8836, 1.000 
Non/Ex 
Smoking/Unknown 
Model 

0.378 0.223 90% 66% 0.8819 0.8514, 0.9124 

 
 
 
 
 
 
 
 
 
 
Figure 5.14: OPLS scatter plot of the smoking model of normal (black squares) 

vs. adenoma (red diamonds) 
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Figure 5.15: OPLS scatter plot of the non/ex-smoking/unknown model of normal 
(black squares) vs. adenoma (red diamonds) 

 
 
 
5.5.5.4.3 Family History of Any Cancer 

The normal and adenoma patients were also stratified by family history of any 

cancer and one OPLS model was built for those with a positive family history of 

any cancer and one for those without.  The model characteristics are listed in table 

5.11.  The no/unknown family history model had a much better numerical R2Y, 

Q2, and AUC values compared to the main model and the positive family history 

of any cancer model had comparable model characteristic and diagnostic 

accuracies to the main model.  This is overall suggestive that stratifying by family 

history of cancer can increase the accuracy of this screening urine metabolomic 

test, but the statistical and clinical significance of this is unclear.   The scatter 

plots for the stratified models are shown as figure 5.16 and 5.17, respectively. 
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Table 5.11: Characteristics of adenoma models stratified by family history of any 
cancer compared to the main normal vs. adenoma training set model 

Model R2Y  Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
Adenoma Training 
Set Model 

0.396 0.250 90% 72% 0.8913 0.8639, 0.9187 

No/Unknown 
family history of 
any cancer 

0.573 0.306 95% 88% 0.9502 0.9097, 0.9907 

Family history of 
any cancer 0.407 0.234 90% 73% 0.8957 0.8641, 0.9272 
 

 

Figure 5.16: Normal (black squares) vs. adenoma (red diamonds) OPLS scatter 
plot of the no/unknown family history of any cancer groups  
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Figure 5.17: Normal (black squares) vs. adenoma (red diamonds) OPLS scatter 
plot of the positive family history of any cancer groups 

 
 
 
 
5.5.5.4.4 Family History of Colorectal Cancer 

The normal and CRC patients were also stratified by family history of CRC and 

one OPLS model was built for those with a positive family history of CRC and 

one for those without.  The model characteristics are listed in table 5.12.  The 

no/unknown family history model had numerically better R2Y, comparable Q2, 

and higher AUC values compared to the main model and the positive family 

history of CRC model had a comparable R2Yand higher AUC but a lower Q2 

compared to the main model.  This is overall suggestive that stratifying by family 

history of CRC can increase the accuracy of this screening test, but it is unclear 

whether this is statistically or clinically significant.   The scatter plots for the 

stratified models are shown as figure 5.18 and 5.19, respectively. 
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Table 5.12: Characteristics of models stratified by family history of CRC 
compared to the main model 

Model R2Y  Q2  Sens Spec AUC AUC 95% CI 
Main Normal vs. 
Adenoma Training 
Set Model 

0.396 0.250 90% 72% 0.8913 0.8639, 0.9187 

No/Unknown 
family history CRC 0.502 0.267 91% 80% 0.9296 0.8934, 0.9659 

Family history of 
CRC 0.414 0.213 90% 74% 0.8990 0.8645, 0.9336 

 

 

Figure 5.18: Normal (black squares) vs. adenoma (red diamonds) OPLS scatter 
plot of the no/unknown family history of CRC groups  
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Figure 5.19: Normal (black squares) vs. adenoma (red diamonds) OPLS Scatter 
plot of the positive family history of CRC groups  

 
 
 
 
5.5.6 Validation with Testing Set 

The robustness the metabolomics model is reflected by how well it predicts 

unknowns.  Following our development of the metabolomics model with the un-

blinded training set (see above sections 5.5.2), we next used the blinded testing set 

of 103 urine samples (43 adenoma, 60 normal) to validate the ability of the 

metabolomics model to distinguish normal from patients with colorectal 

adenomas.  

 

Ideally the validation samples should be matched and completely representative 

of the training set.   The clinical characteristics of the training set normal subjects 

were compared to those of the testing set normal subjects (table 5.13), and the 

same was done for the adenoma subjects (table 5.14).  As these validation 

samples are simply subsequently collected normal and adenoma samples and not 
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methodologically matched, there are some differences between the training and 

the testing set.   In the normal group, the number of subjects with a positive 

family history of CRC (69% vs. 54%, p=0.031) and family history of any cancer 

(92% vs. 65%, p<0.001) were significantly more in the training set compared to 

the testing set.  The gender distribution and number of people with changes in 

bowel habits were also approaching statistical significance.  In the adenoma 

group, the testing set subjects were older than the training set subjects (62.2±1.1 

vs. 59.4±0.6; p = 0.034), and again the number of people with a positive family 

history of CRC was significantly more in the training set than the testing set (61% 

vs. 38%, p=0.008).  

 

Table 5.13: Clinical characteristics of normal subjects in the training set vs. 
testing set 

 Training Set 
[n=294] 
N (%) 

Testing Set 
[n=60] 
N (%) 

p-value 

Male:Female 117:177 31:29 0.089 
Average age (years ± SEM) 55.3±0.5 55.7±1.1 0.684 
Smoking 26 (9) 6 (10) 0.839 
Diabetes 14 (5) 4 (7) 0.541 

CRC 191 (69) 31 (54)   0.031* Family 
History Any cancer 230 (92) 39 (65)  <0.001* 

GI bleed 5 (2) 2 (3) 0.410 
Symptoms Change bowel 

habits 13 (4) 0 (0) 0.096 

Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. 
* p≤0.05 
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Table 5.14: Clinical characteristics of adenoma patients in the training set vs. 
testing set  

 Training Set 
(n=200) 
N (%) 

Testing Set 
(n=43) 
N (%) 

p-value 

Male:Female 118:82 27:16 0.646 
Average age (years ± SEM) 59.4±0.6  62.2±1.1   0.034* 
Smoking 29 (15) 10 (24) 0.166 
Diabetes 8(4) 4 (9) 0.145 

CRC 112 (61) 15(38)   0.008* Family 
History Any cancer 141 (71) 27 (63) 0.298 

GI bleed 6 (3) 1 (2) 0.810 Symptoms 
Change bowel habits 1 (0.5) 0 (0) 0.642 
Rectal vs. colon 30 (15) 8 (19) 0.555 Location of 

Adenoma  Left vs. right  149 (75) 27 (63) 0.119 
Villous vs. Tubular 26 (13) 2 (5) 0.120 Pathology of 

Adenoma  Screening Relevant 
Neoplasm vs. not 52 (26) 13 (30) 0.570 

Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. 
* p≤0.05 
 

Diagnostic accuracies were calculated using the same cutoff (0.491614) from the 

original model that resulted in a sensitivity of 81.0% and specificity of 80.6%.  

The sensitivity and specificity from the validation samples are 72.1% and 40.0%, 

respectively. 

 

When only the testing adenoma samples were introduced to the main normal vs. 

adenoma model (figure 5.20) as the prediction set, these samples showed up on 

adenoma side of the model (figure 5.21).  However, when the 60 normal samples 

were introduced to the original model blindly, the samples still tend to be more on 

the adenoma side of the plot (figure 5.22), which is as expected with the 

calculated validation specificity of 40.0%. 
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Figure 5.20: Original normal (black squares) vs. adenoma (red diamonds) OPLS 
scatter plot 

 

 
 
Figure 5.21: Testing set adenoma samples (blue squares) superimposed on normal 

(black triangles) vs. adenoma (red diamonds) OPLS scatter plot  
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Figure 5.22: Testing set normal samples (blue squares) superimposed on normal 
(black triangles) vs. adenoma (red diamonds) OPLS scatter plot  

 
 

 

5.5.7 Validation With Hyperplastic Polyps 

Hyperplastic polyps are benign growth of the colon that have no malignant 

potential.  When 110 urine samples from patients with hyperplastic polyps were 

introduced blindly to the Normal vs. Adenoma model, exploratory analysis shows 

that the hyperplastic polyps were more alike with the adenomatous polyps than 

the normals (figure 5.23).   This is further confirmed when we attempted to 

establish an OPLS model between hyperplastic polyps and adenomatous polyps.  

A meaningful model to separate the two groups could not be constructed; R2Y = 

0.126, Q2 = -0.0771.  Since hyperplastic polyps are not pre-cancerous, we 

expected them to behave more like normals than adenomas, however it seems the 

model was more predictive of a growth and not powerful enough to distinguish 

the type of tumor. 
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Figure 5.23: Hyperplastic samples (blue squares) superimposed on normal (black 
triangles) vs. adenoma (red diamonds) OPLS scatter plot  

 
 
 
 
5.5.8 Adenoma Model vs. CRC Model 

The normal vs. CRC model (chapter 4) is very different than the normal vs. 

adenoma model.  The metabolites that drive the separation between the normal 

and CRC groups are completely different than those that drive the separation 

between normal and adenoma; the top ten in each model are summarized in table 

5.15.  Creatinine and methanol are the only two metabolites in common. 
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Table 5.15: Comparison of top ten contributing metabolites from the normal vs. 
CRC model and the normal vs. adenoma model 

N vs. CRC Model N vs. Adenoma Model 
Hypoxanthine Butyrate 
Dimethylamine Serine 
Creatinine Methanol 
Urea β-alanine 
3-Indoxylsulfate Asparagine 
Adipate 3- Hydroxyphenylacetate 
Methanol Creatinine 
Guanidoacetate Histidine 
3-Hydroxybutyrate Trigonelline 
Acetone Cis-Aconitate 
 

While histologically it is believed that normal colonic mucosa transforms to 

carcinoma through adenomatous polyps2, metabolomically this spectrum of 

events is not so clear.   We attempted to investigate this matter further by 

superimposing the CRC training set onto the normal vs. adenoma model (figure 

5.24) as well as superimposing the adenoma training set onto the normal vs. CRC 

model (figure 5.25).  When the CRC samples are tested in the adenoma model, 

exploratory data analysis revealed that the CRC samples were distributed on both 

sides of the plot, although there’s slightly more on the adenoma side and 

particularly a few outliers on the adenoma side.  When the adenoma samples are 

tested in the CRC model, they are evenly distributed on both sides of the plot, 

suggesting that there is no resemblance of adenomatous polyps to CRC 

metabolomically. 
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Figure 5.24: CRC training samples (blue squares) superimposed on normal (black 
triangles) vs. adenoma (red diamonds) OPLS scatter plot  

 
 

Figure 5.25: Adenoma training samples (blue squares) in normal (black triangles) 
vs. CRC (red diamonds) OPLS scatter plot 

 
 

5.5.9 Comparison of Urine Metabolomic Test to Fecal Tests 

The diagnostic accuracies of urine metabolomic test for adenoma was compared 

to the three fecal tests as part of the SCOPE pilot study and the sensitivity and 

specificity for each test are summarized in table 5.16.  The diagnostics of the fecal 

tests were calculated from the raw SCOPE trial data. Urine metabolomics far 

outperformed the currently used Hemoccult II FOBT in sensitivity (89.5% vs. 
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3.0%).  The newer fecal immune tests had slightly higher sensitivities (13.8% for 

Hemoccult ICT and 18.8% for MagStream HemSp/HT) but still far inferior to the 

urine metabolomics test.  The specificity of the urine metabolomics test was not 

as high as that of the fecal tests (71.8% vs. 99.0%), but as mentioned previously, 

it is more important for a screening test to have a higher sensitivity than 

specificity. Even when the adenomas were divided into villous and tubular 

subgroups, then sensitivity of the MagStream HemSp/HT test merely reached 

50% for villous adenomas. 

 
Table 5.16: Diagnostic accuracies of the urine metabolomics test for adenomas 

compared to fecal tests 

Test Sensitivity (%) Specificity (%) 
Urine Metabolomics  89.5 71.8 
Hemoccult II 3.0 99.0 
Hemoccult ICT 13.8 94.2 
MagStream HemSp/HT 18.8 92.8 
 

 
5.5.10 Commercialization 

To commercialize urine metabolomics as a screening test for adenoma, accuracy 

of the test is very important, but for it to become a population-based test, the cost 

needs to be reasonable.  The normal vs. adenoma model is currently built using 69 

metabolites, but if we can produce a model of acceptable diagnostic accuracies 

using fewer metabolites, then the cost of the test would be much lower. From the 

variable importance plot of the current model, we know, in order of importance, 

the metabolites that contribute most in the separation of the two groups.  We can 

capitalize on this by taking the top metabolites and see what kind of models we 
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can build with them.  The results are summarized in table 5.17. Using the 

concentrations of the top 10 metabolites, namely butyrate, serine, methanol, β-

alanine, creatinine, asparagines, 3-hydroxyphenylacetate, histidine, trigonelline, 

and cis-aconitate, a reasonable OPLS model could be built (R2Y of 0.301, Q2 of 

0.284) with sensitivity and specificity of 87.5% and 60.9% respectively, and an 

AUC of 0.8474.  

 

 

Table 5.17: Model characteristics and diagnostic accuracies of OPLS models built 
with top contributing metabolites 

Model R2Y  Q2  Sens Spec AUC 

Main 
Adenoma 

Model 
0.396 0.250 89.5% 71.8% 0.8913 

Top 5 
metabolites 0.256 0.250 87.0% 61.2% 0.8314 

Top 10 
metabolites 0.301 0.284 87.5% 60.9% 0.8474 

Top 15 
metabolites 0.333 0.304 87.5% 62.9% 0.8639 

Top 20 
metabolites 0.336 0.298 88.5% 62.2% 0.8615 

Top 25 
metabolites 0.361 0.313 87.5% 69.7% 0.8771 

Top 30 
metabolites 0.362 0.303 87.5% 68.7% 0.8768 

 

To ensure that the top metabolites in the variable importance plot were indeed 

more important in establishing the metabolomic fingerprint of colorectal 

adenoma, we validated the process above by attempting to build models using the 

bottom metabolites in the VIP list.  It took 65 metabolites before we could even 
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build an OPLS model, and it was a poorly predictive one (R2Y of 0.195 and Q2 of 

only 0.030). This validates the uniqueness of top metabolites as a diagnostic tool. 

 

 

5.6 Discussion 

5.6.1 Summary 

The role of urine metabolomics in distinguishing subjects with a normal 

colonoscopy from subjects found to have colorectal adenoma(s) was examined in 

this chapter.  The testing set of 294 normal subjects and 200 adenoma patients 

was used to build the OPLS model (R2Y = 0.396, Q2 = 0.250), which was 

internally validated using permutation testing.  A spectrum of diagnostic 

accuracies, namely sensitivity and specificity were calculated and the area under 

the curve was found to be 0.8913.  A representative pair of sensitivity and 

specificity was 89.5% and 71.8% respectively.  When the study subjects were 

stratified by gender, family history of any cancer, and family history of CRC, the 

diagnostic accuracies improved.  The main model was then externally validated 

with a blinded testing set of 103 urine samples and sensitivity and specificity of 

72.1% and 40.0% were achieved.   

 

To our surprise, the subjects with hyperplastic polyps resembled the subjects with 

adenomatous polyps rather than the normal subjects.  And interestingly, the 

metabolites that drive the separation between normal and adenoma are completely 

different than those that drive the separation between normal and CRC.   
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Models were then built using only the top metabolites and diagnostic accuracies 

were calculated.  Using only the top 10 metabolites, sensitivity of 87.5% and 

specificity of 60.9% could be achieved, suggesting commercialization potential 

for this test.   The diagnostic accuracies of the urine metabolomics test for 

adenoma are far superior than those of the fecal occult blood test and newer fecal 

immunochemical tests. 

 

5.6.2 Patient and Disease Characteristics 

The normal and the adenoma group are quite different from each other in terms of 

age, gender, family history of CRC and family history of any cancer, and 

gastrointestinal symptoms, but each of these factors was analyzed statistically to 

see if they falsely contribute to the separation of the two groups and they didn’t; 

in fact, the diagnostic accuracies improved when the model was stratified by 

gender, family history of any cancer and family history of CRC.    

 

It was anticipated that villous adenomas or screen relevant neoplasms would be 

more different than tubular ones, but this was not the case.  

 

5.6.3 Metabolites and Metabolic Pathways 

The top 10 metabolites that separated the normal group from the adenoma group 

were butyrate, serine, methanol, β-alanine, asparagine, 3-hydroxyphenylacetate, 

creatinine, histidine, trigonelline, and cis-aconitate.  
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Butyrate was only found to be present in 3 out of 200 (1.5%) adenoma patients 

while it was found in 109 out of 294 (37%) of normal patients.   Butyrate is a 

short-chain fatty acid generated by microbial fermentation of dietary fibre.9  

Short-chain fatty acids in general are one of the proposed health-promoting 

effects of prebiotics.  Butyrate has been shown to increase apoptosis in both colon 

adenoma and cancer cell lines in a p53-independent way, thus contributing to the 

protection against CRC.10  It also influences a wide array of cellular functions 

affecting colonic health, as such that besides being anti-carcinogenic11, it may 

have anti-inflammatory potential12, affect the intestinal barrier13 and play a role in 

satiety14 and oxidative stress.15  Epidemiological studies have been inconclusive 

and direct evidence for a protective effect of butyrate on colorectal carcinogenesis 

in humans is lacking.16 

 

Serine was another metabolite that was present more in the normal group than the 

adenoma group – 35 out of 200 (17.5%) adenoma vs. 157 out of 294 (53%) 

normals.  Serine is an amino acid derived from glycine that plays a central role in 

cellular proliferation and altered levels of serine and glycine have been noted in 

patients with psychiatric disorders17 and neurological abnormalities18.  Serine is 

an active component of serine protease, which is a group of enzymes that cleaves 

peptides.   Certain serine proteases have been shown to act as tumor 

suppressors.19  Furthermore, certain serine protease inhibitors have been reported 

to promote angiogenesis, induce tumor cell migration, and enhance the invasive 

potential of pancreatic, breast and lung cancer cells20-22 23-25.  It unknown whether 
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higher urine levels of serine reflect a higher systemic level and whether higher 

levels of serine in the normal group allows for more serine proteases to form and 

thus offers a protective effect for colonic adenomas.  As serine is also involved in 

microbial metabolism26, this difference in the presence of serine between the 

normal group and the adenoma group could also represent a difference in the 

microbiota of the two groups.  

 

Since methanol is mainly a product of microbial metabolism, the differences in its 

presence in the two groups may reflect the differences in the microbiota of the 

two groups.26 

 

β-alanine was only present in 8 out of 200 or 4% of adenoma patients and 61 out 

of 294 or 20.7% of normal subjects.  As mentioned in chapter 4, it was only 

present in 2 out of 82 or 2.4% of CRC patients as well.  This metabolite was 

discussed in detail in Chapter 4.  Histidine is a metabolite that is present more in 

the adenoma subjects compared to the normal group.  In the β-alanine metabolism 

pathway [KEGG] 26, carnosine either metabolizes to β-alanine or histidine, hence 

in adenoma patients, carnosine may be preferentially metabolizing to histidine 

rather than β-alanine. 

 

Asparagine was found in more adenoma subjects than normal subjects.  It is a 

non-essential amino acid involved in alanine, aspartate, and glutamate 

metabolism, cyanoamino acid metabolism, and nitrogen metabolism.  It is present 
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in abnormal concentrations in neurological18 and psychological disorders27 as well 

as leukemia28.  However, its role in colorectal and colonic adenoma is unclear. 

 

3- Hydroxyphenylacetate, present in more adenoma patients than normal subjects, 

is a product of phenylalanine metabolism and a substrate of tyrosine metabolism.  

It is also a metabolite of microbial metabolism. 

 

Creatinine and cis-aconitate are both increased in adenoma patients.  Creatinine is 

involved in arginine and proline metabolism and is increased in the urine of 

patients with cancer and cachexia29.  Cis-aconitate is a TCA cycle intermediate 

but is also a metabolite of microbial metabolism. 

 

Trigonelline is an alkaloid originating from dietary sources, particularly coffee30, 

therefore the difference in this metabolite between the two groups may simply be 

a reflection of dietary differences. 

 

Overall, 5 of the top 10 metabolites could be products of microbial metabolism 

(butyrate, serine, methanol, 3-hydroxyphenylacetate, and cis-aconitate), 

emphasizing the importance of microbiota in the development of adenoma and 

CRC.  The human colonic microbiota consists of approximately 1014 bacterial 

cells and more than 1000 different bacterial species, and it plays a pivotal role for 

the maintenance of human health31 and several studies have indicated the 

importance of the intestinal microbiota in the development of various conditions 
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including inflammatory bowel disease32, cancer33, and even obesity34. 

  

5.6.4 Colonic Adenoma vs. CRC 

Metabolomically speaking, colonic adenomas are different than CRCs.  Since 

adenoma is an intermediate step in the pathway of normal colonic epithelium’s 

progression to CRC, it was anticipated that the metabolites that drive the 

separation between normal and adenoma would be quite similar to those that drive 

the separation between normal and CRC, but the concentrations would not be as 

high.  However, completely different metabolomic fingerprints were seen in the 

two models. This may be because the adenoma metabolomic fingerprint simply 

reflects intermediate genetic changes in the multi-step process of the colorectal 

cancer pathway.  

 

5.6.5 Limitations  

As mentioned in the previous chapter, there may have been potential 

misinterpretation on the patients’ part in filling out the questionnaire and 

moreover, the analysis was limited by the number of metabolites contained in the 

Chenomx compound library.  

 

There were also some differences in baseline characteristics between the training 

set and the testing populations.  This is because the testing set samples were not 

methodologically matched to the training set samples, but were simply 

subsequently collected samples.  To improve the robustness of this model, the 
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validation set should be completely comparable to the training set.  This can be 

done by increasing the number of validation samples or by selecting only those 

subjects that have matching baseline characteristics to the training set to validate 

the model.  

 

5.6.6 Bias 

The concepts of disease progression bias, misclassification, spectrum bias, partial 

verification bias, incorporation bias, and review bias addressed in chapter 4 also 

apply to this study. 

 

5.6.7 Strengths of Study 

This is the largest study to demonstrate that urine metabolomics can separate 

subjects with normal colons from patients with colonic adenoma.  The controls in 

this study are not merely healthy volunteers but rather colonoscopy-negative 

controls.  This eliminates metabolomic fingerprints associated with other colonic 

disease and disorders.   The robustness of the model was internally tested with 

permutation testing and also externally validated with a blinded testing set.  The 

sample size was large enough to avoid random correlations when using 

multivariate analysis.  Potential biases and confounders have been addressed. 

 

5.7 Conclusions  

CRC is a preventable disease if identified at the adenomatous polyp stage.  Since 

the development of CRC from normal colonic epithelium takes years and multiple 
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genetic mutations need to occur, regular screening can detect CRC in its early 

stages or in the pre-cancerous adenomatous polyp stage. In this chapter, urine 

metabolomics has been demonstrated to distinguish normal healthy subjects from 

patients with adenomatous polyps with far-superior accuracy than that of current 

guaiac-based and immunochemical fecal tests.  Spot urine metabolomics test has 

the potential to become a new and highly sensitive screening tool for CRC and 

colonic adenomas.  
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5.9 Appendix 
 
Normal vs. Adenoma Group 
 
. cs sex na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       118         117  |        235 
        Noncases |        82         177  |        259 
-----------------+------------------------+------------ 
           Total |       200         294  |        494 
                 |                        | 
            Risk |       .59    .3979592  |   .4757085 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1920408       |     .103855    .2802267  
      Risk ratio |         1.482564       |    1.235901    1.778457  
 Attr. frac. ex. |         .3254929       |    .1908734    .4377149  
 Attr. frac. pop |          .163439       | 
                 +------------------------------------------------- 
                               chi2(1) =    17.60  Pr>chi2 = 0.0000 
 
 
 
. cs famhx_cca na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       112         191  |        303 
        Noncases |        73          85  |        158 
-----------------+------------------------+------------ 
           Total |       185         276  |        461 
                 |                        | 
            Risk |  .6054054     .692029  |   .6572668 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0866236       |   -.1756562     .002409  
      Risk ratio |         .8748267       |    .7601904     1.00675  
 Prev. frac. ex. |         .1251733       |     -.00675    .2398096  
 Prev. frac. pop |         .0502323       | 
                 +------------------------------------------------- 
                               chi2(1) =     3.69  Pr>chi2 = 0.0548 
 
 
 
. cs fh_any_ca na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       141         230  |        371 
        Noncases |        58          21  |         79 
-----------------+------------------------+------------ 
           Total |       199         251  |        450 
                 |                        | 
            Risk |  .7085427    .9163347  |   .8244444 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.2077919       |   -.2796234   -.1359604  
      Risk ratio |         .7732357       |    .7020123    .8516853  
 Prev. frac. ex. |         .2267643       |    .1483147    .2979877  
 Prev. frac. pop |         .1002802       | 
                 +------------------------------------------------- 
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                               chi2(1) =    33.11  Pr>chi2 = 0.0000 
 
 
. cs smoke na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        29          26  |         55 
        Noncases |       164         253  |        417 
-----------------+------------------------+------------ 
           Total |       193         279  |        472 
                 |                        | 
            Risk |  .1502591      .09319  |   .1165254 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0570691       |   -.0037987    .1179369  
      Risk ratio |         1.612395       |    .9813688    2.649176  
 Attr. frac. ex. |         .3798047       |   -.0189849    .6225242  
 Attr. frac. pop |         .2002607       | 
                 +------------------------------------------------- 
                               chi2(1) =     3.61  Pr>chi2 = 0.0575 
 
 
 
 
. cs dm na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         8          14  |         22 
        Noncases |       192         280  |        472 
-----------------+------------------------+------------ 
           Total |       200         294  |        494 
                 |                        | 
            Risk |       .04     .047619  |   .0445344 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         -.007619       |     -.04409    .0288519  
      Risk ratio |              .84       |     .359071    1.965071  
 Prev. frac. ex. |              .16       |   -.9650707     .640929  
 Prev. frac. pop |         .0647773       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.16  Pr>chi2 = 0.6870 
 
 
 
. cs sympt_gibleed na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         6           5  |         11 
        Noncases |       194         288  |        482 
-----------------+------------------------+------------ 
           Total |       200         293  |        493 
                 |                        | 
            Risk |       .03    .0170648  |   .0223124 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0129352       |   -.0149727     .040843  
      Risk ratio |            1.758       |    .5439239    5.681978  
 Attr. frac. ex. |         .4311718       |   -.8384924     .824005  
 Attr. frac. pop |         .2351846       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.91  Pr>chi2 = 0.3397 
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. cs sympt_bowelhabit na if training ==1 
 
                 | NA                     | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         1          13  |         14 
        Noncases |       199         279  |        478 
-----------------+------------------------+------------ 
           Total |       200         292  |        492 
                 |                        | 
            Risk |      .005    .0445205  |   .0284553 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0395205       |    -.065117   -.0139241  
      Risk ratio |         .1123077       |    .0148094    .8516893  
 Prev. frac. ex. |         .8876923       |    .1483107    .9851906  
 Prev. frac. pop |         .3608505       | 
                 +------------------------------------------------- 
                               chi2(1) =     6.71  Pr>chi2 = 0.0096 
 
 
 
. ttest age, by(na), if training==1 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
       0 |     294     55.2619    .4731272    8.112442    54.33075    56.19306 
       1 |     200       59.44    .5528655    7.818699    58.34977    60.53023 
---------+-------------------------------------------------------------------- 
combined |     494    56.95344    .3710253    8.246449    56.22446    57.68243 
---------+-------------------------------------------------------------------- 
    diff |           -4.178095    .7328069               -5.617912   -2.738278 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t =  -5.7015 
Ho: diff = 0                                     degrees of freedom =      492 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.0000         Pr(|T| > |t|) = 0.0000          Pr(T > t) = 1.0000 
 

 
 
Adenoma vs. Non-overlapping Normal 
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Adenoma vs. Overlapping Normal 
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Overlapping vs. Non-Overlapping Normal 
 

 

 
 
 
Logistic regression of overlapping vs. non-overlapping normals on predicting overlap with 
adenoma 
 
. logistic overlap_w_adenoma sex 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       0.74 
                                                  Prob > chi2     =     0.3898 
Log likelihood = -199.14304                       Pseudo R2       =     0.0019 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         sex |      1.232   .2995005     0.86   0.391     .7650375    1.983986 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_adenoma age 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       1.02 
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                                                  Prob > chi2     =     0.3128 
Log likelihood = -199.00348                       Pseudo R2       =     0.0026 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   1.014918   .0149368     1.01   0.314     .9860611     1.04462 
------------------------------------------------------------------------------ 
 
 
. logistic overlap_w_adenoma smoke 
 
Logistic regression                               Number of obs   =        279 
                                                  LR chi2(1)      =       2.66 
                                                  Prob > chi2     =     0.1032 
Log likelihood =  -188.0823                       Pseudo R2       =     0.0070 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       smoke |   2.054563   .9451159     1.57   0.118     .8339883    5.061499 
------------------------------------------------------------------------------ 
 
 
. logistic overlap_w_adenoma dm 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(1)      =       0.01 
                                                  Prob > chi2     =     0.9158 
Log likelihood = -199.50725                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          dm |   .9430894   .5220193    -0.11   0.916     .3187098    2.790682 
------------------------------------------------------------------------------ 
 
 
. logistic overlap_w_adenoma famhx_cca 
 
Logistic regression                               Number of obs   =        276 
                                                  LR chi2(1)      =       0.19 
                                                  Prob > chi2     =     0.6622 
Log likelihood = -188.30439                       Pseudo R2       =     0.0005 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   famhx_cca |   1.121809   .2948914     0.44   0.662     .6701348    1.877912 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_adenoma fh_any_ca 
 
Logistic regression                               Number of obs   =        251 
                                                  LR chi2(1)      =       0.46 
                                                  Prob > chi2     =     0.4958 
Log likelihood = -168.93426                       Pseudo R2       =     0.0014 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   fh_any_ca |   .7234043   .3486446    -0.67   0.502     .2812837    1.860448 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_adenoma sympt_gibleed 
 
Logistic regression                               Number of obs   =        293 
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                                                  LR chi2(1)      =       0.01 
                                                  Prob > chi2     =     0.9401 
Log likelihood = -198.97272                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
sympt_gibl~d |   1.071429   .9864239     0.07   0.940      .176317     6.51077 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_adenoma sympt_bowelhabit 
 
Logistic regression                               Number of obs   =        292 
                                                  LR chi2(1)      =       0.80 
                                                  Prob > chi2     =     0.3707 
Log likelihood = -198.03521                       Pseudo R2       =     0.0020 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
sympt_bowe~t |   .6010453   .3422883    -0.89   0.371     .1968602    1.835086 
------------------------------------------------------------------------------ 
 
 
. generate age_cat_n = . 
(597 missing values generated) 
 
. replace age_cat_n = 1 if age <=45 & training == 1 & na==0 
(38 real changes made) 
 
. replace age_cat_n = 2 if age >45 & age <=50 & training == 1 & na==0 
(39 real changes made) 
 
. replace age_cat_n = 3 if age >50 & age <=55 & training == 1 & na==0 
(84 real changes made) 
 
. replace age_cat_n = 4 if age >55 & age <=60 & training == 1 & na==0 
(64 real changes made) 
 
. replace age_cat_n = 5 if age >60 & age <=65 & training == 1 & na==0 
(37 real changes made) 
 
. replace age_cat_n = 6 if age >65 & age <=70 & training == 1 & na==0 
(20 real changes made) 
 
. replace age_cat_n = 7 if age >70 & age <=75 & training == 1 & na==0 
(10 real changes made) 
 
. replace age_cat_n = 7 if age >75 & training == 1 & na==0 
(2 real changes made) 
 
 
. xi:logistic overlap_w_adenoma i.age_cat_n 
i.age_cat_n       _Iage_cat_n_1-7     (naturally coded; _Iage_cat_n_1 omitted) 
 
Logistic regression                               Number of obs   =        294 
                                                  LR chi2(6)      =       4.85 
                                                  Prob > chi2     =     0.5632 
Log likelihood =  -197.0877                       Pseudo R2       =     0.0122 
 
------------------------------------------------------------------------------ 
overlap_w_~a | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
_Iage_cat_~2 |    .754902   .3519603    -0.60   0.546     .3027138     1.88256 
_Iage_cat_~3 |    .740991   .2976893    -0.75   0.456     .3371686    1.628466 
_Iage_cat_~4 |        .75   .3151672    -0.68   0.494     .3291295    1.709054 
_Iage_cat_~5 |   .6862745   .3232919    -0.80   0.424     .2725911    1.727763 
_Iage_cat_~6 |   1.083333   .6250331     0.14   0.890     .3496699     3.35634 
_Iage_cat_~7 |   2.916667   2.462909     1.27   0.205      .557327    15.26383 
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------------------------------------------------------------------------------ 
 

Normal vs. Non-overlapping Adenoma 
 

 

 
 
Normal vs. Overlapping Adenoma 
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Overlapping vs. Non-Overlapping Adenoma 
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Logistic regression of overlapping vs. non-overlapping adenomas on predicting overlap with 
normal 
 
. logistic overlap_w_normal sex 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       5.03 
                                                  Prob > chi2     =     0.0249 
Log likelihood = -100.27704                       Pseudo R2       =     0.0245 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         sex |   .4348024   .1676927    -2.16   0.031     .2041757    .9259332 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal age 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       0.23 
                                                  Prob > chi2     =     0.6323 
Log likelihood = -102.67686                       Pseudo R2       =     0.0011 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   .9894264    .021969    -0.48   0.632     .9472914    1.033435 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal smoke 
 
Logistic regression                               Number of obs   =        193 
                                                  LR chi2(1)      =       7.26 
                                                  Prob > chi2     =     0.0070 
Log likelihood = -96.182492                       Pseudo R2       =     0.0364 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       smoke |    .304321   .1305558    -2.77   0.006     .1312685    .7055103 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal dm 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       1.19 
                                                  Prob > chi2     =     0.2751 
Log likelihood = -102.19571                       Pseudo R2       =     0.0058 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          dm |   .4248366   .3194789    -1.14   0.255     .0973005    1.854936 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal famhx_cca 
 
Logistic regression                               Number of obs   =        185 
                                                  LR chi2(1)      =       0.09 
                                                  Prob > chi2     =     0.7665 
Log likelihood =  -97.81216                       Pseudo R2       =     0.0005 
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------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   famhx_cca |   1.113095   .4008858     0.30   0.766     .5495012    2.254738 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal fh_any_ca 
 
Logistic regression                               Number of obs   =        199 
                                                  LR chi2(1)      =       0.76 
                                                  Prob > chi2     =     0.3845 
Log likelihood = -102.17687                       Pseudo R2       =     0.0037 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
   fh_any_ca |   .7096354   .2849676    -0.85   0.393     .3230124    1.559019 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal sympt_gibleed 
 
note: sympt_gibleed != 0 predicts success perfectly 
      sympt_gibleed dropped and 6 obs not used 
 
 
Logistic regression                               Number of obs   =        194 
                                                  LR chi2(0)      =       0.00 
                                                  Prob > chi2     =          . 
Log likelihood = -101.35252                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal sympt_bowelhabit 
 
note: sympt_bowelhabit != 0 predicts success perfectly 
      sympt_bowelhabit dropped and 1 obs not used 
 
 
Logistic regression                               Number of obs   =        199 
                                                  LR chi2(0)      =      -0.00 
                                                  Prob > chi2     =          . 
Log likelihood = -102.55494                       Pseudo R2       =    -0.0000 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
------------------------------------------------------------------------------ 
 
 
. generate polyp_location_rc = . 
(597 missing values generated) 
 
. replace polyp_location_rc = 1 if polyp_location == "Rt COL" 
(67 real changes made) 
 
. replace polyp_location_rc = 1 if polyp_location == "Transv COL" 
(32 real changes made) 
 
. replace polyp_location_rc = 1 if polyp_location == "Lt COL" 
(30 real changes made) 
 
. replace polyp_location_rc = 1 if polyp_location == "Sigmoid" 
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(76 real changes made) 
 
. replace polyp_location_rc = 2 if polyp_location == "Rectum" 
(38 real changes made) 
 
 
. tab polyp_location_rc 
 
polyp_locat | 
     ion_rc |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |        205       84.36       84.36 
          2 |         38       15.64      100.00 
------------+----------------------------------- 
      Total |        243      100.00 
 
. logistic overlap_w_normal polyp_location_rc 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       0.65 
                                                  Prob > chi2     =     0.4198 
Log likelihood = -102.46587                       Pseudo R2       =     0.0032 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
polyp_loca~c |      .6875   .3129592    -0.82   0.410     .2817049    1.677842 
------------------------------------------------------------------------------ 
 
 
. generate polyp_location_lr = . 
(597 missing values generated) 
 
. replace polyp_location_lr = 1 if polyp_location == "Rt COL" 
(67 real changes made) 
 
. replace polyp_location_lr = 1 if polyp_location == "Lt COL" 
(30 real changes made) 
 
. replace polyp_location_lr = 2 if polyp_location == "Transv COL" 
(32 real changes made) 
 
. replace polyp_location_lr = 2 if polyp_location == "Lt COL" 
(30 real changes made) 
 
. replace polyp_location_lr = 2 if polyp_location == "Sigmoid" 
(76 real changes made) 
 
. replace polyp_location_lr = 2 if polyp_location == "Rectum" 
(38 real changes made) 
 
. tab polyp_location_lr 
 
polyp_locat | 
     ion_lr |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |         67       27.57       27.57 
          2 |        176       72.43      100.00 
------------+----------------------------------- 
      Total |        243      100.00 
 
. logistic overlap_w_normal polyp_location_lr 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       0.48 
                                                  Prob > chi2     =     0.4897 
Log likelihood = -102.55275                       Pseudo R2       =     0.0023 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
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polyp_loca~r |   .7532468   .3140636    -0.68   0.497     .3326839    1.705465 
------------------------------------------------------------------------------ 
 
. browse 
 
. generate path_vt = . 
(597 missing values generated) 
 
. replace path_vt = 1 if path == "T" 
(170 real changes made) 
 
. replace path_vt = 1 if path == "A" 
(41 real changes made) 
 
. replace path_vt = 2 if path == "V" 
(27 real changes made) 
 
. replace path_vt = 1 if path == "T-" 
(4 real changes made) 
 
. replace path_vt = 2 if path == "V-" 
(1 real change made) 
 
. tab path_vt 
 
    path_vt |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |        215       88.48       88.48 
          2 |         28       11.52      100.00 
------------+----------------------------------- 
      Total |        243      100.00 
 
. logistic overlap_w_normal path_vt 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       0.06 
                                                  Prob > chi2     =     0.8106 
Log likelihood = -102.76262                       Pseudo R2       =     0.0003 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
     path_vt |   1.134307   .6022994     0.24   0.812      .400641    3.211482 
------------------------------------------------------------------------------ 

 
 
 
Age of adenoma patients divided by category 
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. generate age_cat_a = . 
(597 missing values generated) 
 
. replace age_cat_a = 1 if age <=50 & training == 1 & na==1 
(20 real changes made) 
 
. replace age_cat_a = 2 if age >50 & age <=55 & training == 1 & na==1 
(48 real changes made) 
 
. replace age_cat_a = 3 if age >55 & age <=60 & training == 1 & na==1 
(39 real changes made) 
 
. replace age_cat_a = 4 if age >60 & age <=65 & training == 1 & na==1 
(42 real changes made) 
 
. replace age_cat_a = 5 if age >65 & age <=70 & training == 1 & na==1 
(30 real changes made) 
 
. replace age_cat_a = 6 if age >70 & age <=75 & training == 1 & na==1 
(17 real changes made) 
 
. replace age_cat_a = 6 if age >75 & training == 1 & na==1 
(1 real change made) 
 
. browse 
 
. tab age_cat_a 
 
  age_cat_a |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |         23       11.50       11.50 
          2 |         48       24.00       35.50 
          3 |         39       19.50       55.00 
          4 |         42       21.00       76.00 
          5 |         30       15.00       91.00 
          6 |         18        9.00      100.00 
------------+----------------------------------- 
      Total |        200      100.00 
 
. xi:logistic overlap_w_normal i.age_cat_a 
i.age_cat_a       _Iage_cat_a_1-6     (naturally coded; _Iage_cat_a_1 omitted) 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(5)      =       5.30 
                                                  Prob > chi2     =     0.3799 
Log likelihood = -100.13927                       Pseudo R2       =     0.0258 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
_Iage_cat_~2 |   1.052632   .7081884     0.08   0.939     .2815826     3.93502 
_Iage_cat_~3 |   1.157895   .8184287     0.21   0.836     .2897469    4.627212 
_Iage_cat_~4 |   .4210526   .2695311    -1.35   0.177     .1200747    1.476459 
_Iage_cat_~5 |   .6917293   .4836999    -0.53   0.598     .1756805    2.723635 
_Iage_cat_~6 |   1.052632   .8823487     0.06   0.951     .2035976     5.44227 
------------------------------------------------------------------------------ 

 
 
. logistic overlap_w_normal srn if training == 1 
 
Logistic regression                               Number of obs   =        200 
                                                  LR chi2(1)      =       1.43 
                                                  Prob > chi2     =     0.2317 
Log likelihood = -102.07628                       Pseudo R2       =     0.0070 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         srn |   .6333333   .2384834    -1.21   0.225     .3027681    1.324813 
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------------------------------------------------------------------------------ 
 
 
 
. logistic overlap_w_normal sex smoke 
 
Logistic regression                               Number of obs   =        193 
                                                  LR chi2(2)      =      13.79 
                                                  Prob > chi2     =     0.0010 
Log likelihood = -92.915551                       Pseudo R2       =     0.0691 
 
------------------------------------------------------------------------------ 
overlap_w_~l | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         sex |   .3695259   .1510271    -2.44   0.015     .1658649    .8232567 
       smoke |    .287499   .1269998    -2.82   0.005     .1209557    .6833546 
------------------------------------------------------------------------------ 
 
.  
 

Training vs. Testing Set 
 
Normals 
 
. tab training na 
 
           |          NA 
  Training |         0          1 |     Total 
-----------+----------------------+---------- 
         0 |        60         43 |       103  
         1 |       294        200 |       494  
-----------+----------------------+---------- 
     Total |       354        243 |       597  
 
 
 
 
. ttest age, by(training), if na==0 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
       0 |      60    55.73333    1.080612    8.370381    53.57103    57.89563 
       1 |     294     55.2619    .4731272    8.112442    54.33075    56.19306 
---------+-------------------------------------------------------------------- 
combined |     354    55.34181    .4329874     8.14661    54.49025    56.19337 
---------+-------------------------------------------------------------------- 
    diff |            .4714286    1.155427               -1.800981    2.743838 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t =   0.4080 
Ho: diff = 0                                     degrees of freedom =      352 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.6582         Pr(|T| > |t|) = 0.6835          Pr(T > t) = 0.3418 
 
 
 
. cs sex training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       117          31  |        148 
        Noncases |       177          29  |        206 
-----------------+------------------------+------------ 
           Total |       294          60  |        354 
                 |                        | 
            Risk |  .3979592    .5166667  |   .4180791 
                 |                        | 
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                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.1187075       |   -.2569782    .0195632  
      Risk ratio |         .7702436       |    .5808339     1.02142  
 Prev. frac. ex. |         .2297564       |   -.0214196    .4191661  
 Prev. frac. pop |         .1908147       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.89  Pr>chi2 = 0.0893 
 
 
 
. cs famhx_cca training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       191          31  |        222 
        Noncases |        85          26  |        111 
-----------------+------------------------+------------ 
           Total |       276          57  |        333 
                 |                        | 
            Risk |   .692029    .5438596  |   .6666667 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .1481693       |    .0078654    .2884733  
      Risk ratio |          1.27244       |    .9905459    1.634558  
 Attr. frac. ex. |         .2141086       |   -.0095443    .3882137  
 Attr. frac. pop |         .1842105       | 
                 +------------------------------------------------- 
                               chi2(1) =     4.67  Pr>chi2 = 0.0307 
 
 
 
. cs fh_any_ca training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       230          39  |        269 
        Noncases |        21          21  |         42 
-----------------+------------------------+------------ 
           Total |       251          60  |        311 
                 |                        | 
            Risk |  .9163347         .65  |   .8649518 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .2663347       |      .14088    .3917893  
      Risk ratio |         1.409746       |    1.166503     1.70371  
 Attr. frac. ex. |         .2906522       |    .1427367    .4130457  
 Attr. frac. pop |          .248513       | 
                 +------------------------------------------------- 
                               chi2(1) =    29.41  Pr>chi2 = 0.0000 
 
 
 
. cs smoke training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        26           6  |         32 
        Noncases |       253          53  |        306 
-----------------+------------------------+------------ 
           Total |       279          59  |        338 
                 |                        | 
            Risk |    .09319    .1016949  |   .0946746 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
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 Risk difference |         -.008505       |   -.0928345    .0758246  
      Risk ratio |          .916368       |    .3947803    2.127083  
 Prev. frac. ex. |          .083632       |   -1.127083    .6052197  
 Prev. frac. pop |         .0690335       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.04  Pr>chi2 = 0.8393 
 
 
 
. cs dm training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        14           4  |         18 
        Noncases |       280          56  |        336 
-----------------+------------------------+------------ 
           Total |       294          60  |        354 
                 |                        | 
            Risk |   .047619    .0666667  |   .0508475 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0190476       |    -.086696    .0486008  
      Risk ratio |         .7142857       |    .2435531    2.094837  
 Prev. frac. ex. |         .2857143       |   -1.094837    .7564469  
 Prev. frac. pop |         .2372881       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.37  Pr>chi2 = 0.5405 
 
 
 
. cs sympt_gibleed training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         5           2  |          7 
        Noncases |       288          58  |        346 
-----------------+------------------------+------------ 
           Total |       293          60  |        353 
                 |                        | 
            Risk |  .0170648    .0333333  |     .01983 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0162685       |   -.0640484    .0315114  
      Risk ratio |         .5119454       |    .1017059    2.576922  
 Prev. frac. ex. |         .4880546       |   -1.576922    .8982941  
 Prev. frac. pop |         .4050992       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.68  Pr>chi2 = 0.4102 
 
 
 
. cs sympt_bowelhabit training if na==0 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        13           0  |         13 
        Noncases |       279          60  |        339 
-----------------+------------------------+------------ 
           Total |       292          60  |        352 
                 |                        | 
            Risk |  .0445205           0  |   .0369318 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0445205       |    .0208642    .0681769  
      Risk ratio |                .       |           .           .  



 

233 

 Attr. frac. ex. |                1       |           .           .  
 Attr. frac. pop |                1       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.77  Pr>chi2 = 0.0958 
 
 

Adenoma 
 
. ttest age, by(training), if na==1 
 
Two-sample t test with equal variances 
------------------------------------------------------------------------------ 
   Group |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
       0 |      43    62.18605    1.053001    6.904987    60.06101    64.31109 
       1 |     200       59.44    .5528655    7.818699    58.34977    60.53023 
---------+-------------------------------------------------------------------- 
combined |     243    59.92593    .4954417    7.723172       58.95    60.90185 
---------+-------------------------------------------------------------------- 
    diff |            2.746047    1.288832                .2072319    5.284861 
------------------------------------------------------------------------------ 
    diff = mean(0) - mean(1)                                      t =   2.1306 
Ho: diff = 0                                     degrees of freedom =      241 
 
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 
 Pr(T < t) = 0.9829         Pr(|T| > |t|) = 0.0341          Pr(T > t) = 0.0171 
 
 
 
. cs sex training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       118          27  |        145 
        Noncases |        82          16  |         98 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .59     .627907  |   .5967078 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         -.037907       |   -.1976529    .1218389  
      Risk ratio |         .9396296       |     .726343    1.215547  
 Prev. frac. ex. |         .0603704       |   -.2155468     .273657  
 Prev. frac. pop |         .0496875       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.21  Pr>chi2 = 0.6457 
 
 
 
. cs famhx_cca training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       112          15  |        127 
        Noncases |        73          25  |         98 
-----------------+------------------------+------------ 
           Total |       185          40  |        225 
                 |                        | 
            Risk |  .6054054        .375  |   .5644444 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .2304054       |    .0646676    .3961432  
      Risk ratio |         1.614414       |    1.064308    2.448852  
 Attr. frac. ex. |         .3805804       |    .0604226    .5916455  
 Attr. frac. pop |         .3356299       | 
                 +------------------------------------------------- 
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                               chi2(1) =     7.10  Pr>chi2 = 0.0077 
 
 
 
. cs fh_any_ca training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       141          27  |        168 
        Noncases |        58          16  |         74 
-----------------+------------------------+------------ 
           Total |       199          43  |        242 
                 |                        | 
            Risk |  .7085427     .627907  |   .6942149 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0806357       |   -.0770314    .2383029  
      Risk ratio |          1.12842       |     .881684    1.444204  
 Attr. frac. ex. |          .113805       |   -.1341932     .307577  
 Attr. frac. pop |          .095515       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.08  Pr>chi2 = 0.2980 
 
 
 
. cs smoke training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        29          10  |         39 
        Noncases |       164          32  |        196 
-----------------+------------------------+------------ 
           Total |       193          42  |        235 
                 |                        | 
            Risk |  .1502591    .2380952  |   .1659574 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0878362       |   -.2261595    .0504872  
      Risk ratio |         .6310881       |    .3339057    1.192768  
 Prev. frac. ex. |         .3689119       |   -.1927684    .6660943  
 Prev. frac. pop |         .3029787       | 
                 +------------------------------------------------- 
                               chi2(1) =     1.92  Pr>chi2 = 0.1656 
 
 
 
. cs dm training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         8           4  |         12 
        Noncases |       192          39  |        231 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .04    .0930233  |   .0493827 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0530233       |   -.1439895     .037943  
      Risk ratio |              .43       |    .1355934    1.363636  
 Prev. frac. ex. |              .57       |   -.3636358    .8644066  
 Prev. frac. pop |         .4691358       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.12  Pr>chi2 = 0.1454 
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. cs sympt_gibleed training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         6           1  |          7 
        Noncases |       194          42  |        236 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .03    .0232558  |   .0288066 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |         .0067442       |   -.0441302    .0576186  
      Risk ratio |             1.29       |    .1593635    10.44217  
 Attr. frac. ex. |         .2248062       |   -5.274963    .9042344  
 Attr. frac. pop |          .192691       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.06  Pr>chi2 = 0.8104 
 
 
 
. cs sympt_bowelhabit training if na==1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |         1           0  |          1 
        Noncases |       199          43  |        242 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |      .005           0  |   .0041152 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |             .005       |   -.0047753    .0147753  
      Risk ratio |                .       |           .           .  
 Attr. frac. ex. |                1       |           .           .  
 Attr. frac. pop |                1       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.22  Pr>chi2 = 0.6422 
 
 
 
 
. generate path_vt_01 = . 
(597 missing values generated) 
 
. replace path_vt_01 = 0 if path_vt == 1 
(215 real changes made) 
 
. replace path_vt_01 = 1 if path_vt == 2 
(28 real changes made) 
 
. cs path_vt_01 training if na == 1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        26           2  |         28 
        Noncases |       174          41  |        215 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .13    .0465116  |   .1152263 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
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                 |------------------------+------------------------ 
 Risk difference |         .0834884       |    .0051669    .1618099  
      Risk ratio |            2.795       |    .6892547    11.33402  
 Attr. frac. ex. |         .6422182       |   -.4508425      .91177  
 Attr. frac. pop |         .5963455       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.42  Pr>chi2 = 0.1198 
 
 
 
. cs srn training if na == 1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        52          13  |         65 
        Noncases |       148          30  |        178 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .26    .3023256  |   .2674897 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0423256       |   -.1924546    .1078034  
      Risk ratio |              .86       |    .5160583    1.433172  
 Prev. frac. ex. |              .14       |   -.4331715    .4839417  
 Prev. frac. pop |         .1152263       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.32  Pr>chi2 = 0.5695 
 
 
 
 
. generate polyp_location_lr_01 = . 
(597 missing values generated) 
 
. replace polyp_location_lr_01 = 0 if polyp_location_lr == 1 
(67 real changes made) 
 
. replace polyp_location_lr_01 = 1 if polyp_location_lr == 2 
(176 real changes made) 
 
 
 
. cs polyp_location_lr_01 training if na == 1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |       149          27  |        176 
        Noncases |        51          16  |         67 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |      .745     .627907  |   .7242798 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |          .117093       |   -.0395001    .2736862  
      Risk ratio |         1.186481       |    .9296349    1.514292  
 Attr. frac. ex. |         .1571718       |   -.0756911    .3396252  
 Attr. frac. pop |         .1330603       | 
                 +------------------------------------------------- 
                               chi2(1) =     2.43  Pr>chi2 = 0.1190 
 
. generate polyp_location_rc_01 = . 
(597 missing values generated) 
 
 
. replace polyp_location_rc_01 = 0 if polyp_location_rc == 1 



 

237 

(205 real changes made) 
 
. replace polyp_location_rc_01 = 1 if polyp_location_rc == 2 
(38 real changes made) 
 
. cs polyp_location_rc_01 training if na == 1 
 
                 | Training               | 
                 |   Exposed   Unexposed  |      Total 
-----------------+------------------------+------------ 
           Cases |        30           8  |         38 
        Noncases |       170          35  |        205 
-----------------+------------------------+------------ 
           Total |       200          43  |        243 
                 |                        | 
            Risk |       .15    .1860465  |   .1563786 
                 |                        | 
                 |      Point estimate    |    [95% Conf. Interval] 
                 |------------------------+------------------------ 
 Risk difference |        -.0360465       |   -.1624483    .0903552  
      Risk ratio |           .80625       |    .3976245    1.634806  
 Prev. frac. ex. |           .19375       |   -.6348063    .6023755  
 Prev. frac. pop |          .159465       | 
                 +------------------------------------------------- 
                               chi2(1) =     0.35  Pr>chi2 = 0.5549 
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6.0 The Metabolomic Fingerprint of Colorectal Cancer Remains 
After Curative Treatment 

 

6.1 Abstract 

Background: The urine metabolomic fingerprint of CRC could represent an early 

detection method for this common disease, but it s unclear whether this urine 

fingerprint persists in patients after curative treatment of CRC. 

 

Aim: The aim of this chapter was to use projection-based methods to assess 

whether there are any differences in the urine metabolomic fingerprint of pre and 

post curative treatment CRC patients.  Whether the CRC-predictive metabolites 

changed after curative resection therapy was also studied.  

 

Methods: Urine samples were collected from 23 CRC patients at 3 months to 1 

year after curative treatment of the CRC.  The urine samples were analyzed using 

an Oxford 600Hz nuclear magnetic resonance (NMR) spectrometer with a Varian 

VNMRS two-channel console.  The 1H NMR spectrum of each urine sample was 

analyzed using Chenomx NMRSuite v7.0 (Chenomx, Inc. Edmonton, Canada) 

and the metabolite concentrations were subsequently compared to the pre-

treatment ones of the same patients.  Projection-based models were used to 

separate the pre and post-treatment samples. 

 

Results: When analyzed as a group, the pre-treatment CRC urine metabolomic 

fingerprint was not different from the post-treatment urine metabolomic 
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fingerprint.  Six out of 23 CRC patients showed a recovery tendency towards 

normal.  Only 2 of 10 CRC-predictive metabolites, hypoxanthine and 3-

hydroxybutyrate, returned towards normal following CRC curative resection and 

treatment.  

 

Conclusions: This study was not able to demonstrate a difference in the 

metabolomic fingerprint of CRC after curative treatment.   

 

 
6.2 Introduction 

Colorectal cancer is among the leading causes of death in North America, but it 

can be curable with surgical or a combination of surgical and medical treatments 

if identified early.  However, about half of those that are thought to be curatively 

treated will develop recurrent or metastatic disease within 3 to 5 years of 

treatment, despite the absence of clinical, histological, and biochemical evidence 

of remaining overt disease after resection.  The availability of validated biological 

markers for detection of complete resolution of disease after treatment and for 

early detection of recurrent disease can be one way to increase survival in these 

colorectal cancer patients.1  Several studies have been published with 

distinguishing metabolites for CRC2-9, but few have addressed what happens to 

these metabolites after the CRC has been cured and whether any of the 

metabolites could be used to detect CRC recurrence.  The urine metabolomic 

fingerprint for post-treatment CRC is being investigated in this chapter.  
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Two recently published studies showed a clear and significant separation between 

the urines of pre-op, post-op colorectal cancer patients and healthy controls using 

advanced statistical methods.7, 9  Ma et al. used UPLC/MS (ultra high 

performance liquid chromatography / mass spectroscopy) to examine the urine 

samples of 24 colorectal cancer patients both before and after their cancer 

operations, and that of 9 controls.  They noted that when compared to the healthy 

controls, pre-op colorectal cancer patients had significantly increased levels of 

low-molecular weight compounds 283 and 234, and these compounds decreased 

significantly after the operation.9  Qiu et al. examined the urine metabolite profile 

of 60 CRC patients using GC/MS and showed metabolic alterations between the 

preoperative and postoperative states.7 

 

Given the results of the recent publications, we wanted to test this phenomenon in 

our population of colorectal cancer patients -- that is, to examine what happens to 

the metabolomic urinalysis of our CRC patients after they are cured by their 

surgical +/- medical treatments.  Curative treatment was defined as not having any 

residual macroscopic cancer after surgery.  We hypothesized that the 

metabolomic fingerprint of colorectal cancer would change post treatment. 

 

6.3 Objectives 

• To assess, using projection-based modeling, differences in the urine 

metabolomics of CRC patients before and after curative resection therapy 
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• To determine if the CRC-predictive metabolites changed after curative 

resection therapy 

 

6.4 Material & Methods 

6.4.1 Recruitment and Sample Collection 

All patients in the training and testing CRC groups who met the inclusion criteria 

were contacted for the post op study via telephone between 3 months to 1 year 

after their CRC treatment when their diet, activities, medications etc. would have 

returned to baseline.  Those who were treated with adjuvant chemotherapy were 

recruited 3 months to 1 year after they had completed their treatment to remove 

the effects that chemotherapy would have on metabolism.  Patients were not 

recruited for the post-op study if they refused to participate, were unreachable by 

telephone, lived out of town, did not have curative treatment(s), still undergoing 

adjuvant treatment, or were deceased.  Upon enrolling into the study, subjects 

were asked whether there were any changes in their medical conditions, 

medications, and family history since they were enrolled into the pre-op study.  

Clinical information such as the stage of cancer, adjuvant therapy, and CEA levels 

was collected from the patients’ medical records.  Specifically the CEA level 

around the time of post op urine collection was noted.  The urine samples were 

collected from the patients in their normal state of diet and activity and in 

containers coated with sodium azide.  Patients were contacted by telephone and 

urine containers were couriered to their place of residence. 
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From January 2009 to August 2010, 116 CRC patients were screened for this 

study and urine samples were collected from 23 patients (18 from the training set 

and 5 from the testing set).  At the time of screening, 33 patients were either out 

of town, could not be reached via telephone or refused to participate in the study; 

15 patients had either unresectable or metastatic CRC; 11 patients were deceased; 

17 were still undergoing adjuvant treatment; and the rest were either past the 1 

year post op time point or were still within 3 months of surgery. 

  

6.4.2 Sample Analysis 

All urine samples were stored at -80°C until they were ready to be analyzed.  The 

day prior to NMR acquisition, each sample was thawed to room temperature and 

was diluted (1:10) with internal standard consisting of 5 mM sodium 2,2-

dimethyl-2-silapentane-5-sulfonate (DSS), 100 mM imidazole, 0.2% sodium 

azide in 99% D2O.  The samples were stored at 4°C overnight.  On the day of 

NMR acquisition, each sampled was adjusted to a pH between 6.7 and 6.8 and 

aliquoted into 5mm NMR tubes. One-dimensional nuclear magnetic resonance 

spectra was acquired using an Oxford 600Hz NMR spectrometer with a Varian 

VNMRS two channel console and running VNMRJ software version 2.2C on a 

RHEL 4 host computer in the Canadian National High Field NMR Centre 

(NANUC), Edmonton, Alberta. All samples were run at a sweep width (sw) of 

7225.43 Hz. The saturation frequency (sfrq), transmitter offset (tof) and pulse 

width (pw) were all individually calibrated at the start of each day. The tof 

typically ranged from (-213 to -215 Hz) and the pw ranged from 6 to 8 
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microseconds.  Shims were optimized until an acceptable line width value was 

obtained at relative peak heights of: 50% (< 1.0 Hz), 0.55% (< 12.0 Hz), and 

0.11% (< 20.0 Hz) were achieved.  Water suppression was performed. Spectra 

were collected at 25°C through a total of 32 scans over a period of 3.5 minutes; a 

total recycle delay of 5 seconds was also used (i.e. 1 second recovery 

delay/saturation and a 4 second acquisition).  The 1H NMR spectrum of each 

urine sample was analyzed and quantitated using the targeted profiling 

technique10 as implemented in Chenomx NMRSuite v7.0 (Chenomx, Inc. 

Edmonton, Canada).  The quantification process was done independently by two 

individuals and verified by a third individual to optimize accuracy.  294 

metabolites were considered and 72 were significant.   

 

The spectral acquisition and quantification process were performed without the 

knowledge of the pathology results. 

 

6.4.3 Data Analysis 

The twenty-three pairs of samples were analyzed using projection-based methods 

with the aid of SIMCA-P+ v12.0.1 (Umetrics, Umea, Sweden).  The metabolite 

concentrations were normalized (to total metabolite concentration except urea) to 

account for the dilutional differences in the urine samples.  Log transformation 

was done to account for the non-normal distributive nature of the concentrations.  

Finally, those metabolites that are not products of normal human metabolism, i.e. 

xenobiotics, such as ibuprofen and salicylurate, were excluded.   The pre-
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treatment and post-treatment groups were compared to each other but also the 

post-treatment group was checked against the normal vs. CRC model.  In 

addition, the concentrations of the top contributing metabolites in the CRC model 

were examined in the pre and post-treatment groups to see if there were any 

differences between the two states.  This was statistically analyzed using paired 

student’s t-test (STATA/SE 10.1 (TX, USA)) as the two groups of data were from 

the same population of patients. 

 

6.5 Results 

6.5.1 Patient Characteristics 

The demographics and characteristics of the patients enrolled in the post-

treatment study are listed in table 6.1.  The average time of the post-treatment 

urine collection was 8.8 months from surgery. 
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Table 6.1: Post curative treatment patient characteristics 

 Post op 
Patients 
(n=23) 
N (%) 

Male:Female 17:6 
Age at Diagnosis (years ± SEM) 69.4 ± 2.0 
Smoking 5 (23) 
Diabetes 5 (22) 

CRC 4 (17) 
Family history 

Any cancer 16 (70) 
GI bleed 11 (48) 

Symptoms 
Change bowel habits 12 (52) 
Rectal vs. colon 8 (35) 

Location of cancer  
Left vs. right  17 (74) 
Lymphatic 4 (17) 
Vascular 2 (8) 
Perineural 0 (0) 
Lymphocytic 6 (33) 

Well 22 (96) 
Moderate 0 

Pathology of 
Cancer 

Grade 
High 1(4) 

Stage 1 13 (57) 
Stage 2 5 (22) 
Stage 3 5 (22) 

Cancer stage  

Stage 4 0 (0) 
Pre-op CEA (>5 vs. <=5) 4 (22) 
Post-op CEA (at time of urine collection) (>5 vs. <=5) 1 (5) 
Adjuvant Chemotherapy 3 (13) 
Note: Not all % are calculated with the denominator of the total in each group as some clinical 
information was missing or unknown. 
 

 
 
6.5.2 Building and Analyzing the Models 

An unsupervised principal component analysis (PCA) model was built using the 

pre and the post-treatment CRC sample concentrations.  Auto-fitting by SIMCA 
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resulted in a two component model and a scatter plot was generated (figure 6.1).   

The sample labels were shown on the plot to compare the individual pairs of pre 

and post-treatment samples.  The overlapped sample labels are clarified in the 

textboxes shown in figure 6.1.  Careful analysis of the scatter plot revealed that 

there were three categories of samples.  Ten pairs of pre and post-treatment 

samples were within the same quadrant and fairly close to each other on the 

scatter plot (6009, 6539, 6538, 6532, 7018, 7004, 7021, 6540, 6520, 7033).  The 

other 13 pairs were all on different quadrants on the scatter plot, nine across one 

quadrant (5071, 7000, 7020, 5006, 7014, 5043, 6527, 5026, 6018) and four across 

two (7012, 6013, 6512, 7022).   

 

The clinical characteristics were analyzed against these categories to see if there 

were any other correlating factors and there were not.   For example, the three 

patients who received adjuvant chemotherapy (7021, 5043, and 6013) were 

evenly distributed with one in each category.  There was also no specific pattern 

for the three out the four subjects with elevated preoperative CEA that returned to 

normal in the post-treatment state (6539, 7018, and 6013).  

 

It is unclear whether these categories identified above are significant or even 

meaningful since they are generated from a PCA plot and as previously stated, 

PCA is unsupervised and can be separating based on many other factors and not 

necessarily based on the pre and post-treatment groups.  Supervised PLS or OPLS 
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models were attempted to separate the pre and post-treatment groups, but could 

not be generated as the Q2Y values were negative.  
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Figure 6.1: Scatter plot of pre-treatment (red diamonds) vs. post-treatment (black squares) CRC patients PCA model 
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6540 

5043 
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The post-treatment samples were superimposed onto the original normal versus 

CRC model OPLS scatter plot to assess whether the post-treatment samples were 

more alike the CRC samples or the normal samples (figure 6.2).   It is fairly clear 

from exploratory data analysis that the post-treatment samples are distributed 

mostly on the CRC side of the plot.  More objectively, when Y-predicted values 

were generated for the post-treatment samples, 17 out of 23 were higher than the 

cutoff of 0.212925, that is, on the cancer side of the plot.  

 

Figure 6.2: Post treatment CRC samples (blue squares) superimposed on normal 
(black triangles) vs. CRC (red diamonds) OPLS scatter plot 

 
 

To further illustrate any changes in post-treatment CRC samples compared to the 

pre-treatment ones, a new Normal (n=294) vs. Pre-treatment CRC (n=23) OPLS 

model was built (scatter plot shown in figure 6.3).  The post-treatment CRC 

samples (n=23) were superimposed onto this scatter plot and it can be seen that 

three of the samples actually migrated to the normal side of the OPLS scatter plot 

(6009, 6512, 7033) shown in figure 6.4.  Three other samples also migrated 

towards the normal side of the scatter plot and have Y-predicted values lower than 
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the cancer cutoff of 0.212925, that is, they would have been interpreted as normal 

(6538, 6539, and 7014) (figure 6.5).   This means that 6 of the 23 CRC patients 

showed a recovering tendency towards normal state after they have had their 

curative treatment(s).  Interestingly, all these patients had early stage CRC (5/6 

stage 1, 1/6 stage 2) and 5 out of these 6 patients did not have a family history of 

CRC. 

 

Figure 6.3: Normal (black squares) vs. pre-treatment CRC (red diamonds) OPLS 
scatter plot 
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Figure 6.4: Post-treatment CRC samples (blue squares) superimposed on the 
normal (black triangles) vs. pre-treatment CRC samples (red diamonds) 
model specifically showing the three CRC samples that migrated to the 
normal side of the scatter plot (7033, 6512, 6009) 

 
 

 
 
Figure 6.5: Post-treatment CRC samples (blue squares) superimposed on the 

normal (black triangles) vs. pre-treatment CRC samples (red diamonds) 
model specifically showing the other three CRC samples that migrated 
towards the normal side of the scatter plot (6538, 6539, 7014) 
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When the three groups (normal, pre-treatment, and post-treatment CRC patients) 

were plotted on the same OPLS scatter plot, there was not a good separation 

between the pre (red diamonds) and post-treatment (blue diamonds) groups. 

(Figure 6.6) 

 

Figure 6.6: OPLS scatter plot of normal (black squares) vs. pre-treatment CRC 
(red diamonds) and post treatment CRC patients (blue diamonds) 

 

 
 
 
 
 
6.5.3 Metabolites 

The top ten contributing metabolites in the normal versus CRC model 

(hypoxanthine, creatinine, dimethylamine, 3-indoxylsulfate, methanol, adipate, 

urea, guanidoacetate, 3-hydroxybutyrate, and acetone) were analyzed to see if 

their levels significantly changed after the curative treatment of CRC.  Paired 

student’s t-test was used to compare the concentrations of the metabolite 

concentrations and the results are shown in table 6.2.  Also shown in table 6.2 is 
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the average concentration of the metabolites in the normal control group from the 

previous normal vs. CRC analysis, to determine whether the post-treatment 

changes in the metabolite concentration were towards that of the normal or not.  

 

Table 6.2: Comparison of the concentrations of the top 10 contributing 
metabolites generated from the normal vs. CRC model in the pre-
treatment and post-treatment samples using paired student’s t-test; also 
shown is the average metabolite concentration in the normal control 
group 

 

Metabolites 

Pre-treatment 
CRC 

 Average 
Metabolite 

Concentration 
(µM) 

Post-treatment 
CRC 

Average 
Metabolite 

Concentration 
(µM) 

p-value 

Normal 
Control 
Average 

Metabolite 
Concentration 

(µM) 
Hypoxanthine 55.5 79.9 0.398 18.2 
Creatinine 10,162.4 20,973.6 0.064 5584.6 
Dimethylamine 374.1 743.2 0.082 185.4 
3-indoxylsulfate 259.8 526.0 0.056 126.1 
Methanol 20.0 82.3 0.029 76.8 
Adipate 7.0 0 0.328 0.7 
Urea 150,026.4 343,737.4 0.074 141,544.5 
Guanidoacetate 107.6 289.2 0.052 180.6 
3-
Hydroxybutyrate 19.7 3.7 0.058 13.3 

Acetone 14.1 53.3 0.139 9.5 
 
 

Several metabolites were quite different between the pre and post-treatment 

groups; in fact, seven out of ten metabolites had p-values <0.1, namely creatinine, 

dimethylamine, 3-indoxylsulfate, methanol, urea, guanidoacetate, and 3-

hydroxybutyrate.  When these seven metabolites were more carefully analyzed, it 

was determined that for three of them (methanol, guanidoacetate, and 3-

hydroxybutyrate), the direction of change from the pre to the post-treatment states 
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was in the same direction as that towards the normal concentration.  For example, 

the average concentration of methanol was 76.8µM in the normal group and 

20.0µM in the pre-treatment CRC group and this increased to 82.3µM in the post-

treatment CRC group.  This showed a recovering tendency towards healthy state 

in the post-treatment samples.  However, for the other four metabolites 

(creatinine, dimethylamine, 3-indoxylsulfate, and urea), the direction of change 

was the opposite. 

 

Examining the raw concentrations of the urine samples overlooks the effects of 

different hydration states, thus the normalized concentrations of the metabolites 

would likely give a more realistic representation of any differences between the 

pre and post-treatment groups (table 6.3).  Normalization was to total metabolite 

concentration minus urea concentration, i.e.  ([metabolite]/([total metabolite]-

[urea]).  When the normalized data is examined, only hypoxanthine and 3-

hydroxybutyrate levels are different in the post-treatment state compared to the 

pre-treatment state, both showing a recovering tendency towards healthy state. 
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Table 6.3: Comparison of the normalized concentrations of the top 10 
contributing metabolites generated from the normal vs. CRC model in 
the pre-treatment and post-treatment samples using paired student’s t-
test; also shown is the normalized average metabolite concentration in 
the normal control group 

 

Metabolites 

Pre-treatment 
CRC 

Average 
Normalized 
Metabolite 

Concentration  

Post-treatment 
CRC  

Average 
Normalized 
Metabolite 

Concentration  

p-
value 

Normal 
Control 
Average 

Normalized 
Metabolite 

Concentration 
Hypoxanthine 0.00193 0.00111 0.031 0.00092 
Creatinine 0.41833 0.40870 0.734 0.33153 
Dimethylamine 0.01562 0.01435 0.259 0.01137 
3-indoxylsulfate 0.01020 0.00992 0.858 0.00667 
Methanol 0.00130 0.00188 0.209 0.00484 
Adipate 0.00014 0 0.328 0.00005 
Urea 7.00514 7.24626 0.784 10.42251 
Guanidoacetate 0.00473 0.00576 0.344 0.01132 
3-
Hydroxybutyrate 0.00059 0.00013 0.033 0.00058 

Acetone 0.00094 0.00080 0.550 0.00082 
 
 

 

6.6 Discussion 

6.6.1 Summary 

The urine metabolomic fingerprint of post-treatment CRC patients was studied in 

this chapter.  Twenty-three urine samples were collected from CRC patients who 

underwent curative surgical resection with or without adjuvant chemotherapy 

approximately 3 months to 1 year post-treatment.  Using projection-based 

methods, a model to separate the pre and the post-treatment groups was attempted 

but could not be built due to the lack of difference between the two groups.  When 

the post-treatment group samples were validated against the normal vs. CRC 
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model (from chapter 4), they were more like the CRC patients, and when all three 

groups were represented on in an OPLS scatter plot, the pre and post-treatment 

samples could not be separated.  However, a more targeted analysis of the pre and 

post-treatment samples using a new normal vs. pre-treatment CRC OPLS model 

demonstrated that 6 out of the 23 CRC patients’ metabolomic fingerprints showed 

a recovery tendency towards normal.   All of these six patients had early stage 

CRC and 5 out of 6 had no family history of CRC.  This could suggest that early 

stage CRC metabolomic fingerprints are more likely to revert to normal after 

treatment or that patients without a positive family history of CRC are not 

‘genetically pre-dispositioned to have CRC’ and thus their metabolomic 

fingerprint of CRC disappears after treatment, however, the number of patients in 

this study is too small to draw any definitive conclusions.  This will be explored 

further as more post-treatment patients are recruited.  

 

When the top CRC-predictive metabolites were analyzed, there were some 

significant differences in seven out of the ten metabolites between the pre and 

post-treatment groups, however, less than half of these showed a recovering 

tendency towards normal.  When the normalized concentrations were examined, 

only 2 of 10 CRC-predictive metabolites, namely hypoxanthine and 3-

hydroxybutyrate, returned towards normal following CRC curative resection and 

treatment.  This explains why the post-treatment group, for the most part, did not 

resemble the normal group when analyzed using the projection-based methods. 
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6.6.2 Comparison to Literature 

Unlike what is shown in the literature7, 9, the post-treatment patient samples in this 

study could not be easily separated from the pre-treatment ones using projection-

based methods.  There are several differences between this study and the two in 

the literature.  In Qiu’s study, the post-operative urine sample was collected on 

the seventh day after surgery and in Ma’s study, the post operative urine sample 

was also collected in the immediate post op period, although the exact timing was 

unspecified.  In contrast, for this study, the urine samples were collected 3 months 

to 1 year after the definitive treatments are finished.  There are many metabolic 

changes in the immediate post-operative stages, such as recent bowel preps, fluid 

and electrolyte derangements, perioperative medications, and altered activity 

levels, therefore we elected to collect the post-treatment urine sample when the 

subjects’ metabolisms would have presumably returned to their baselines.  

Another advantage that this study has over the others is that only those patients 

with curative intent were included, i.e. those with metastatic cancer were 

excluded.  In Qiu’s study, 9 of the CRC patients had stage IV or metastatic CRC, 

so after the colon resection surgery there would have been residual CRC cells in 

the body and hence metabolism would still be affected by these CRC cells.  

Therefore, the separation of the pre and post-operative patients demonstrated in 

the literature may not be due to the CRC being removed but rather a host of other 

potential factors.   Moreover, both Ma & Qiu’s study subjects are from China 

whereas the patients for this study are from Northern Alberta (Edmonton and 
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Grande Prairie).  The differences in patient ethnicity, climate, and diet can also 

significantly change the subjects’ metabolite profiles. 

 

6.6.3 Limitations  

The major limitation in this study is the small sample size, which makes it 

difficult to use projection-based multivariate methods to analyze the samples.  

After screening all 116 CRC patients included in the normal vs. CRC analysis 

(chapter 4), only 23 subjects fit the inclusion criteria so far.  About a third of the 

patients were either out of town, cannot be reached via telephone or refused to 

participate in the study.  Due to the geographical distributions of Alberta, many 

patients live in the small towns around the periphery of Edmonton and Grande 

Prairie and traveled to the city to have their surgeries, but many find it quite 

difficult or troublesome to travel to the city to participate in this follow up study.  

At the cut-off time for recruitment into this study (Aug 2010) there were still 

many CRC patients who were still undergoing adjuvant treatment or were within 

three months of their surgery date, therefore in a few months time there will be 

more patients that could qualify for this study.  

 

As mentioned in the previous chapters, the number of metabolites analyzed for 

this post-treatment group is limited by the Chenomx compound library. 
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6.6.4 Strengths of Study 

The advantages of this study, as stated above, are the timing of collection of the 

post-treatment samples and the exclusion of the metastatic CRC patients. 

These two modifications from the existing studies in the literature theoretically 

result in a more homogenous patient population and also remove the potential 

confounding perioperative changes in metabolism from the analysis. 

 
 
6.7 Conclusions 
 
This post-treatment study showed that when analyzed as a group, the pre-

treatment CRC urine metabolomic fingerprint was not different from the post-

treatment urine metabolomic fingerprint.  However a quarter of the patients did 

show a recovery tendency towards normal after curative treatment of their CRC.  

Two of 10 CRC-predictive metabolites trend towards normal following CRC 

curative resection and treatment.  
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6.9 Appendix 
 
 
. tab sex if postop == 0 
 
        Sex |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |          6       26.09       26.09 
          1 |         17       73.91      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. sum age if postop==0 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         age |        23     69.3913    9.731575         51         86 
 
. sum age if 
invalid syntax 
r(198); 
 
. sum age 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         age |        23     69.3913    9.731575         51         86 
 
. tab famhx_cca 
 
  Famhx_cca |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         19       82.61       82.61 
          1 |          4       17.39      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab fh_any_ca 
 
  FH_ANY_CA |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |          7       30.43       30.43 
          1 |         16       69.57      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab smoke 
 
      Smoke |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         17       77.27       77.27 
          1 |          5       22.73      100.00 
------------+----------------------------------- 
      Total |         22      100.00 
 
. tab dm 
 
         DM |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         18       78.26       78.26 
          1 |          5       21.74      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab sympt_gibleed 
 
Sympt_GIble | 
         ed |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         12       52.17       52.17 
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          1 |         11       47.83      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab sympt_bowelhabit 
 
Sympt_bowel | 
      habit |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         11       47.83       47.83 
          1 |         12       52.17      100.00 
------------+----------------------------------- 
      Total |         23      100.00 

 

. generate or_tumorlocation_rc =. 

(46 missing values generated) 

. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Rt COL" 

(6 real changes made) 

. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Lt COL" 

(2 real changes made 

. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Sigmoid" 

(6 real changes made) 

. replace or_tumorlocation_rc = 0 if or_tumorlocation == "Rt COL & Sigmoid" 

(1 real change made) 

. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect Below" 

(5 real changes made) 

 

. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect At" 

(1 real change made) 

. replace or_tumorlocation_rc = 1 if or_tumorlocation == "Rect Above" 

(2 real changes made) 

. tab or_tumorlocation_rc 

 

or_tumorloc | 
   ation_rc |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         15       65.22       65.22 
          1 |          8       34.78      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. generate or_tumorlocation_lr =. 

(46 missing values generated) 

. replace or_tumorlocation_lr = 0 if or_tumorlocation == "Rt COL" 

(6 real changes made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Lt COL" 
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(2 real changes made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Sigmoid" 

(6 real changes made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Rt COL & Sigmoid" 

(1 real change made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Rect Below" 

(5 real changes made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Rect At" 

(1 real change made) 

. replace or_tumorlocation_lr = 1 if or_tumorlocation == "Rect Above" 

(2 real changes made) 

 

. tab or_tumorlocation_lr 
or_tumorloc | 
   ation_lr |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |          6       26.09       26.09 
          1 |         17       73.91      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab li 
 
         LI |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         19       82.61       82.61 
          1 |          4       17.39      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
 
 
. tab vi 
 
         VI |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         21       91.30       91.30 
          1 |          2        8.70      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. tab pni 
 
        PNI |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         21      100.00      100.00 
------------+----------------------------------- 
      Total |         21      100.00 
 
. tab lymphocyctic_resp 
 
Lymphocycti | 
     c_resp |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         12       66.67       66.67 
          1 |          6       33.33      100.00 
------------+----------------------------------- 
      Total |         18      100.00 
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. tab gradepath 
 
  GradePath |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |         22       95.65       95.65 
          3 |          1        4.35      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
 
. tab stage 
 
STAGE_of_Ca | 
       ncer |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          1 |         13       56.52       56.52 
          2 |          5       21.74       78.26 
          3 |          5       21.74      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. generate CEA_cat 
=exp required 
r(100); 
 
. generate CEA_cat =. 
(47 missing values generated) 
 
. replace CEA_cat = 0 if cea <=5 & cea !=. 
(14 real changes made) 
 
. replace CEA_cat = 1 if cea > 5 & cea !=. 
(4 real changes made) 
 
. tab CEA_cat 
 
    CEA_cat |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         14       77.78       77.78 
          1 |          4       22.22      100.00 
------------+----------------------------------- 
      Total |         18      100.00 
 
. generate postcea_cat = . 
(47 missing values generated) 
 
. replace postcea_cat = 0 if cea_at_post_op_collection <=5 & 
cea_at_post_op_collection !=. 
(19 real changes made) 
 
. replace postcea_cat = 1 if cea_at_post_op_collection > 5 & 
cea_at_post_op_collection !=. 
(1 real change made) 
 
. tab postcea_cat 
 
postcea_cat |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |         19       95.00       95.00 
          1 |          1        5.00      100.00 
------------+----------------------------------- 
      Total |         20      100.00 
 
. tab post_op_chemoyn 
 
Post_op_Che | 
       moyn |      Freq.     Percent        Cum. 
------------+----------------------------------- 



 

265 

          0 |         20       86.96       86.96 
          1 |          3       13.04      100.00 
------------+----------------------------------- 
      Total |         23      100.00 
 
. sum time_from_or 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
time_from_or |        23    8.782609    3.204493          4         14 

 
 
. ttest hypoxanthine = hypoxanthine_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
hypoxa~e |      23    55.45652    12.37113    59.32983    29.80038    81.11267 
hypoxa~t |      23    79.92609    29.67827     142.332    18.37711    141.4751 
---------+-------------------------------------------------------------------- 
    diff |      23   -24.46956    28.36762    136.0463   -83.30041    34.36128 
------------------------------------------------------------------------------ 
     mean(diff) = mean(hypoxanthine - hypoxanthine_p~t)           t =  -0.8626 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.1988         Pr(|T| > |t|) = 0.3977          Pr(T > t) = 0.8012 
 
. ttest creatinine = creatinine_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
creati~e |      23    10162.43    1432.794    6871.437    7190.998    13133.86 
creati~t |      23    20973.58    5865.074    28127.91    8810.164       33137 
---------+-------------------------------------------------------------------- 
    diff |      23   -10811.15    5553.426    26633.29   -22328.25    705.9481 
------------------------------------------------------------------------------ 
     mean(diff) = mean(creatinine - creatinine_post)              t =  -1.9468 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0322         Pr(|T| > |t|) = 0.0644          Pr(T > t) = 0.9678 
 
. ttest dimethylamine = dimethylamine_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
dimeth~e |      23    374.1261    57.36578    275.1166    255.1567    493.0954 
dimeth~t |      23    743.1565    212.9026    1021.045    301.6236    1184.689 
---------+-------------------------------------------------------------------- 
    diff |      23   -369.0304    202.5175    971.2398    -789.026    50.96515 
------------------------------------------------------------------------------ 
     mean(diff) = mean(dimethylamine - dimethylamine_~t)          t =  -1.8222 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0410         Pr(|T| > |t|) = 0.0820          Pr(T > t) = 0.9590 
 
. ttest indoxylsulfate= indoxylsulfate_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
indoxy~e |      23    259.8217    48.43363    232.2795    159.3765    360.2669 
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indoxy~t |      23    525.9696    146.1294    700.8122    222.9157    829.0235 
---------+-------------------------------------------------------------------- 
    diff |      23   -266.1478    131.6651    631.4437   -539.2046    6.908911 
------------------------------------------------------------------------------ 
     mean(diff) = mean(indoxylsulfate - indoxylsulfate~t)         t =  -2.0214 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0278         Pr(|T| > |t|) = 0.0556          Pr(T > t) = 0.9722 
 
. ttest methanol= methanol_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
methanol |      23    19.96087    3.251067    15.59157    13.21857    26.70317 
methan~t |      23    82.35652    27.70549    132.8709    24.89885    139.8142 
---------+-------------------------------------------------------------------- 
    diff |      23   -62.39565    26.78432    128.4531   -117.9429   -6.848374 
------------------------------------------------------------------------------ 
     mean(diff) = mean(methanol - methanol_post)                  t =  -2.3296 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0147         Pr(|T| > |t|) = 0.0294          Pr(T > t) = 0.9853 
 
. ttest adipate= adipate_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
 adipate |      23    7.026087    7.026087    33.69593   -7.545126     21.5973 
adipat~t |      23           0           0           0           0           0 
---------+-------------------------------------------------------------------- 
    diff |      23    7.026087    7.026087    33.69593   -7.545126     21.5973 
------------------------------------------------------------------------------ 
     mean(diff) = mean(adipate - adipate_post)                    t =   1.0000 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.8359         Pr(|T| > |t|) = 0.3282          Pr(T > t) = 0.1641 
 
. ttest urea= urea_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
    urea |      23    150026.4    19722.01    94583.46    109125.4    190927.3 
urea_p~t |      23    343737.4    101332.3    485972.7    133587.1    553887.8 
---------+-------------------------------------------------------------------- 
    diff |      23   -193711.1      103395    495864.9   -408139.2    20716.98 
------------------------------------------------------------------------------ 
     mean(diff) = mean(urea - urea_post)                          t =  -1.8735 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0372         Pr(|T| > |t|) = 0.0743          Pr(T > t) = 0.9628 
 
. ttest guanidoacetate= guandidoacetate_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
guanid~e |      23    107.5609    21.88041    104.9348    62.18367    152.9381 
guandi~t |      23    289.1783    90.95651    436.2121     100.546    477.8105 
---------+-------------------------------------------------------------------- 
    diff |      23   -181.6174    88.51358    424.4962   -365.1833    1.948542 
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------------------------------------------------------------------------------ 
     mean(diff) = mean(guanidoacetate - guandidoacetat~t)         t =  -2.0519 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0261         Pr(|T| > |t|) = 0.0523          Pr(T > t) = 0.9739 
 
. ttest hydroxybutyrate= hydroxybutyrate_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
hydrox~e |      23    19.66087    7.455353    35.75462    4.199415    35.12233 
hydrox~t |      23    3.747826    2.238558    10.73575   -.8946587    8.390311 
---------+-------------------------------------------------------------------- 
    diff |      23    15.91304    7.952478    38.13875   -.5793869    32.40547 
------------------------------------------------------------------------------ 
     mean(diff) = mean(hydroxybutyrate - hydroxybutyrat~t)        t =   2.0010 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.9711         Pr(|T| > |t|) = 0.0579          Pr(T > t) = 0.0289 
 
. ttest acetone= acetone_post 
 
Paired t test 
------------------------------------------------------------------------------ 
Variable |     Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval] 
---------+-------------------------------------------------------------------- 
 acetone |      23        14.1    3.251755    15.59487    7.356272    20.84373 
aceton~t |      23    53.26957    26.61296    127.6313    -1.92234    108.4615 
---------+-------------------------------------------------------------------- 
    diff |      23   -39.16957    25.52557    122.4164   -92.10637    13.76724 
------------------------------------------------------------------------------ 
     mean(diff) = mean(acetone - acetone_post)                    t =  -1.5345 
 Ho: mean(diff) = 0                              degrees of freedom =       22 
 
 Ha: mean(diff) < 0           Ha: mean(diff) != 0           Ha: mean(diff) > 0 
 Pr(T < t) = 0.0696         Pr(|T| > |t|) = 0.1392          Pr(T > t) = 0.9304 
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7.0 General Discussion and Conclusion 
 
 

The role of urine metabolomics in the detection of colorectal cancer and polyps 

was explored in this thesis project.   

 

Chapter one highlighted the public health concerns of colorectal cancer screening 

in Canada by summarizing the current screening modalities, effectiveness of 

screening, current compliance rates for CRC screening and barriers to effective 

screening.  Some suggestions on overcoming the barriers were given and 

Alberta’s approach to CRC screening was elaborated. 

 

Chapter two provided an up-to-date systematic review of the existing literature on 

the field of metabolomics and CRC in humans.  Eight studies were included and 

the distinguishing metabolites from each study were summarized.  Tissue and 

serum metabolomics were discussed in addition to urine metabolomics. 

 

In chapter three, the methodology of recruitment, specimen processing and data 

analysis were provided in detail.  As well, the technical concepts of NMR were 

discussed. 

 

Chapter four demonstrated that using urine metabolomics and advanced statistical 

analysis, a robust OPLS model could be built to distinguish colonoscopy-negative 

controls from CRC patients with high sensitivity (92.7%).  Using only the top ten 
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metabolites, sensitivity and specificity of 86.6% and 75.5% respectively were 

achieved, suggesting commercialization potential for this test. 

 

Chapter five demonstrated that the urine metabolomic test diagnostics for 

precancerous adenomatous polyps (sensitivity of 89.5% and specificity of 71.8%) 

were far superior to the existing fecal tests.  While the adenomatous polyp stage is 

believed to be an intermediate step between normal colonic epithelium and 

colorectal malignancy, the metabolomic fingerprint for colorectal adenomatous 

polyps was found to be completely different than that of CRC. 

 

In chapter six, advanced statistical models could not show any differences in the 

metabolomic fingerprint of the pre and post-treatment CRC groups, however, 

when analyzed individually, 6 out of 23 CRC patients showed a recovering 

tendency towards normal and 2 of the top 10 CRC-predictive metabolites trended 

towards normal.  

 

7.1 Future Directions 
 
This study is a work in progress.  Work is ongoing to collect urine samples from 

new CRC patients and post-treatment CRC patients to improve the normal vs. 

CRC model and further investigate the changes to the metabolomic fingerprint of 

CRC after curative treatment.    
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The existing data is also being re-analyzed with the samples randomly distributed 

first prior to being assigned to training and testing groups for both the CRC group 

and the adenoma group.  This method will minimize any clinical differences 

between the groups and make the training and testing groups more comparable.   

 

We plan to contact the adenoma patients from this study to obtain another urine 

sample in order to study whether the adenoma fingerprint changes after the polyps 

are removed.  This has implications should the urine metabolomics test proves 

useful as a commercial screening test.  That is, if the urine metabolomic signature 

remains after the polyps are removed, then this would represent an once-in-a-

lifetime test rather than an annual test. 

 

In this thesis, the hyperplastic polyps were visually shown to resemble adenomas 

rather than normals.  This will be further investigated by building normal vs. 

hyperplastic models to see if the metabolite fingerprint of hyperplastic polyps also 

resembles that of adenomatous polyps.  The hyperplastic polyps will also be 

validated against the adenoma model to establish whether the urine metabolomic 

test predicts growths or more specifically adenomatous growth. 

 

Finally the CRC urine metabolomic fingerprint will be validated with the urine 

samples of patients with other types of common adenocarcinomas such as breast 

and prostate to determine whether it is specific enough for CRC or if it is a 

general adenocarcinoma fingerprint .  
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